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Abstract
Background  Severe traumatic brain injury (sTBI) is a leading cause of trauma-related mortality and morbidity in pediatric 
populations. The heterogeneous progression of sTBI presents significant challenges for prognosis and pathophysiological 
investigation, necessitating advances beyond traditional approaches. This study utilized plasma proteomic profiling to iden-
tify sTBI-specific protein alterations and functional pathways correlating with clinical variables in pediatric patients.
Methods  We performed plasma proteomic analysis on 20 matched pairs of pediatric sTBI patients and healthy controls. 
Proximity extension assays quantified 1,472 proteins. Gene set enrichment analysis identified enriched Reactome pathways 
and Gene Ontology terms among differentially expressed proteins. Pathway-clinical variable associations were calculated 
using weighted correlation sums between pathway proteins and clinical variables. Protein-protein interaction networks were 
analyzed using STRING.
Results  Using significance thresholds of FDR-adjusted P < 0.05 and fold change ≥ 4, we identified 65 differentially expressed 
proteins between sTBI samples and controls. Analysis revealed proteins involved in neuroinflammation and upregulated 
pathways related to cytokine and receptor/ligand signaling. Altered protein expression indicated structural and functional 
changes in neurons, glial cells, and vasculature. Upregulated pathways positively correlated with injury severity score, 
hyperglycemia, and coagulopathy, while negatively correlating with vault skull fractures and acidosis. IL-6 emerged as a 
central hub in protein-protein interactions, with distinct clusters representing opsonization, TNF family signaling, amidation, 
neuronal/astrocyte injury, and multifaceted sTBI responses.
Conclusions  These findings identify differentially expressed plasma proteins and enriched signaling pathways associated 
with clinical features, providing novel insights into pediatric sTBI pathophysiology. The identification of IL-6 as a central 
hub protein and the correlation of specific pathways with injury severity, metabolic dysfunction, and coagulopathy suggest 
potential targets for therapeutic intervention and prognostic biomarker development. This proteomic approach advances our 
understanding of the complex molecular cascades underlying pediatric sTBI and may inform precision medicine strategies 
for improved patient outcomes.
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FDR	� False discovery rate
GCS	 �Glasgow coma scale
GFAP	 �Glial fibrillary acidic protein
GO	 �Gene ontology
GSEA	 �Gene set enrichment analysis
ISS	� Injury severity score
HGF	 �Hepatocyte growth factor
IL	� Interleukin
INR	� International normalized ratio
ISS	� Injury severity score
JAK-STAT	 �Janus kinase/signal transducer and activator 

of transcription
KLK6	 �Kallikrein-6
LBP	� Lipopolysaccharide binding protein
LTA	 �Lymphotoxin alpha
MAIS	 �Maximum abbreviated injury scale
MB	� Myoglobin
NEFL	 �Neurofilament light chain
NOS1	 �Nitric oxide synthase 1
NSE	 �Neuron-specific enolase
ORA	 �Over-representation analysis
OSM	 �Oncostatin M
PCA	� Principal component analysis
PEAs	 �Proximity extension assays
PICU	� Pediatric intensive care unit
PRTN3	� Proteinase 3
PTT	� Partial thromboplastin time
PTX3	 �Pentraxin 3
RANKL	 �Receptor activator of NF-κB ligand
RGMA	 �Repulsive guidance molecule A
sTBI	� Severe traumatic brain injury
S100β	 �S100 calcium-binding proteinβ
TAFA5	� TAFA chemokine like family member 5
TIMP1	� Tissue inhibitor of metalloproteinases 1
TNF	� Tumor necrosis factor
TNFSF	� Tumor necrosis factor superfamily
TNNI3	� Troponin I3, cardiac type
VWA1	� Von Willebrand factor A domain-containing 

protein 1
VWC2	� Von Willebrand factor C domain-containing 

protein 2 / Brorin
VWF	� Von Willebrand factor

Introduction

Severe traumatic brain injury (sTBI) represents a lead-
ing cause of mortality in children, accounting for 
two thirds of deaths at a level 1 pediatric trauma cen-
ter between 2009 and 2019 [1]. Surviving patients fre-
quently experience persistent neurological deficits, with 
over half demonstrating functional impairments one-year 

post-rehabilitation [2, 3]. sTBI results from external 
mechanical forces that immediately cause permanent or 
temporary neurological deficits, decreased conscious-
ness, memory loss, and altered mental state [4, 5]. Beyond 
initial structural damage, cellular function becomes fur-
ther compromised through secondary injuries including 
cerebral edema, hemorrhage, and hypoxia [6].

The evolving anatomy of the pediatric brain and skull 
manifests distinct pathological responses with unique 
neurological symptoms compared to adults [7–9]. The 
high plasticity of the pediatric skull and disproportionate 
head-to-body weight ratio increase children’s susceptibil-
ity to external forces affecting both brain parenchyma and 
vasculature. Additionally, reduced myelin abundance and 
distribution result in differential absorption of traumatic 
forces, with increased vulnerability in unmyelinated 
regions. Distinct pathophysiological mechanisms in the 
pediatric brain, arising from developmental differences 
compared to the adult brain, cannot be adequately inves-
tigated through adult proteomic screening alone. The het-
erogeneous progression of sTBI, particularly in pediatric 
populations, presents significant challenges for outcome 
prediction, necessitating comprehensive approaches to 
prognosis and pathophysiological investigation [10, 11].

Blood-based injury biomarkers represent a major 
advancement in sTBI research, utilizing differentially 
abundant molecules to better characterize injury patho-
physiology and disease mechanisms [12–14]. Previ-
ous studies have identified biomarkers associated with 
inflammatory and stress responses, including glial fibril-
lary acidic protein (GFAP), S100 calcium-binding protein 
β (S100β), neuron-specific enolase (NSE), and various 
inflammatory cytokines [12, 15, 16]. However, bio-
marker utility remains limited by uncertainties regarding 
TBI specificity and a lack of comprehensive proteomic 
profiling, with most existing biomarker work focusing 
on single analytes [17, 18]. Furthermore, no single bio-
marker has demonstrated accurate TBI outcome predic-
tion to date [19, 20]. Following severe primary injury, 
increased abundance of neuron- and glial-specific pro-
teins in peripheral blood following blood-brain barrier 
disruption presents opportunities to develop discrete and 
comprehensive protein signatures specific to pediatric 
sTBI [21]. Additionally, cellular damage exacerbated by 
secondary injuries may be reflected through altered blood 
protein biomarker levels [18].

Proteomics enables comprehensive investigation and 
profiling of injury and disease through assessment of 
circulating proteins [13, 22]. Advanced proximity exten-
sion assay (PEA) technology offers high sensitivity and 
specificity for protein quantification, enabling detec-
tion of low-abundance biomarkers with minimal sample 

1 3

   70   Page 2 of 18



Multi-dimensional plasma proteomic profiling elucidates molecular mechanisms and pathophysiological…

volumes, which is particularly advantageous in pediatric 
populations [23–25]. When coupled with bioinformat-
ics and machine learning approaches, proteomic signa-
tures provide insights into distinct signaling pathways, 
enhancing understanding of sTBI-specific mechanisms 
and pathophysiology [12, 14, 22].

This study aimed to identify plasma proteins unique to 
pediatric sTBI patients relative to age- and sex-matched 
healthy controls. Specifically, we sought to: (1) quantify 
differentially expressed proteins (DEPs) between pedi-
atric sTBI and healthy control cohorts using PEAs; (2) 
characterize enriched signaling pathways in sTBI; (3) 
correlate sTBI-specific protein and pathway findings with 
demographic, clinical, and biochemical variables; and (4) 
determine protein-protein interactions linked to specific 
physiological processes.

Methods

Study design and participants

Patients with sTBI were recruited from the Children’s 
Hospital, London Health Sciences Centre (CH-LHSC; 
London, Ontario, Canada), which is the Regional Pedi-
atric Level 1 Trauma Centre for Southwestern Ontario. 
CH-LHSC has a catchment area of 190,000 km2 with a 
pediatric population of greater than 80,000. We included 
20 pediatric patients (age < 18 years) admitted to the Pedi-
atric Intensive Care Unit (PICU) after having sustained a 
sTBI, defined as a pre-sedation GCS score ≤ 8 and Maxi-
mum Abbreviated Injury Scale head (MAIS head) score ≥ 
4 [26–30]. Injury data was obtained from our CH-LHSC’s 
trauma registry, which contains detailed injury, clinical 
and outcome data on severely injured patients as part of 
the Ontario Trauma Registry’s Comprehensive Data Set. 
Age- and sex-matched healthy controls were recruited 
from an outpatient clinic. A convenience sample size was 
employed, as accurate sample size calculations are not 
feasible for large-scale proteomic studies where effect 
size and variance are unknown.

Blood collection and processing

Blood samples for proteomic analyses and routine labo-
ratory testing were collected at day 1 of PICU admission 
while patients received normal saline. Certified nursing 
personnel collected samples into citrate-containing tubes 
(Vacutainers; BD Biosciences, Mississauga, Canada) and 
centrifuged at 1,500×g for 15 min at 4 °C [31, 32]. The 
upper plasma layer was aliquoted into 250 µL portions 

and immediately frozen at − 80 °C. Plasma samples 
remained frozen until analysis, with freeze-thaw cycles 
avoided.

Proximity extension assays (PEA)

Plasma samples were analyzed using PEA (Olink Explore 
1472, Boston, MA) following established protocols [33, 
34]. The PEA process involves three steps: (1) antibody 
binding—antibody pairs tagged with unique DNA oligo-
nucleotides bind specifically to target plasma proteins; (2) 
proximity-induced hybridization and extension, oligonucle-
otides in close proximity hybridize and extend via DNA 
polymerase; and (3) barcode amplification and sequencing, 
extended DNA barcodes are amplified and analyzed using 
next-generation sequencing on the NovaSeq Platform (Illu-
mina Inc., San Diego, CA). Results were reported as relative 
quantification on a log₂ scale of normalized protein expres-
sion (NPX) values. Higher NPX values indicate increased 
protein abundance, with a difference of 1 NPX unit repre-
senting a doubling of protein concentration. Rigorous quality 
control measures for immunoassay performance, detection, 
and hemolysis ensured all patient and control samples were 
suitable for analysis. Samples were assessed for quality by 
automatically identifying outliers in each of the following 
statistical summaries: Sum of Euclidean distance to other 
samples, Kolmogorov-Smirnov test statistic, Mean Pearson 
correlation with other samples, and Hoeffding’s D statistic. 
A sample was classified as an outlier if it failed two or more 
of the four objective statistical summaries.

Patient demographic data and statistical 
analysis

Demographic and clinical variables were collected for sTBI 
patients and included age, weight, sex, etiology, injury 
severity scores, GCS, pupillary findings, hypotension, sur-
gical interventions and outcomes. Clinical outcome was 
assessed on the day of PICU discharge, which was differ-
ent for each patient. The following outcomes were identi-
fied: discharged home, discharged to rehabilitation facility, 
or deceased. Continuous demographic and clinical data 
are reported as medians with interquartile range (IQR) and 
compared to healthy control subjects with Mann Whitney 
U tests. Categorical variables are presented as n (%) and 
compared to healthy control subjects with chi-square tests.

FDR correction has become the standard approach for 
large-scale proteomic studies to control for false positives. 
This method provides an appropriate balance between man-
aging false positive discoveries (approximately 5%) and 
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fitted on the selected features in the fold’s training data and 
evaluated on the selected features in the fold’s test data.

To arrive at just 4 proteins from the original 12, we first 
trained a new GBC on the 12 selected features and then 
evaluated the cumulative relative importance in this new 
classifier. It required only 4 features to account for slightly 
over 90% of the feature importance, which indicates the 
predictive power of these features.

To address potential overfitting given our small sample 
size (n = 40 total) and high-dimensional feature space (1,472 
proteins), we performed comprehensive validation analyses. 
Permutation testing was conducted with 100 independent 
iterations where class labels were randomly shuffled while 
maintaining the feature structure. For each permutation, a 
new GBC was trained using the same 5-fold cross-valida-
tion procedure with Boruta feature selection. Performance 
metrics (accuracy and F1 score) were calculated for both 
the original (correctly labeled) data and each permuted data-
set. Statistical significance was assessed by comparing the 
distribution of permuted performance metrics against the 
observed performance from correctly labeled data using 
permutation-based p-values.

Reactome pathway over-representation analysis

Proteins meeting significance criteria (adjusted P < 0.05, 
fold change ≥ 4) were assessed via Reactome pathway ORA. 
Reactome (package: reactome.db) hierarchically groups 
known molecular reactions, bindings, and modifications 
between proteins. Enrichment analysis utilized the cluster-
Profiler package with identical set size parameters (10–500 
proteins) for pathway testing.

Gene ontology (GO) term over-
representation analysis (ORA)

Up- and down-regulated proteins significant at adjusted 
P < 0.05 and fold change ≥ 4 in the “sTBI vs Healthy” com-
parison were mapped to Entrez gene identifiers for GO 
ORA. Gene Ontologies (package: GO.db v3.20.0) encom-
pass three categories: molecular function (activities of gene 
products), biological process (biological programs involv-
ing multiple molecular activities), and cellular component 
(subcellular locations of gene products). Enrichment anal-
ysis used the clusterProfiler package with minimum and 
maximum set sizes of 10 and 500 proteins, respectively, 
required for GO term testing.

limiting stringency for the purpose of an exploratory study 
compared to more conservative methods like Bonferroni 
correction which may lead to a high rate of false negatives 
and loss of statistical power. Our cutoff fold change ≥ 4 is 
higher than traditional approaches which may limit the 
detection of more subtle changes. However, given our 
selected protein panel, this approach ensures robust detec-
tion of key biomarkers pertaining to pathophysiological 
mechanisms by prioritizing large effect sizes. Additionally, 
a higher fold change cutoff ensures greater reliability for 
proteins with discriminatory potential between healthy and 
sTBI plasma samples by reducing false positives.

Machine learning

The Boruta feature selection method iteratively identifies 
features that are important for predicting the target class. 
It operates by first creating “shadow” features by shuffling 
the values of real features. A classifier is then trained on 
the combined set of real and “shadow” features. The clas-
sifier (in this case, the Gradient Boosting Classifier) returns 
“importance scores” which the Boruta algorithm then uses 
[35]. Each real feature’s importance is compared to the max-
imally important “shadow” feature. Real features that con-
sistently outperform the “shadow” features are marked as 
important; features that do not outperform the correspond-
ing “shadow” features are rejected. This procedure is per-
formed iteratively until all features are accepted or rejected, 
or until a specified number of iterations is achieved. In this 
study, we ran the Boruta algorithm 100 times and collected 
the 12 features that were conserved over all 100 runs.

The Gradient Boosting Classifier (GBC) is a form of 
decision tree classifier which calculates feature importance 
based on “total impurity reduction” achieved by each fea-
ture. In other words, each time a given feature is used to 
split a node in the decision tree, the GBC algorithm evalu-
ates how much that split reduces “impurity”. That is, it 
evaluates the homogeneity of the resulting groups after a 
split: if, after splitting, each group contains mostly (or only) 
samples from a single class, then the split is “pure”. Fea-
ture importance is the sum of the total increase in purity 
that each feature contributes across all splits and trees in the 
ensemble of classifiers.

The performance of the Gradient Boosting Classifier 
(GBC) was evaluated using 5-fold cross-validation (i.e., an 
80/20 train/test split) in conjunction with the Boruta feature 
selection method. For each fold of the data, a fresh GBC was 
instantiated, and the Boruta feature selection method was 
used to identify key features using that fold’s training data. 
Following feature selection, a new GBC was instantiated, 
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among DEPs. The top 50 DEPs, ranked by FDR-adjusted 
P-value, were uploaded to the STRING database. Analysis 
parameters included: full STRING network selection, high 
confidence score threshold (0.7), first shell set to 1 with 
no second shell interactions. Protein clustering employed 
k-means clustering with k = 5 to identify optimal functional 
clusters within the interaction network.

Results

Patient demographics and clinical characteristics

We examined the plasma proteomes of 20 individuals with 
sTBI and 20 age- and sex-matched healthy controls, with 
an average age of 13 and a 10:10 male:female split across 
both cohorts. Demographic and clinical data are presented 
in Fig. 1A. Admission computed tomography (CT) abnor-
malities and laboratory biochemistry values are presented 
in Supplemental Table 1. Principal component analysis 
(PCA) of proteomics data revealed distinct cohort separa-
tion, with healthy controls demonstrating tighter clustering 
while sTBI patients displayed greater variability, indicating 
notable differences in protein abundance between groups 
(Fig.  1B). Healthy controls demonstrate tighter clustering 
across principal component analysis based on NPX values, 
while sTBI patients show greater variability demonstrated 
in a correlation heatmap (Fig. 1C).

Differentially expressed proteins

Comparison between sTBI patients and healthy controls 
using significance thresholds of FDR-adjusted P < 0.05 and 
fold change ≥ 4 identified (Fig.  2A). Figure  2B illustrates 
protein expression levels, with red and blue indicating 
upregulation and downregulation, respectively. sTBI patient 
samples displayed greater protein upregulation compared 
to healthy controls, with detailed fold change, effect size, 
P-values, and adjusted P-values shown in Fig. 2C.

GFAP and TNFSF11 demonstrated the greatest upregu-
lation and downregulation, respectively (Fig.  2A). Addi-
tional notably upregulated proteins included IL-6, IL1RL1, 
VWA1, and NEFL, while TNFSF11 and VWC2 were 
downregulated. Additional DEPs selected based on lowest 
adjusted P-values are depicted in Fig. 3. Using decision tree 
methods and Boruta feature selection, four proteins (VWA1, 
TNFSF11, VWC2, and IL-6) were sufficient to differentiate 
sTBI patients from healthy controls (Supplemental Figs. 2 
and 3).

The GBC model was validated using 5-fold cross-valida-
tion in conjunction with Boruta feature selection. Across all 
folds, the number of Boruta-selected features ranged from 

Functional analysis (GSEA)

GSEA identified Reactome pathways and GO terms enriched 
in DEPs. Rather than using filtered significant proteins, all 
proteins were ordered by significance level and direction of 
change. Pathway significance was assessed based on dis-
proportionate representation of features at the ordered list 
extremes.

Pathway associations

GO and Reactome pathways were further analyzed for 
association with clinical observations, using a graph net-
work approach. The pathways and clinical variables are 
disjoint sets and thus can be represented as nodes in a bipar-
tite graph. The edges in the graph represent the degree of 
association between a pathway and a clinical variable. To 
determine a given pathway’s association with a given clini-
cal variable, the given pathway’s set of implicated proteins 
obtained using GO/Reactome ORA was used as an indica-
tor. For each protein, we evaluated two features: the corre-
lation of the protein value with the clinical variable (using 
Pearson’s correlation coefficient ρ),  and the protein’s rela-
tive importance R in differential expression relative to the 
healthy control group. Taking inspiration from the volcano 
plot, which presents impact (log2 fold change) and sig-
nificance (-log10(adjusted p-value)) in a two-dimensional 
plane, we can combine these two features into a single mea-
sure of the protein’s relative importance:

R =
√

(log2 (fold change))2 + (−log10 (adjusted p-value))2

Then, for each protein the weight w for its association with 
a clinical variable is given by

w = ρ R

When the Pearson’s ρ  was significant for a given protein/
clinical variable pair (with a Pearson’s p-value < 0.05), we 
added an edge to the graph network, representing a connec-
tion between the given pathway (via the protein) and the 
clinical variable (i.e., the nodes in the graph). Comparisons 
that were not significant were not included. By summing 
the edge weights over pathway/clinical variable pairs, we 
obtained a representation of the strength of association 
between the pathway and the clinical variable.

Protein-protein interaction

Protein-protein interactions were analyzed using STRING 
(https://string-db.org/) to identify functional networks 
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Functional analysis and clinical correlation

Functional enrichment analysis was performed to identify 
overrepresented GO terms and Reactome pathways that 
were enriched in DEPs. At a statistical threshold of FDR-
adjusted P < 0.05, there were four enriched GO terms, 
namely “Cytokine activity”, “Receptor ligand activity”, 
“Signaling receptor activator activity” and “Cytokine recep-
tor binding” (Fig. 4). Additional GO pathways are presented 
in Supplemental Table 2. Similarly, three Reactome path-
ways were significantly enriched in proteins associated with 
the “TBI vs. Healthy” contrast, namely “Interleukin-10 
signaling”, “Protein localization”, and “Interleukin-4 and 

13 to 27, with 12 features conserved across all folds. The 
resulting GBC achieved perfect classification performance 
(prediction accuracy = 1.0, F1 score = 1.0), consistent with 
the clear proteomic separation between sTBI patients and 
healthy controls observed across all analytical approaches.

Permutation testing with 100 random label shuffles dem-
onstrated that the model’s perfect classification performance 
significantly exceeded chance. The regular model achieved 
mean accuracy of 1.0000 and mean F1 score of 1.0000, 
whereas permuted models (with shuffled labels) achieved 
mean accuracy of 0.4696 ± 0.1129 and mean F1 score of 
0.4545 ± 0.1142 (both p < 0.0001). These results confirm 
that the observed perfect classification is statistically sig-
nificant and not due to overfitting or chance.

Fig. 1  Pediatric sTBI patient characteristics and plasma proteome 
overview. A Demographic and clinical data for pediatric sTBI patients 
(n = 20) and healthy controls (n = 20). B Principal component analysis 
(PCA) scatterplot of the first two principal components from normal-
ized proteomic data. Colors correspond to study cohorts: sTBI patients 
(green) and healthy controls (blue). Healthy controls demonstrate 
tighter clustering while sTBI patients show greater variability, indicat-

ing notable differences in protein abundance between groups. C Cor-
relation heatmap showing between-sample pairwise Pearson correla-
tions of normalized proteomic data. Individual samples are displayed 
along both axes, with correlation degree indicated by color intensity 
(yellow: higher correlation; purple: lower correlation). Hierarchical 
clustering (Euclidean distance) is shown by dendrograms above and 
left of the heatmap, with relevant sample annotations
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Fig. 2  Differentially expressed proteins in pediatric sTBI plasma. A 
Volcano plot displaying significance (-log₁₀ transformed P-values) 
versus magnitude (log₂ fold change) for all analyzed proteins. Pro-
teins with significantly different expression levels are represented as 
red dots (upregulated) or blue dots (downregulated) in sTBI patients 
compared to healthy controls. Non-significant proteins are shown as 
black dots (representative subsample). Vertical green lines represent 
fold change thresholds (≥ 4-fold), and horizontal orange line represents 
significance threshold (FDR-adjusted P < 0.05). B Heatmap showing 
relative protein intensity per sample compared to average levels across 
all samples. Individual proteins are displayed on the Y-axis and sam-

ples on the X-axis. Red and blue cells correspond to higher and lower 
protein levels, respectively. Analysis includes up to 1,000 features and 
1,000 samples (randomly selected when numbers exceed limits). C 
Table displaying significance values and fold changes for 65 differen-
tially expressed plasma proteins meeting significance criteria. Red text 
indicates upregulated proteins, and blue text indicates downregulated 
proteins in sTBI patients versus controls. Fold change represents the 
ratio of mean protein expression in sTBI vs. controls, and effect size 
refers to Cohen’s d, a standardized measure of the magnitude of differ-
ence between groups
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time (PTT) values showed positive correlations with all 
pathways, except “Protein Localization” for glucose and 
INR. Conversely, all pathways demonstrated negative cor-
relations with vault skull fracture, albumin, arterial pH, and 
base excess, except for “Protein Localization” for arterial 
pH. Motor vehicle crash injuries predominantly showed 
positive pathway correlations, while injuries classified as 
“other” were negatively correlated. Weak but positive asso-
ciations were observed between all pathways and GCS ≤ 6, 
indicating elevated pathway activity with decreased 
consciousness.

Gene set enrichment analysis

GSEA was used to assess the strength and direction of 
activity in enriched GO term/Reactome pathways (Fig. 5). 

Interleukin-13 signaling” (Fig. 4). A comprehensive list of 
statistically significant Reactome pathways is presented in 
Supplemental Table 3. There were no significantly enriched 
pathways in the “TBI (Dead) vs. TBI (Alive)” contrast given 
that no differentially expressed proteins were identified.

Relationships between clinical features of sTBI and 
enriched biological pathways, using pathway-associated 
proteins as indicators, are shown in Fig. 4B. Associations 
between protein pathways and clinical variables were 
determined using a combined measure of a protein’s cor-
relation with a particular variable and its differential expres-
sion within a specific pathway. All pathways demonstrated 
positive correlations with injury severity score (ISS), most 
notably “Signaling Receptor Activator Activity,” “Receptor 
Ligand Activity,” and “Cytokine Activity.” Glucose, inter-
national normalized ratio (INR), and partial thromboplastin 

Fig. 3  Expression profiles of top 
differentially expressed proteins. 
Boxplots display the eight 
most significantly differentially 
expressed proteins in pediatric 
sTBI patients versus healthy 
controls, selected based on lowest 
FDR-adjusted P-values. Y-axis 
represents log₂-transformed 
normalized protein expres-
sion (NPX) values to facilitate 
visualization. Relative expression 
values are non-descriptive and 
do not correspond to absolute 
protein concentrations. Individual 
data points represent individual 
patient samples, with box plots 
showing median, quartiles, and 
range
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Fig. 4  Functional pathway enrichment and clinical correlations. A 
Over-representation analysis (ORA) identifying significantly enriched 
Gene Ontology (GO) terms and Reactome pathways in differentially 
expressed proteins. At FDR-adjusted P < 0.05, four GO terms (“Cyto-
kine activity,” “Receptor ligand activity,” “Signaling receptor activator 
activity,” “Cytokine receptor binding”) and three Reactome pathways 
(“Interleukin-10 signaling,” “Protein localization,” “Interleukin-4 and 
Interleukin-13 signaling”) were significantly enriched in the sTBI 
versus healthy comparison. S = number of differentially expressed 
proteins from our study found in the pathway; N = total number of 
proteins in the pathway; S/N = ratio representing the proportion of 
pathway proteins detected in our dataset; OR = odds ratio, indicating 
the strength of enrichment (values > 1 indicate over-representation); 

q = FDR-adjusted p-value for enrichment significance. B Bipartite net-
work showing pathway-clinical variable associations calculated using 
weighted correlations between pathway proteins and clinical variables. 
Pathways are displayed on the left, clinical features on the right. Edge 
thickness indicates association strength, while edge color represents 
direction and magnitude of association (red: positive correlation; blue: 
negative correlation). Clinical variables include injury severity score 
(ISS), Glasgow Coma Scale (GCS), biochemical parameters, and 
injury characteristics. Node sizes are proportional to the number of 
proteins in the pathway (larger nodes = more proteins). Pathway node 
color indicates biological database source: gray (Gene Ontology) and 
blue (Reactome)
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Reactome pathways related to cellular responses to stimuli, 
interleukin signaling and the immune system were over-rep-
resented in up-regulated proteins, whereas pathways related 
to developmental biology, nervous system development and 
integrin cell surface interactions were over-represented in 
down-regulated proteins (Fig. 5B).

Protein-protein interactions

STRING protein-protein interactions were identified 
amongst the top 50 DEPs according to FDR p-value (Fig. 6). 
IL-6 was identified as the central node, with the subcluster 
“Opsonization” (12 proteins) largely dominating the interac-
tion network. "TNF Family" (5 proteins), "Neuronal/Astro-
cytic Injury" (CALB1, GFAP, and NEFL), "Amidation" 
(CALCA, ADM, and CRH), and "Muscle Pathophysiology" 
(MB, NOS1, and TNNI3) emerged as separate clusters.

  

Discussion

In this study, we analyzed the plasma proteome of pediat-
ric patients with sTBI compared to age- and sex-matched 
healthy controls. At a threshold of FDR-adjusted P < 0.05 
and fold change ≥ 4, we identified 65 DEPs, with four fea-
tures sufficient to differentiate between healthy and injured 
cohorts. Functional enrichment analysis using GSEA identi-
fied 178 GO terms and 29 Reactome pathways significantly 
enriched in DEPs. Pathway-clinical variable associations 
were calculated using weighted correlations between path-
way proteins and clinical variables, revealing pathways cor-
relating with clinical biochemistry, assessments, and injury 
etiology. IL-6 was identified as a central hub protein.

Clinical data revealed a median ISS of 38 and a pre-seda-
tion GCS of 3, two strong indicators of severe trauma [36]. 
This cohort largely consists of patients injured in motor 
vehicle crashes (75%), which are a common cause of sTBI 
[7]. Of the 20 sTBI patients, 14 patients survived with 9 
transferred to a chronic rehabilitation hospital and 5 dis-
charged to their home.

Proteomic signatures and neuroinflammatory 
response

We used PEA for high-throughput protein quantification 
[37] and identified IL-6 and GFAP as the most upregu-
lated proteins in sTBI versus healthy controls, consistent 
with previous TBI associations [38]. The proteomic sig-
nature suggests coordinated inflammatory and structural 
damage responses. IL-6 upregulation triggers acute phase 
responses and lymphocyte activation [39], accompanied by 

A total of 178 GO terms and 29 Reactome pathways were 
significantly enriched. GO terms related to cytosol, nucleus, 
intracellular organelle lumen, and nucleoplasm were over-
represented in up-regulated proteins (Fig. 5A). Conversely, 
terms related to cell adhesion, cell surface and the nervous 
system were over-represented in down-regulated proteins. 

Fig. 5  Gene set enrichment analysis of functional pathways. A Gene 
Ontology (GO) term enrichment analysis identified 178 significantly 
enriched terms. Terms related to cytosol, nucleus, intracellular organ-
elle lumen, and nucleoplasm were over-represented in upregulated 
proteins (red text). Terms related to cell adhesion, cell surface, and 
nervous system were over-represented in downregulated proteins (blue 
text). Dot size represents gene set size, while color intensity indicates 
normalized enrichment score. B Reactome pathway enrichment analy-
sis identified 29 significantly enriched pathways. Pathways related to 
cellular responses to stimuli, interleukin signaling, and immune sys-
tem function were over-represented in upregulated proteins (red text). 
Pathways related to developmental biology, nervous system develop-
ment, and integrin cell surface interactions were over-represented in 
downregulated proteins (blue text)
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to healthy controls suggests structural impairment and cel-
lular damage due to elevated plasma abundance.

Contrary to prior studies linking IL-6 and GFAP to poor 
TBI outcomes [44, 45], we found no significant protein dif-
ferences between deceased (n = 6) and surviving (n = 14) 
sTBI patients. The small sample size and uneven group 

increased IL1RL1 (an IL-33 receptor and adaptive immune 
marker) [40], and decreased TNFSF11 (suggesting reduced 
RANKL-mediated immune signaling) [41]. Additionally, 
upregulation of GFAP (an intermediate filament protein of 
astrocytes) [21, 42] and NEFL (a neurofilament involved in 
axonal growth and stability) [43] in sTBI samples compared 

Fig. 6  Protein-protein interaction network of differentially expressed 
proteins. STRING network analysis of the top 50 differentially 
expressed proteins (ranked by FDR-adjusted P-value) reveals func-
tional protein clusters and interactions. IL-6 serves as the central hub 
connecting multiple inflammatory, immune response, and signaling 
molecules including CCL7, TIMP1, OSM, HGF, PTX3, VWF, CRP, 
LBP, and CSF3. Distinct functional subclusters are identified: [1] 
Opsonization cluster containing CCL23, CCL7, TIMP1, and OSM; [2] 
TNF family cluster with TNFSF10, TNFSF11, TNFSF12, TNFSF14, 
and LTA involved in immune modulation; [3] Amidation cluster 
including CALCA, ADM, and CRH; [4] Multifaceted sTBI responses 
cluster with MB, NOS1, and TNNI3; and [5] Neuronal/glial injury 

cluster containing CALB1, GFAP, and NEFL reflecting neuronal and 
astrocytic damage, neuronal protection, tissue repair, and inflamma-
tion. Network analysis used high confidence interactions (score ≥ 0.7) 
with k-means clustering (k = 5). Solid lines indicate direct evidence 
interactions; dotted lines indicate indirect/predicted interactions. Edge 
colours indicate the source where an interaction is determined, as 
shown in the figure legend. STRING derives confidence based on the 
direct evidence available for an interaction. Interactions determined 
from curated databases and experiments represent high confidence 
interactions due to direct evidence. Lower confidence interactions are 
derived from predicted associations through indirect evidence, such as 
gene neighbourhood and co-occurrence
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patients with vault skull fractures. Patients with skull frac-
tures often experience direct damage to signaling pathway 
cells, disrupting normal ligand-receptor interaction produc-
tion and activity, reducing signaling [54].

Decision tree analysis identified four key proteins dif-
ferentiating healthy and sTBI cohorts. VWA1 demonstrated 
the highest discriminatory importance and functions in 
blood-brain barrier maintenance and vascular stability 
through extracellular matrix stabilization by facilitating 
structural bridging (e.g. collagen and proteoglycan bind-
ing) [55]. VWA1 upregulation likely reflects compensatory 
mechanisms attempting to restore vascular integrity follow-
ing blood-brain barrier breakdown. VWC2 downregulation 
indicates impaired neurogenesis, as this protein facilitates 
neural development and synaptic plasticity by inhibiting 
bone morphogenetic protein 2 (BMP-2), which is critical for 
nervous system development [56]. In pediatric populations, 
VWC2 suppression may compromise ongoing brain matu-
ration processes, including synaptogenesis and myelination, 
potentially contributing to long-term cognitive and devel-
opmental deficits observed following childhood sTBI. The 
prominence of IL-6 and TNFSF11 among discriminatory 
features underscores the central role of neuroinflammatory 
dysregulation in sTBI pathophysiology [39, 57]. IL-6 eleva-
tion reflects activated microglia and astrocytes releasing 
pro-inflammatory mediators that can exacerbate second-
ary brain injury through oxidative stress and excitotoxicity. 
Conversely, TNFSF11 downregulation may indicate dis-
rupted immune regulatory mechanisms through diminished 
RANK ligand signaling, normally responsible for resolving 
inflammation and promoting tissue repair, suggesting a shift 
toward chronic neuroinflammation that impedes recovery.

While our machine learning model achieved perfect 
classification performance (accuracy = 1.0, F1 = 1.0), com-
prehensive validation analyses including permutation test-
ing confirmed this result is statistically significant and not 
due to chance (p < 0.0001 for both metrics). The substantial 
biological separation between sTBI patients and healthy 
controls—evidenced by clear PCA clustering, distinct vol-
cano plot patterns, and enriched pathway signatures—likely 
explains the high discriminatory accuracy. However, we 
emphasize that this machine learning analysis serves as 
supporting evidence consistent with our primary statistical 
and pathway analyses rather than as a standalone predictive 
model.

Brain endothelial dysfunction and vascular disruption

Systemic inflammation in sTBI causes endothelial activation 
and barrier dysfunction, propagating inflammation and cere-
bral edema through increased permeability [51]. Our analy-
sis reveals upregulation of factors involved in endothelial 

distribution may have limited our ability to detect outcome-
associated protein changes.

Pathway enrichment and mechanistic insights

Neuroinflammation following sTBI initially promotes 
repair but contributes to secondary injury propagation 
and neurodegeneration [46]. Our study identified signifi-
cantly enriched pathways suggesting enhanced inflamma-
tory responses, specifically “Cytokine activity,” “Cytokine 
receptor binding,” and “IL-4 and IL-13 signaling.” Increased 
IL-4 and IL-13 activity exacerbates inflammatory responses 
by promoting the JAK-STAT pathway [47, 48]. Reactome 
pathways including “Signaling by interleukins,” “Innate 
immune system,” and “Immune system” indicate immune 
activation and infection response, common sTBI sequelae 
[27]. Conversely, “IL-10 signaling” represents a potent anti-
inflammatory pathway, suggesting physiological counter 
regulation attempting to control excessive neuroinflamma-
tion [49].

Clinical correlations and biomarker potential

Altered pathways demonstrated both positive and negative 
associations with clinical variables. Strong positive corre-
lations existed between ISS and Reactome pathways, par-
ticularly those pertaining to inflammatory activation and 
receptor-ligand activity. Literature suggests correlations 
between ISS and increased inflammatory cytokine produc-
tion, and that cytokine abundance assessment may improve 
TBI outcome and progression prognosis [50]. Positive but 
weaker correlations were observed with GCS scores, poten-
tially due to limited GCS variation among sTBI patients. 
These correlations likely reflect enhanced neuroinflamma-
tory pathways in sTBI contexts, as indicated by decreased 
consciousness [50]. These pathways also demonstrated pos-
itive correlations with glucose, INR, and PTT. Hyperglyce-
mia in TBI is commonly associated with elevated cytokine 
production and endothelial dysfunction [51]. Additionally, 
positive correlations with INR and PTT indicate coagu-
lopathy [52], illustrating consequences of disturbed endo-
thelial cell functions with elevated inflammatory cytokine 
production.

Strong negative correlations occurred with arterial pH 
and base excess, particularly through receptor-ligand and 
cytokine signaling. Our data indicates generally decreased 
pH (median 7.29) and negative base excess (median − 
5.5), indicating blood acid surplus. pH decrease reportedly 
decreases receptor-ligand interactions by affecting proton-
ation states, thus altering binding affinity [53]. In acidic pH 
patients, this may reflect observed negative pathway corre-
lations. Strong negative correlations were also observed in 
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Protein-protein interaction networks

STRING analysis revealed distinct functional subclusters 
among the top 50 DEPs, with IL-6 emerging as the central 
hub reflecting its critical role in coordinating neuroinflam-
matory responses. This network architecture demonstrates 
the interconnected nature of sTBI pathophysiology, where 
inflammatory, structural, and metabolic disruptions cascade 
through multiple biological systems.

The opsonization cluster represents the largest network 
component, reflecting massive activation of innate immune 
responses following sTBI. This process involves tagging of 
cellular debris and foreign particles by opsonins for phago-
cytic clearance [63]. Key opsonins identified include lipo-
polysaccharide binding protein (LBP), C-reactive protein 
(CRP), and pentraxin 3 (PTX3), which directly facilitate 
recognition and elimination of damaged tissue components 
[64–66]. Downstream amplification occurs through pleio-
tropic cytokines including IL-6, oncostatin M (OSM), and 
hepatocyte growth factor (HGF), which coordinate both 
local and systemic inflammatory responses [39, 67, 68]. This 
network includes critical immune modulators: chemokines 
CCL23 and CCL7 facilitate leukocyte recruitment to injury 
sites [69], while CSF3 regulates immune cell production 
and mobilization from bone marrow [70]. Von Willebrand 
factor (vWF) promotes leukocyte extravasation across the 
compromised blood-brain barrier [71] enabling peripheral 
immune cell infiltration that can exacerbate secondary brain 
injury. The presence of TIMP1 and PRTN3 indicates acti-
vation of neutrophil extracellular trap formation (NETosis) 
and degranulation, respectively [72, 73]. While these mech-
anisms serve to eliminate pathogens and debris, excessive 
activation can damage healthy brain tissue through release 
of proteases and reactive oxygen species, contributing to 
secondary injury progression.

The TNF family subcluster reveals complex immune 
regulatory disruption, characterized by downregulation of 
lymphotoxin alpha (LTA) and most TNF superfamily pro-
teins, with TNFSF14 as a notable exception. This pattern 
suggests an attempted shift toward anti-inflammatory states 
following the initial pro-inflammatory burst [57]. However, 
this suppression may impair normal immune resolution 
mechanisms, potentially contributing to delayed recovery 
and increased susceptibility to secondary complications. 
The selective preservation of TNFSF14 expression may 
represent a compensatory mechanism attempting to main-
tain minimal immune surveillance capacity.

The Neuronal/astrocytic injury cluster suggests cellu-
lar damage through release of intracellular structural pro-
teins into peripheral circulation. GFAP and NEFL elevation 
reflects astrocytic and axonal damage, respectively, serving 
as established biomarkers of brain tissue injury [42, 43]. 

dysfunction (IL-6, PRTN3) and vasodilators (CALCA, 
ADM) that may disrupt barrier integrity. Coagulation fac-
tors were also upregulated (VWA1, VWF), likely indicat-
ing endothelial activation preventing bleeding [58]. GSEA 
reveals downregulation of “cell adhesion,” “cell surface,” 
and “integrin cell surface interaction,” indicating vascular 
disruption and altered receptor-ligand interactions among 
other cellular damages. Altered GO/Reactome pathways 
such as “signaling receptor activator activity” and “recep-
tor ligand activity” may contribute to endothelial dysfunc-
tion through neuroinflammation. These pathways positively 
correlate with glucose levels, supporting hyperglycemia’s 
role in endothelial and vascular pathological changes [51]. 
Furthermore, positive correlations with INR and PTT reflect 
coagulation dysfunction, where the endothelium plays a key 
modulatory role [59].

Neuronal and astrocytic disruption

Proteomic analyses reveal significant neuronal and glial 
cell disruption in sTBI patients. NEFL upregulation reflects 
axonal damage, as neurofilaments maintain axonal diameter 
and optimize conduction velocity [60]. GFAP upregulation 
indicates both astrocytic structural damage and reactive 
astrogliosis, with the latter being a complex process involv-
ing astrocytic hypertrophy, proliferation, and scar formation 
that can be either neuroprotective or detrimental to recovery 
[42]. The concurrent elevation of neuronal and astrocytic 
markers demonstrates the multi-cellular nature of sTBI 
pathology, where primary mechanical forces trigger cascad-
ing damage across cell types. Brain homeostasis mediated 
by neuronal-astrocytic interactions is disrupted after sTBI 
and is especially problematic in pediatric populations where 
brain development requires coordinated cellular function 
[9]. These findings support multi-protein panels for compre-
hensively assessing brain tissue damage and guiding thera-
peutic interventions targeting specific cellular pathways.

Enrichment analysis of GO terms/Reactome pathways 
revealed decreased “nervous system development,” “gen-
eration of neurons,” and “developmental biology.” Down-
regulation of ADAM22, a brain-specific cell surface protein 
crucial for synaptic maturation and Schwann cell myelina-
tion [61], aligns with decreased “cell surface” pathway 
activity. We also observed VWC2/brorin downregulation, 
which plays roles in neural development and function [56]. 
Further downregulation of proteins involved in nervous sys-
tem function and structure (RGMA, TAFA5, KLK6) indi-
cates cellular disruption. Pathway analysis suggests notable 
decreases in developmental and neural biology, reflected in 
decreased corticotropin-releasing hormone (CRH) abun-
dance, a stress response hormone involved in neural devel-
opment [62].
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cells, indicating interplay between CNS responses and 
inflammation (e.g. interleukins, TNF family, C-C motif che-
mokine ligands) [84, 85]. Several identified markers origi-
nate from neurons, indicating cellular damage/dysfunction 
(e.g. NEFL, NOS, CALCA) [81, 86, 87], and impaired syn-
aptic function/neural development (e.g. VWC2, CALB1, 
CRH) [56, 88, 89]. Endothelial dysfunction in the blood-
brain barrier is suggested through coagulation factors and 
proteins involved in ECM maintenance, such as VWA1, 
VWF, ADM [80, 90, 91]. Cell-specific proteomic studies 
are necessary to confirm cellular localization and elucidate 
injury mechanisms.

Study limitations

Our study provides comprehensive evaluation of the sTBI 
proteome in pediatric patients; however, several limitations 
must be considered. First, we collected plasma samples 
on day 1 of PICU admission, limiting our ability to track 
protein expression and pathway alteration changes over 
extended periods. Additionally, our data does not account 
for time differences between injury and admission to 
PICU. However, given the severe nature of these injuries 
(e.g. motor vehicle crashes), patients were directly admit-
ted from the ER to the PICU, limiting extensive variability 
between injury date and sample collection time. Second, 
our limited sample size, which was based on convenience 
(n = 20 per cohort), may have contributed to lack of signifi-
cance in protein expression between surviving and deceased 
patients. For example, IL-6 and GFAP have been previously 
associated with poor patient outcomes [44, 45]. While our 
machine learning model demonstrated perfect classification 
between sTBI patients and healthy controls with statistical 
validation via permutation testing, the sample size also lim-
its generalizability and independent validation cohorts are 
required to confirm these findings before clinical deploy-
ment. Third, although our study offers valuable insights 
regarding injury etiology, we did not explicitly match for 
comorbidities, potentially introducing bias as comorbidi-
ties may contribute to altered plasma protein expression. 
Fourth, our study specifically investigated plasma rather 
than cerebrospinal fluid, limiting comprehensive analysis of 
altered sTBI protein expression. Fifth, we did not investi-
gate protein expression in specific cell type contexts, lim-
iting understanding of pathophysiological mechanisms. 
Finally, our study relies on the Olink platform for protein 
quantification (PEA), without orthogonal validation. How-
ever, we employed methodological rigor through multiple 
approaches. The Olink protein panel offers highly specific 
insights into key proteins involved in pathological compo-
nents of sTBI [92], and PEA provides a highly sensitive, 
linear antibody-based approach with high specificity based 

Calbindin-1 (CALB1) upregulation indicates severe dis-
ruption of calcium homeostasis, as this calcium-buffering 
protein is typically sequestered intracellularly to regulate 
calcium levels and prevent excitotoxicity [74]. Its presence 
in circulation suggests widespread cellular membrane dis-
ruption and calcium dysregulation that can propagate neu-
ronal death through excitotoxic mechanisms.

The multifaceted sTBI responses cluster suggests addi-
tional cellular damage through nitric oxide synthase 1 
(NOS1) upregulation, indicating disrupted NO homeostasis 
that affects both vascular function and neurotransmission 
[75]. TNNI3 elevation reflects cardiac involvement second-
ary to massive catecholamine release, a well-established 
consequence of severe brain injury that can lead to neuro-
genic cardiomyopathy [22, 76]. This heightened adrenergic 
state contributes to adverse outcomes through vasoconstric-
tion, increased intracranial pressure, and systemic cardio-
vascular instability [77]. Myoglobin (MB) upregulation 
likely represents a protective response to tissue hypoxia and 
ischemia, as this oxygen-binding protein facilitates cellular 
oxygen delivery under compromised conditions [78]. How-
ever, excessive myoglobin release can also indicate muscle 
damage and poses risks for renal complications, highlight-
ing the complex balance between protective and pathologi-
cal responses in sTBI.

The amidation cluster reflects disrupted neuropep-
tide processing, a critical post-translational modification 
required for full biological activity of various hormones and 
neuropeptides [79]. The presence of CALCA (calcitonin-
related polypeptide alpha), ADM (adrenomedullin), and 
CRH (corticotropin-releasing hormone) demonstrates acti-
vation of diverse neuroendocrine stress responses [62, 80, 
81]. These peptides regulate vascular tone, stress hormone 
release, and neuroprotective signaling, suggesting that ami-
dation pathway activation represents an adaptive mecha-
nism attempting to restore homeostasis through enhanced 
neuropeptide function. However, dysregulated processing 
may impair the effectiveness of these protective responses, 
contributing to prolonged pathophysiological dysfunction 
following sTBI.

Cellular origin of differentially expressed proteins

An important consideration in plasma proteomic stud-
ies is determining the cellular origin of DEPs, improving 
mechanistic understanding of brain-specific and systemic 
responses. While this study does not directly characterize 
cellular source, inferences may be made through current 
literature. We identified intracellular glial-specific markers 
(e.g. GFAP; astrocytes, S100B; astrocytes and oligodendro-
cytes) [82, 83] and several inflammatory markers expressed 
across both peripheral immune cells and activated glial 
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