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A modular transcriptomic signature paired 
with machine learning reveals core immune 
pathways in sepsis diagnosis
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1  Introduction
Sepsis is a severe clinical syndrome characterized by a dysregulated immune response 
to infection, rapidly leading to systemic inflammation, organ dysfunction, and poten-
tially death. Triggered by diverse infectious agents, including bacteria, viruses, fungi, 
and parasites, sepsis remains a critical global health challenge, responsible for significant 
morbidity, mortality, and high healthcare expenditure worldwide [1]. High-risk groups 
include neonates, older adults, immunocompromised individuals, and patients with 
chronic illnesses such as diabetes or cancer [2].

Discover Computing

Abstract
Sepsis remains a leading cause of mortality worldwide, with one in five deaths 
attributed to its rapid and heterogeneous progression. Early diagnosis is hindered 
by the absence of reliable molecular biomarkers. To address this, we developed an 
integrative computational framework that combines supervised machine learning, 
statistical testing, and cross-dataset reproducibility analysis to identify robust 
transcriptomic signatures of sepsis. From 55 experimentally validated sepsis-related 
genes curated from the literature, our pipeline selected a 15-gene diagnostic panel 
achieving consistent high performance across 11 independent gene expression 
omnibus datasets (Matthews Correlation Coefficient = 0.94; AUROC = 0.99). Feature 
ranking revealed four key predictors (CD177, S100A12, S100A8, and GATA3) that 
were repeatedly prioritized across independent datasets. Functional enrichment 
and network analysis further organized these genes into three coherent biological 
modules associated with neutrophil activation, immune suppression, and calgranulin-
mediated inflammatory signaling. Benchmarking against established clinical panels 
confirmed superior accuracy, reproducibility, and interpretability. This study provides 
a reproducible, data-driven framework for biomarker discovery and a biologically 
grounded 15-gene panel for precision diagnostics in sepsis.

Keywords  Sepsis, Gene expression, Machine learning, Random forest, Feature 
importance, Transcriptomics, Biomarker discovery, Pathway enrichment

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s10791-026-09974-2
https://orcid.org/0009-0000-0995-2612
http://orcid.org/0000-0001-9655-7142
http://crossmark.crossref.org/dialog/?doi=10.1007/s10791-026-09974-2&domain=pdf&date_stamp=2026-2-19


Page 2 of 30Johari and Chicco Discover Computing          (2026) 29:107 

The clinical progression of sepsis is driven by a complex interplay between pro-inflam-
matory and anti-inflammatory pathways. In the early stages, an excessive inflammatory 
response causes a surge of cytokines, commonly referred to as a “cytokine storm,” which, 
while aimed at pathogen clearance, simultaneously causes collateral tissue damage. This 
response disrupts endothelial integrity, increasing vascular permeability and leading to 
widespread vascular leakage, tissue hypoxia, and impaired oxygen delivery. These pro-
cesses contribute to microvascular thrombosis and multiorgan dysfunction, affecting the 
cardiovascular, renal, hepatic, neuronal, hormonal, and coagulation systems [3].

As the condition progresses, the immune response often shifts toward immunosup-
pression. This phase is marked by profound lymphocyte depletion, impaired antigen 
presentation, and suppressed cytokine production, rendering patients highly vulner-
able to secondary infections  [4, 5]. Survivors often face long-term complications such 
as fatigue, cognitive impairment, and psychological distress, which reduce quality of life 
and increase healthcare burden [6, 7].

Given that each hour of delayed treatment increases sepsis mortality by approximately 
8% [8], rapid and accurate diagnosis is essential for improving patient outcomes. How-
ever, current diagnostic approaches face major limitations. Commonly used biomarkers, 
such as C-reactive protein  (CRP) and procalcitonin  (PCT), suffer from limited speci-
ficity, while gold-standard methods like blood cultures are time-consuming and often 
yield inconclusive results [9]. The nonspecific and heterogeneous nature of early sepsis 
symptoms further complicates timely recognition. These clinical challenges underscore 
the need for novel diagnostic strategies that are both biologically informed and clinically 
actionable.

Transcriptomic profiling offers a promising alternative by capturing host-derived gene 
expression signatures that reflect sepsis pathophysiology  [10]. Despite the diagnostic 
promise of transcriptomic profiling, prior studies have been hampered by inconsistent 
definitions of sepsis and variable reproducibility across cohorts. A recent scoping review 
of transcriptomic studies in sepsis underscored the growing interest in gene expression-
based biomarkers while also highlighting challenges such as inconsistent terminology, 
lack of reproducibility, and poor alignment between transcriptomic findings and clini-
cal endpoints [11]. These limitations emphasize the need for standardized, biologically 
grounded approaches to biomarker discovery.

Beyond transcriptomics, Recent advances in biomarker discovery have increasingly 
embraced multi-omics integration and systems-level machine learning frameworks [12]. 
Numerous studies demonstrate the versatility of machine learning across diverse bio-
medical modalities, their approaches differ substantially in data type, clinical context, 
and methodological focus. For example, Noor et al.  [13] developed an XGBoost-based 
pipeline to classify liver disease using demographic variables and routine laboratory val-
ues. Their workflow incorporated filter-based feature selection (Chi-square and ANOVA 
F-score), dimensionality reduction (PCA and LDA), and Fisher Score ranking to derive 
an optimized feature set. Almusallam et al.  [14] designed a deep learning model to 
predict RNA 5-methyluridine (m5U) modification sites, integrating hybrid sequence 
encodings and SHAP-based interpretability. Similarly, Khan et al. [15] introduced Deep-
ProBind, a transformer-driven model that leverages protein sequence and structural fea-
tures to identify binding peptides.
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While all studies illustrate the strength of machine learning combined with targeted 
feature engineering, This study presents a reproducibility-focused framework for identi-
fying transcriptomic biomarkers in sepsis, grounded in experimentally curated immune-
related genes. We curated a panel of 55 genes previously validated in sepsis studies and 
assessed their diagnostic relevance across 11 independent, clinically annotated tran-
scriptomic datasets. The analytical pipeline integrates statistical testing, Random For-
est-based feature importance ranking, and correlation filtering to select robust gene 
markers. To support biological interpretability, selected features were further evaluated 
using pathway enrichment and protein–protein interaction analyses. This design draws 
inspiration from ensemble-based strategies that identify reproducible gene signatures 
across diseases using multi-cohort transcriptomic data [16, 17]. Benchmarking against 
established transcriptomic signatures confirmed superior diagnostic performance and 
clearer mechanistic relevance. This integrative and multi-cohort strategy provides a 
scalable foundation for translational biomarker discovery in sepsis and related immune 
disorders.

2  Data and methods
2.1  Gene selection and literature review

We curated a panel of genes implicated in sepsis pathophysiology through an exten-
sive review of the biomedical literature  (step a in Fig. 1), prioritizing those repeatedly 
validated across independent clinical or experimental cohorts. To minimize study-
specific bias during the literature curation stage, genes were included only if they were 

Fig. 1  Overview of the analytical pipeline used in this study. (a) Experimentally validated gene signatures were 
collected from literature. (b) Public transcriptomic datasets were selected from GEO. (c-d) Both machine learning 
models and statistical tests were applied to identify differentially expressed genes. (e) Top genes were selected 
based on overlap and ranking. (f-g) Functional annotation was conducted using STRING and g:Profiler g:GOSt to 
explore interactions and pathway enrichment. (h) Classification performance was validated, and genes were clus-
tered based on biological relevance. (i) Benchmarking against reference panels
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supported by independent experimental evidence across multiple studies or cohorts, 
rather than originating from a single dataset or publication. Priority was given to bio-
markers validated using quantitative assays (such as RT-qPCR, ELISA, or Western blot) 
and/or functional perturbation studies in animal or cellular models. To maintain transla-
tional relevance, we excluded genes lacking experimental support, such as those identi-
fied solely through in silico predictions.

Each candidate gene was annotated using official gene symbols and aliases from the 
GeneCards database  [18], ensuring consistent nomenclature and preventing redun-
dancy due to alternative naming conventions. The resulting panel comprised 55 genes 
supported by experimental evidence and linked to immune dysregulation in sepsis. 
Although this panel includes genes participating in overlapping immune pathways, such 
redundancy was intentionally retained at this stage to allow data-driven prioritization 
and identification of the most stable and informative markers during subsequent multi-
cohort statistical and machine-learning analyses.

To enhance interpretability, we grouped these selected genes into five functional cat-
egories based on annotations from GeneCards, the Kyoto Encyclopedia of Genes and 
Genomes (KEGG) [19], and the Gene Ontology (GO) resource [20–22].

These categories reflect major molecular components of the host response to infec-
tion and highlight key hallmarks of sepsis, including excessive inflammation, immune 
suppression, vascular injury, and disrupted intracellular signaling, which are summa-
rized in  Table 1. This biologically grounded gene panel served as the foundation for 
subsequent statistical analysis, machine learning modeling, and functional enrichment 
workflows [23–52].

2.2  GEO search and data preprocessing

We systematically retrieved sepsis-related transcriptomic datasets from the Gene 
Expression Omnibus (GEO) (step b in Fig. 1) [53] to ensure broad coverage and repro-
ducibility across independent studies. Datasets were included if they met the following 
criteria: (First) explicit annotation of sepsis or septic shock cases and corresponding 
healthy or non-septic controls in their metadata; (Second) availability of raw or normal-
ized gene expression data encompassing the 55 genes of our curated panel; and (Third) a 
minimum sample size of 30 to ensure adequate statistical power.

In total, 14 datasets satisfied these criteria. Of these, 11 independent cohorts were used 
for model training and gene prioritization, while 3 additional datasets were reserved 
exclusively for external validation of biological relevance and diagnostic performance.

Table 1  Curated sepsis-related gene signature categorized by biological pathways (gene symbols 
from GeneCards)
Pathway Genes
Innate immune activation and inflammation TNF, IL1B, IL6, IFNG, CXCL8, CXCL10, S100A8, 

S100A9, S100A12, TREM1, CCR2, CCL2, FCGR1A, 
TLR2, TLR4, CD14, MYD88, NLRP3, P2RX7, LBP, 
HMGB1, OLFM4, LCN2, IFNA1, IFNA2, IFNB1, ITGAM

Adaptive immune suppression and apoptosis IL10, IL1R2, PDCD1, BCL2, SOCS3, HLA-DRA, 
TNFSF10, CCR7, CCL19, ARG1

Complement and coagulation pathways C3AR1, C5AR1, CRP, ELANE, PTX3

Endothelial dysfunction and vascular response ICAM1, VCAM1, CX3CR1, CALCA, PLAUR, MMP8, 
MMP9, CD177

Transcriptional regulation and signaling pathways MAPK14, NOTCH1, HIF1A, LCN2, GATA3



Page 5 of 30Johari and Chicco Discover Computing          (2026) 29:107 

All preprocessing and analytical steps were performed using the R programming lan-
guage  (version 4.4.2). The study includes both bulk RNA-seq and microarray datasets, 
which required platform-specific preprocessing. Raw RNA-seq datasets were normal-
ized using the DESeq2 package with variance stabilizing transformation  (VST)  [67], 
while microarray datasets were normalized using the limma package [68]. Batch effect 
correction was applied using the ComBat algorithm from the sva R package when 
applicable, strictly within individual datasets, to address known technical batches, and 
never across different cohorts or platforms  [69, 70]. Importantly, analyses were kept 
strictly separate at the dataset and platform level, and no joint normalization or merg-
ing of RNA-seq and microarray expression matrices was performed. Datasets that were 
already normalized by the original authors were utilized without additional transfor-
mation. For datasets containing multiple sampling time points, we selected the earliest 
available sample to capture early transcriptional responses relevant to sepsis onset. If 
explicit time-point metadata were unavailable, all available samples were included.

A summary of the selected datasets, including their experimental platforms, sample 
sizes, and normalization methods used for model training is provided in Table 2a and for 
external validation is provided in Table 2b.

To account for heterogeneity across cohorts, each dataset was analyzed indepen-
dently throughout preprocessing, modeling, and evaluation. Raw expression matrices 
were not merged across studies, thereby avoiding artificial cross-study batch effects and 
preserving dataset-specific biological and clinical context. Differences in biospecimen 
type (whole blood, leukocyte-enriched samples, or peripheral blood mononuclear cells), 
transcriptomic platform (RNA-seq or microarray), and sampling protocols are explicitly 
reported in Table 2a, b and may contribute to variation in effect sizes across cohorts.

Regarding clinical definitions, most publicly available GEO datasets provide only 
binary case labels (“sepsis” versus “control”) without detailed annotation of diagnostic 
criteria (such as, Sepsis-2, Sepsis-3, or institution-specific definitions). We therefore 

Table 2  Overview of datasets used in this study. (A) Training and gene selection cohorts. (B) External 
validation cohorts
(a) Datasets used for model training and gene selection
Dataset Platform #Samples Sample type, normalization, source
GSE185263 RNA-seq, Illumina HiSeq 2500 392 Whole blood, DESeq2 [54]

GSE65682 MA, Affymetrix U219 234 Whole blood, RMA [55]

GSE236713-D1 MA, Agilent SurePrint G3 8×60K 155 Leukocytes, 75th Pctl norm [56]

GSE131761 MA, Agilent Whole Genome 4×44K 96 Whole blood, limma [57]

GSE54514 MA, Illumina HumanHT-12 v3.0 71 Whole blood, BRB-ArrayTools [58]

GSE154918 RNA-seq, Illumina HiSeq 4000 79 Peripheral blood, DESeq2 [59]

GSE96063-T0 MA, Affymetrix Human Gene 2.1 ST 52 Peripheral blood, RMA

GSE57065_hr0 MA, Affymetrix Genome U133 Plus 2.0 53 Leukocytes, RMA [60]

GSE100159 MA, Illumina HumanWG-6 v3.0 45 Whole blood, limma [61]

GSE243217 RNA-seq, MGISEQ-2000RS 37 PBMCs, DESeq2 [62]

GSE28750 MA, Affymetrix U133 Plus 2.0 30 Whole blood, RMA [63]

(B) Datasets used for external validation
Dataset Platform #Samples Sample type, Normalization, 

Source
GSE69528 MA, Illumina HumanHT-12 v4.0 112 Whole blood, Quantile + log2 [64]

GSE60424 RNA-seq, Illumina HiScanSQ 49 Whole blood, DESeq2 [65]

GSE63311 RNA-seq, Illumina Genome Analyzer IIx 49 Whole blood, DESeq2 [66]
When multiple time points were available, only the earliest was analyzed (D1 = Day 1, T0 = emergency admission, hr0 = 
within 30 min of shock). PBMCs: peripheral blood mononuclear cells. RMA: robust multi-array average. MA: microarray
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retained the original classifications as reported by the dataset authors and treated this 
variability as an inherent characteristic of real-world sepsis cohorts. While such differ-
ences may introduce clinical heterogeneity, they also enable assessment of the robustness 
and reproducibility of the proposed 15-gene signature across diverse clinical contexts.

All dataset accession numbers, preprocessing steps, and analysis scripts are fully docu-
mented and publicly available. To ensure reproducibility, all code used for data prepro-
cessing, statistical analysis, machine learning, benchmarking, and visualization is openly 
accessible at our GitHub repository (Software code availability section).

2.3  Machine learning-driven identification of diagnostic genes

We employed supervised machine learning using Random Forest (RF) classifiers to per-
form binary classification (step c of Fig. 1), distinguishing sepsis patients from healthy 
or non-septic controls based on their gene expression profiles [71]. Random Forest was 
selected due to its proven effectiveness in sepsis-related computational studies for both 
classification and feature selection [72, 73]. In addition to its demonstrated performance 
in prior sepsis studies, Random Forest is particularly well suited for medium-sized, high-
dimensional transcriptomic data, as it can model nonlinear relationships, accommodate 
correlated predictors, and remain robust to noise. Importantly, RF provides stable fea-
ture-importance estimates, which are essential for downstream biological interpretation 
and gene prioritization in this study.

Each of the 11 training datasets was analyzed independently using the curated 
panel of 55 genes. To obtain reliable and unbiased estimates of model performance, 
we conducted 100 independent iterations per dataset, each involving a randomized, 
stratified 80%/20% train–test split to preserve class proportions. Random Forest clas-
sifiers were built using the following hyperparameters: the number of trees (ntree 
= 100) and the number of variables randomly sampled as candidates at each split (mtry 
= ⌊

√
number of features⌋). The trees were grown fully until terminal node purity, with 

no explicit restriction on maximum depth. These hyperparameter values correspond to 
widely adopted defaults for Random Forest models applied to high-dimensional biologi-
cal data and provide a well-established balance between bias, variance, and computa-
tional efficiency. Exploratory analyses using larger numbers of trees (ntree = 500) and 
alternative mtry values resulted in negligible changes in diagnostic performance, with 
average AUROC and MCC differences below 0.01 across datasets. Given the known 
robustness of Random Forest models to modest hyperparameter variation, the default 
configuration was retained to maximize reproducibility and comparability across 
cohorts.

To address class imbalance during model training, we applied the Synthetic Minority 
Over-sampling Technique (SMOTE) [74], configured with (K = 5) nearest neighbors. For 
each repeated stratified 80%/20% split, we first partitioned samples into training and test 
sets, and applied SMOTE exclusively to the training data. The minority class was overs-
ampled with duplication size dynamically adjusted to match class proportions, while 
test sets remained untouched to prevent information leakage. To assess the impact of 
SMOTE on classification performance, we repeated the analysis without oversampling 
using class-weighted Random Forest models. AUROC and MCC values changed only 
marginally, indicating that SMOTE primarily improved minority-class calibration rather 
than artificially inflating predictive performance.
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Feature importance was evaluated using the Mean Decrease in Gini impurity from 
the Random Forest (RF) model and further validated through a Leave-One-Feature-
Out ablation analysis  [75]. Additionally, to assess model robustness, controlled ran-
dom noise (ranging from 10 to 50%) was introduced into the gene expression data to 
evaluate its impact on performance, measured by the Matthews Correlation Coefficient 
(MCC) [76–78].

Finally, we computed the average performance across iterations using standard clas-
sification metrics: accuracy, sensitivity (True Positive Rate, TPR), specificity (True Neg-
ative Rate, TNR), precision (Positive Predictive Value, PPV), negative predictive value 
(NPV), F1-score, area under the ROC curve (AUROC), and MCC. These complemen-
tary metrics provided a robust and comprehensive evaluation of diagnostic performance 
across heterogeneous cohorts.

2.4  Statistical analysis of diagnostic gene significance

To evaluate the statistical significance and predictive relevance of genes in our curated 
panel, we employed complementary nonparametric and correlation-based ana-
lyzes (step d of Fig. 1). The Mann–Whitney U test (Wilcoxon rank-sum test) [79, 80] was 
applied to compare gene expression levels between sepsis and control samples across the 
11 training datasets, with adjustments for multiple testing using the Benjamini–Hoch-
berg (BH) procedure to control the false discovery rate (FDR) [81]. Statistical significance 
was assessed exclusively using BH-adjusted p values. Following recent recommenda-
tions by Benjamin et al. [82], we adopted a more stringent significance threshold (p value 
< 0.005 rather than the traditional p value < 0.05) to minimize false-positive findings 
and improve reproducibility. To quantify the magnitude and direction of differential 
expression, Cliff ’s delta effect size was calculated for each gene  [83]. We report effect 
sizes alongside BH-adjusted p values to support biological interpretation, but we do not 
use them as independent ranking criteria; instead, we base final gene prioritization on 
cross-dataset reproducibility and machine-learning-based importance measures.

We assessed the consistency between the statistical significance rankings and machine 
learning-based feature importance scores using Spearman’s  (ρ) rank correlation coef-
ficient  [84] and Kendall distance  (τ )  [85]. Spearman’s correlation evaluates monotonic 
relationships, while Kendall distance quantifies pairwise concordance between rankings. 
Additionally, we employed bootstrapping  (with one thousand resamples) to estimate 
robust confidence intervals for Spearman’s correlation, ensuring the stability and reli-
ability of our results [86].

This multi-level framework enabled a rigorous comparison between statistical and 
machine learning indicators of gene relevance across heterogeneous datasets.

2.5  Integrated gene prioritization combining machine learning and statistical evidence

To identify robust and reproducible diagnostic genes, we integrated complementary 
evidence from statistical testing and machine learning-based feature evaluation (step e 
of Fig. 1). Specifically, we combined the results of the Mann–Whitney U test with Ben-
jamini–Hochberg correction and Random Forest-derived feature importance scores 
based on the mean decrease in Gini impurity. For each of the 11 training datasets, genes 
were independently ranked by adjusted p values and by Random Forest importance 
scores. All rankings and model evaluations were performed independently within each 
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dataset, and no pooled or cross-dataset modeling was conducted, thereby preventing 
sample-size imbalances from disproportionately influencing gene prioritization.

Genes falling within the top 25% in both rankings were considered high-confidence 
candidates, ensuring stringent selection criteria and enhanced reproducibility. We 
defined this top 25% threshold as the top 14 out of 55 genes per method per dataset. 
Genes that appeared in the intersection of both rankings within a dataset were retained 
as jointly prioritized. To ensure consistency across cohorts, we then computed how 
many times each gene was jointly prioritized across all 11 datasets. Genes that satisfied 
this criterion in at least 7 datasets were selected for inclusion in the final panel. This 
cross-dataset recurrence threshold balances reproducibility with biological diversity and 
prevents overfitting to cohort-specific signals. Importantly, genes showing inconsistent 
behavior (such as ranking highly in only one or two datasets or demonstrating conflict-
ing importance trends) were excluded from the final panel.

To visualize and validate the agreement between statistical and machine learning 
rankings, we generated Venn diagrams displaying the intersecting sets of top-ranked 
genes [87]. Genes consistently identified by both analytical methods were prioritized for 
subsequent functional enrichment and biological interpretation, forming the final diag-
nostic gene set used in downstream analyzes.

2.6  Benchmarking against established reference panels

To contextualize the diagnostic performance of the proposed 15-gene panel, we 
benchmarked it against three widely cited sepsis gene signatures: the SeptiCyte LAB 
panel  (PLA2G7, CEACAM4, LAMP1, PLAC8)  [88], the Stanford 11-gene panel  [89], 
and the FAIM3/PLAC8 ratio [90]. These comparators collectively represent commercial, 
academic, and minimal-gene diagnostic strategies.

We benchmarked all comparator signatures across six independent datasets. For each 
dataset, we extracted expression values corresponding to the comparator gene panels 
and evaluated them using the same supervised learning framework applied to our pro-
posed signature, thereby ensuring methodological consistency across models.

Specifically, We applied identical preprocessing procedures to all comparator panels, 
mirroring those used for our signature: DESeq2 variance-stabilizing transformation for 
RNA-seq data, limma normalization for microarray datasets, and ComBat correction for 
batch effects when necessary. We also addressed class imbalance using the same strat-
egy as in the primary analysis, restricting any oversampling or weighting to the training 
partition to prevent information leakage. These precautions ensured that performance 
differences reflected the true diagnostic value of each gene panel rather than disparities 
in preprocessing, modeling, or validation.

For comparator signatures containing FAIM3/PLAC8, benchmarking was performed 
only in datasets where both genes were available. In datasets lacking FAIM3, models 
were not trained, as evaluating a two-gene signature with a single remaining gene would 
not constitute a meaningful or fair comparison. This constraint reflects platform-depen-
dent gene availability rather than a limitation of the benchmarking framework.

Model performance was quantified using multiple metrics, including the Matthews 
Correlation Coefficient (MCC), area under the ROC curve (AUROC), F1-score, sensitiv-
ity, specificity, and precision. MCC was emphasized as the primary indicator due to its 
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robustness in class-imbalanced conditions and superior interpretability for binary clas-
sification tasks.

2.7  Protein–protein interaction network and cluster analysis

To investigate the functional relationships among the prioritized genes, we con-
structed a Protein–Protein Interaction (PPI) network using the STRING database ver-
sion 12.0 (step f of Fig. 1) [91]. Only high-confidence interactions (combined interaction 
score ≥ 0.7) were included to ensure biological reliability and minimize false-positive 
associations, following best practices established in previous network-based studies [16].

Functional modules within the PPI network were identified using the Markov Clus-
ter Algorithm (MCL) [92], selected for its ability to detect densely connected subgraphs 
based on network topology. Each resulting cluster was interpreted as a putative co-func-
tional gene module reflecting a specific aspect of the sepsis response.

To assess the diagnostic relevance and generalizability of these clusters, we evaluated 
each module using the three external validation datasets listed in Table 2b. Random For-
est classifiers were trained independently for each cluster to test whether its constituent 
genes could discriminate sepsis from controls, thereby confirming their predictive and 
biological robustness across independent cohorts.

2.8  Functional enrichment and pathway specificity scoring

To elucidate the biological processes and pathways significantly associated with our 
selected diagnostic gene set  [93], we performed functional enrichment analysis using 
g:GOSt, part of the g:Profiler suite version e112_eg59_p19_25aa4782  (step  g of  Fig. 
1)  [94]. Enrichment was evaluated across Gene Ontology  (GO) biological processes, 
KEGG pathways, and Reactome terms. Significantly enriched pathways were defined as 
those with an adjusted p value < 0.005.

Following statistical enrichment, pathway terms were subjected to a structured, liter-
ature-guided relevance assessment to support biological interpretation. For each path-
way, we performed manual review based on published experimental and clinical studies 
documenting its involvement in sepsis immunopathology. We then assigned relevance 
scores using predefined criteria: +1 for direct implication in sepsis mechanisms, +0.5 for 
general molecular relevance, and −1 for pathways lacking a clear disease association. We 
applied this scoring framework consistently across enrichment results for both the initial 
55-gene panel and the refined 15-gene signature. Importantly, these scores supported 
interpretive comparison only and were not used for feature selection.

3  Results
3.1  Literature-based diagnostic gene panel

A 55-gene diagnostic panel was curated through an extensive review of the biomedical 
literature, prioritizing genes that were experimentally validated and consistently asso-
ciated with sepsis across independent studies. For biological interpretability, each gene 
was annotated using GeneCards, KEGG, and Gene Ontology (GO) resources, and sub-
sequently assigned to one or more of five major functional categories (Table 1).

Several genes exhibited pleiotropic functions and were therefore classified into mul-
tiple categories. For example, IL10 contributes to both cytokine regulation and immune 
suppression, while MAPK14 participates in transcriptional control and stress-response 
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signaling. The largest functional group, Innate Immune Activation and Inflammation, 
encompassed a wide range of molecular types: pro-inflammatory cytokines (TNF, IL1B, 
IL6), chemokines (CXCL8, CXCL10), calgranulins (S100A8, S100A9, S100A12), pattern-
recognition receptors  (TLR2, TLR4, MYD88, CD14, HMGB1), and neutrophil-associ-
ated effectors (OLFM4, LCN2, ITGAM).

The curated panel integrates genes spanning innate immune activation, inflammation, 
and immunoregulation, reflecting the multifaceted nature of sepsis pathophysiology.

3.2  Machine learning-based gene prioritization

Random forest  (RF) classifiers achieved consistently strong performance across the 11 
independent sepsis datasets, confirming the robustness of gene expression-based clas-
sification for early sepsis detection. Average performance metrics were high for all indi-
cators, with mean Matthews Correlation Coefficient (MCC) = 0.94, F1-score = 0.97, and 
AUROC = 0.99  (Table 3). These results demonstrate reliable discrimination between 
sepsis and control samples across diverse experimental platforms and cohorts.

We conducted explicit negative control analyses to rule out overfitting, including ran-
dom permutation of class labels and controlled perturbation of feature noise. In both 
cases, classification performance declined rapidly and systematically, confirming that 
model accuracy relied on true biological signal rather than spurious associations.

By applying the Random Forest model independently to each dataset, we directly 
assessed classification stability across cohorts. Diagnostic performance remained high in 
most datasets (AUROC and MCC > 0.90), demonstrating robust discrimination despite 
transcriptomic heterogeneity. Only one dataset (GSE54514) showed a relative perfor-
mance decline, with MCC dropping to approximately 0.64, although AUROC remained 
high at around 0.88.

The lower MCC observed in GSE54514 likely reflects cohort-specific biological and 
technical characteristics rather than a general limitation of the classification framework. 
In this dataset, feature-importance analysis revealed a partially different composition of 
top-ranking genes, with increased contribution from transcripts such as CD14, MYD88, 
and HIF1A, which were not consistently among the top features in most other cohorts. 
This indicates that, while sepsis-related signal remains detectable, the relative weighting 
of immune pathways distinguishing sepsis from controls varies across studies. Such vari-
ability may arise from differences in transcriptomic platform, preprocessing pipelines 
(including the use of BRB-ArrayTools), infection sources, or underlying patient immune 
states, all of which can influence gene-expression distributions and feature rankings in 
whole-blood datasets. These cohort-specific effects primarily impact class-balance-sen-
sitive metrics such as MCC, whereas overall discrimination, as measured by AUROC, 
remains high. Importantly, an MCC value of approximately 0.64 still represents a sub-
stantial positive association between predicted and true class labels within the bounded 

Table 3  Average performance metrics of Random Forest classification across 11 sepsis datasets
MCC F1-score AUROC TPR TNR PPV NPV

Mean 0.938 0.971 0.987 0.965 0.970 0.982 0.959

SD 0.068 0.034 0.011 0.052 0.036 0.018 0.056
Values are reported as mean ± standard deviation for Matthews correlation coefficient  (MCC), F1-score, area under the 
receiver operating characteristic curve  (AUROC), true positive rate  (TPR), true negative rate  (TNR), positive predictive 
value (PPV), and negative predictive value (NPV). All metrics range from 0 to 1, except MCC (−1 to +1)
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interval [−1, +1], indicating meaningful diagnostic performance rather than model 
failure.

Feature importance analysis based on the mean decrease in Gini impurity identi-
fied a consistent subset of highly informative genes. Across datasets, the top ten fea-
tures–CD177, S100A12, S100A8, GATA3, ARG1, MAPK14, S100A9, IL10, MMP9, and 
SOCS3–emerged as the most predictive, representing key regulators of immune activa-
tion, inflammation, and cellular stress responses.

To further evaluate the stability of gene prioritization, we performed an independent 
Leave-One-Feature-Out (LOFO) ablation analysis, quantifying the change in classifica-
tion performance after the removal of each gene. Several of the top fifteen LOFO-ranked 
genes overlapped with the Gini-based consensus, while others such as TNFSF10, HIF1A, 
CX3CR1, and TLR2/4 were uniquely highlighted by LOFO as context-dependent con-
tributors to model accuracy. Notably, these genes ranked between positions 15 and 30 
in Gini or Mann–Whitney orderings, suggesting that they exert combinatorial effects 
rather than strong individual influence.

This comparison underscores the complementary nature of the two selection strate-
gies: Gini importance favors genes that independently reduce classification error across 
decision trees, whereas LOFO identifies genes essential for maintaining predictive 
accuracy in the presence of others. Together, these analyses reveal both dominant and 
cooperative features within the diagnostic landscape, reinforcing the value of combining 
multiple selection approaches for robust biomarker discovery.

When discrepancies were observed between Mean Decrease in Gini importance and 
LOFO rankings, final prioritization favored genes demonstrating consistent, cross-
dataset reproducibility in Gini importance combined with statistical evidence from dif-
ferential expression testing. This decision reflects the fact that Gini importance, when 
averaged across hundreds of trees and repeated stratified iterations, provides a global 
and stable measure of feature relevance, whereas LOFO performance drops can be more 
sensitive to dataset size, local correlations among predictors, or context-specific inter-
actions. LOFO was therefore retained as a complementary validation layer rather than 
a decisive selection criterion. Genes ranked highly by both Gini and LOFO were con-
sidered the most robust contributors, while genes showing divergent or unstable LOFO 
effects across cohorts were interpreted as potentially context-dependent and excluded 
from the final 15-gene panel.

3.3  Statistical validation of differential gene expression

The Mann–Whitney U test identified several genes as significantly differentially 
expressed between sepsis and control groups  (adjusted p value < 0.005). Consistently 
significant genes across datasets included CD177, S100A12, S100A8, GATA3, ARG1, 
MAPK14, S100A9, SOCS3, IL1R2, and MMP8, many of which also ranked among the 
top features in the Random Forest analyses, reinforcing their diagnostic relevance (Fig. 
2).

Most of these genes, such as CD177, S100A8, S100A9, and S100A12 were markedly 
upregulated in sepsis samples, whereas GATA3 and BCL2 were consistently down-
regulated across multiple datasets. The magnitude and direction of these expression 
changes were quantified using Cliff ’s delta effect sizes, confirming strong discriminatory 
potential for these key genes. Correlation analyses comparing statistical and machine 
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learning-based rankings demonstrated strong agreement, with mean Spearman’s rank 
correlation (ρ = 0.91) and Kendall’s tau distance (τ = 0.76) across all 11 datasets. Boot-
strapping with one thousand resamples confirmed the robustness of these correlations 
and the stability of gene prioritization across heterogeneous cohorts (Figs. 3, 4).

Figure 5 illustrates the strong concordance between Mann–Whitney-based and 
Random Forest-based gene rankings, while Fig. 4 visualizes the expression patterns in 
dataset GSE185263  [54]. Genes positioned toward the upper extremes of the volcano 

Fig. 3  Top 20 gene importances derived from Random Forest classification on dataset GSE185263 (SMOTE-bal-
anced) [54]. Importance reflects the mean decrease in Gini index across 100 stratified resamples; error bars denote 
± 1 standard deviation. Genes are colored by average importance  (viridis scale). This ensemble evaluation en-
hances robustness and mitigates sampling bias

 

Fig. 2  Boxplots of top-ranked genes from the Mann–Whitney U test in dataset GSE65682 [55]. Genes shown were 
significantly differentially expressed between sepsis patients and healthy controls  (adjusted p value < 0.005). 
CD177, S100A12, S100A8, and IL1R2 were upregulated; GATA3 and BCL2 were downregulated, reflecting distinct 
immune-dysregulation. Suffixes like “.1” or “.2” denote different microarray probes for the same gene
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plot  (combining large effect sizes and high statistical significance) represent the most 
robust diagnostic biomarkers of sepsis.

3.4  Consensus selection of core diagnostic genes

To identify the most robust diagnostic biomarkers, we integrated gene rankings 
obtained from both the Random Forest feature importance analysis and the Mann–
Whitney U test across all 11 datasets. Genes that consistently appeared within the top 
quartile of both ranking methods were considered highly reliable candidates. This con-
sensus strategy yielded a reproducible 15-gene panel comprising S100A12, S100A9, 
S100A8, ITGAM, CD177, FCGR1A, C3AR1, IL10, IL1R2, GATA3, SOCS3, MAPK14, 
MMP9, BCL2, and ARG1. Their recurrent prominence across independent datasets and 

Fig. 5  Scatter plot comparing gene rankings from the Mann–Whitney U test  (x-axis) and Random Forest Gini 
importance (y-axis) for dataset GSE65682 [55]. Each dot represents a gene, colored by absolute rank difference. The 
black line indicates perfect agreement; the red dashed line shows the regression fit with a 95% confidence interval. 
Spearman’s ρ = 0.854 and Kendall’s τ = 0.7 indicate strong concordance between methods

 

Fig. 4  Volcano plot of gene expression in dataset GSE185263  [54]. The x-axis shows Cliff’s delta; the y-axis 
shows − log10 of BH-adjusted p values from Mann–Whitney U tests. Dashed lines indicate thresholds for effect 
size (|δ| ≥ 0.4) and significance (p < 0.005). Red dots are highly significant genes, blue are significant with lower 
effect sizes, and gray are non-significant. Genes on the right are upregulated; those on the left are downregulated
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complementary analytical approaches indicates a shared biological signature strongly 
associated with immune modulation and inflammatory signaling in sepsis.

Subsequent analyses explore the functional relationships among these genes through 
Protein–Protein Interaction  (PPI) network analysis, providing a systems-level view of 
their coordinated roles in sepsis pathophysiology.

3.5  Diagnostic performance benchmarking

Across six independent datasets, the proposed 15-gene panel consistently outperformed 
all reference signatures, achieving higher Matthews correlation coefficient  (MCC) and 
AUROC values (Fig. 6).

The FDA-approved SeptiCyte LAB assay demonstrated high AUROC values  (0.819–
0.992) but inconsistent MCC across datasets, ranging from 0.392  (GSE63311) to 
0.901 (GSE236713). In contrast, the 15-gene panel maintained uniformly strong perfor-
mance, with MCC consistently above 0.83 in all cohorts, including those with higher 
class imbalance. This stability indicates improved generalization and resilience to data 
heterogeneity.

The academic 11-gene signature achieved reasonably well performance but includes 
several genes (ZDHHC19, RPGRIP1, KIAA1370) with limited mechanistic relevance to 
sepsis. Previous studies have shown that exclusion of these genes minimally affects per-
formance, raising concerns about the biological coherence of the panel. By contrast, all 
genes in our 15-gene panel were selected through an integrative framework combining 
Random Forest feature importance, Mann–Whitney U tests, correlation analysis, and 
functional enrichment, ensuring both diagnostic strength and biological interpretability.

The minimal 2-gene FAIM3/PLAC8 signature within the three datasets where both 
FAIM3 and PLAC8 were present achieved strong diagnostic performance, with Mat-
thews Correlation Coefficient  (MCC) values ranging approximately from 0.77 to 0.95, 
consistent with previously reported results in the literature. Beyond diagnostic perfor-
mance, minimal signatures such as FAIM3/PLAC8, do not provide sufficient dimen-
sionality to support characterization of immune-response. The multi-gene composition 
of the proposed 15-gene panel enables simultaneous assessment of coordinated innate, 

Fig. 6  Benchmarking of diagnostic accuracy (MCC) for the 15-gene panel compared to three reference signatures 
across six datasets
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regulatory, and suppressive transcriptional programs, allowing diagnostic classification 
to be accompanied by module-level biological stratification.

Because the native scoring algorithms or decision rules of some reference signa-
tures  (such as, SeptiCyte LAB and ratio-based panels) are proprietary, fixed, or not 
directly transferable to public transcriptomic datasets, their original clinical implemen-
tations cannot be faithfully reproduced. Accordingly, all comparator gene sets were eval-
uated using the same Random Forest framework applied to the proposed panel, enabling 
a standardized comparison of gene-set-level diagnostic information rather than replica-
tion of their native assays.

Figure 6 summarizes performance differences across the evaluated panels. While 
AUROC values were generally high for all models, MCC provided a more discrimina-
tive and clinically meaningful metric. For instance, in dataset GSE63311, both our panel 
and SeptiCyte LAB achieved high AUROC (0.987 vs. 0.819), yet MCC diverged mark-
edly  (0.834 versus 0.392), reflecting superior balance between sensitivity and specific-
ity. Across all datasets, the 15-gene panel achieved the highest mean MCC and AUROC 
values, underscoring its robustness, reproducibility, and clinical applicability for sepsis 
diagnosis.

3.6  Protein–protein interaction network and cluster analysis

To investigate functional interactions among the prioritized diagnostic genes, we 
constructed a high-confidence Protein–Protein Interaction  (PPI) network using the 
STRING database, applying a stringent interaction score threshold  (score ≥ 0.7) to 
ensure biologically relevant and experimentally supported connections. Application of 
the Markov Cluster Algorithm (MCL) revealed three distinct gene clusters, each repre-
senting a key component of the sepsis host immune response (Figs. 7, 8).

Cluster 1  (Red)—Immune regulation and apoptosis. Cluster 1 comprises IL10, BCL2, 
SOCS3, GATA3, MAPK14, ARG1, IL1R2, and MMP9. This cluster features genes 
involved in anti-inflammatory signaling, immune cell apoptosis, and the compensa-
tory anti-inflammatory response (CARS) in sepsis. Several of these genes, IL10, IL1R2, 
SOCS3, and ARG1 are key regulators of the immunosuppressive response and have 
been independently associated with adverse clinical outcomes in sepsis. IL10 is a hall-
mark anti-inflammatory cytokine that inhibits T-cell activation and promotes regulatory 
immune phenotypes; elevated IL10 levels correlate with increased severity and mortal-
ity [95]. IL1R2 encodes a decoy receptor for IL-1β, which sequesters pro-inflammatory 
signals without transducing them, and its expression rises rapidly in sepsis [96, 97]. 
SOCS3, induced by IL10 and other cytokines, inhibits JAK/STAT signaling and contrib-
utes to the phenomenon of endotoxin tolerance in monocytes and macrophages [98, 99]. 
ARG1, typically produced by neutrophils and myeloid-derived suppressor cells, depletes 
arginine, a key nutrient for T-cell function, thus impairing adaptive immune responses 
and exacerbating sepsis-induced immune dysfunction [100, 101]. MMP9 and MAPK14 
(p38 MAPK) promote tissue remodeling and inflammation resolution, indicating 
attempts to recover from early tissue damage [32, 102]. Conversely, BCL2 and GATA3 
are downregulated, indicating reduced lymphocyte survival and impaired Th2-mediated 
responses. GATA3 is a master regulator of Th2 differentiation, and its suppression in 
sepsis reflects a shift away from adaptive immunity [103]. BCL2, an anti-apoptotic gene 
essential for lymphocyte survival, is often reduced in septic patients and has been linked 
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to lymphopenia and immunoparalysis [104]. The reproducibility of these patterns across 
datasets reflects the transition from hyperinflammation to immune exhaustion, high-
lighting potential therapeutic targets for restoring immune balance.

Cluster2  (Green)—Myeloid cell activation and complement signaling. This cluster 
includes ITGAM, CD177, C3AR1, and FCGR1A, all significantly upregulated in sep-
sis and indicative of a neutrophil-driven innate immune response. These genes encode 

Fig. 8  Summary of functional annotations for the three gene clusters identified in the PPI network using the 
Markov Cluster Algorithm  (MCL). Each cluster represents distinct immune-related processes relevant to sepsis 
pathophysiology

 

Fig. 7  Protein–protein interaction (PPI) network of 15 diagnostic genes generated using STRING (confidence score 
≥ 0.7). The network reveals biologically meaningful interactions forming distinct gene clusters
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surface receptors and effectors characteristic of activated neutrophils and mono-
cytes, aligning with clinical evidence that neutrophil activation is a hallmark of sep-
sis. ITGAM  (integrin αM, CD11b) and FCGR1A  (FcγRI, CD64) are strongly induced 
on phagocytes, promoting leukocyte adhesion and phagocytosis; notably, FCGR1A is 
already used as a diagnostic marker in critically ill patients [105]. C3AR1, encoding the 
receptor for complement fragment C3a, links complement activation to downstream 
inflammatory cascades. CD177, a neutrophil-specific surface protein, is elevated in 
sepsis, correlates with severity, and marks a hyperactive subset capable of endothelial 
transmigration and granule release, contributing to both antimicrobial defense and tis-
sue damage. These findings underscore the dual role of neutrophils in sepsis, as they are 
indispensable for pathogen clearance but can cause significant tissue damage when over-
activated [106, 107]. Consistent with these mechanisms, Cluster 2 demonstrated strong 
diagnostic performance and may represent a biomarker of innate immune dysregulation 
as well as a potential target for neutrophil-directed immunomodulatory therapies.

Cluster  3  (Blue)—Calgranulin-mediated innate defense. This cluster consists of 
S100A8, S100A9, and S100A12, members of the calgranulin family and among the 
most highly upregulated transcripts in sepsis. These genes encode damage-associated 
molecular pattern  (DAMP) proteins that amplify innate immune responses. S100A8 
and S100A9 form the heterodimer calprotectin, while S100A12 (EN-RAGE) is a closely 
related protein. All three are abundantly released by activated neutrophils and mono-
cytes during acute inflammation. Functioning as endogenous danger signals, calgranu-
lins bind to pattern recognition receptors such as Toll-like receptor 4  (TLR4) and the 
receptor for advanced glycation end products  (RAGE), propagating inflammatory sig-
naling  [108]. Mechanistically, they promote cytokine release, leukocyte recruitment, 
endothelial adhesion molecule expression, and metal ion sequestration such as zinc, to 
inhibit microbial growth. Their overexpression contributes to systemic inflammation, 
capillary leak, and coagulopathy, hallmark features of severe sepsis. Elevated plasma 
levels of S100A8/A9 correlate with sepsis severity, and calprotectin is already being 
explored as a promising clinical biomarker [109]. These findings support the diagnostic 
and therapeutic potential of targeting S100-RAGE/TLR4 signaling to mitigate inflamma-
tion and vascular injury in sepsis [110].

3.7  Cluster-level validation of diagnostic performance

To assess the diagnostic contribution of each gene cluster (step h of Fig. 1), we trained 
independent Random Forest classifiers using only the genes within each cluster and 
evaluated their performance across three external validation datasets  (GSE69528, 
GSE60424, and GSE63311)  [64–66]. Performance metrics were summarized as mean 
Matthews Correlation Coefficient  (MCC), Area Under the ROC Curve (AUROC), and 
other standard classification indicators across these datasets.

Cluster 3, composed primarily of calgranulin family genes that mediate neutrophil-
driven inflammation, achieved the strongest predictive performance  (MCC = 0.849, 
AUROC = 0.967), followed by Cluster  1  (MCC = 0.804, AUROC = 0.969) and Clus-
ter 2  (MCC = 0.723, AUROC = 0.944). These findings highlight the diagnostic promi-
nence of neutrophil-associated danger signaling  (Cluster  3) in early sepsis detection. 
Despite the performance differences, all clusters maintained robust classification met-
rics, underscoring the multifactorial nature of sepsis pathophysiology. Notably, while the 
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calgranulin-dominated Cluster 3 encompassing the calprotectin subunit genes S100A8 
and S100A9, captures a strong hyperinflammatory signal comparable to single-marker 
calprotectin baselines, the full 15-gene panel integrates additional immune programs 
that extend diagnostic robustness and biological interpretability beyond neutrophil 
activation alone. Together, these results suggest that accurate sepsis diagnostics likely 
require the integration of signals from multiple biological processes, including inflam-
mation, immune suppression, and endothelial dysfunction, rather than reliance on a sin-
gle molecular mechanism.

To provide a quantitative comparison, Table 4 summarizes the average diagnostic 
metrics for each cluster and for the full 15-gene panel. While Cluster 3 performed best 
individually, the full gene panel achieved slightly higher overall accuracy and robust-
ness, indicating synergistic effects among the three functional modules. This supports 
the concept that the 15-gene signature integrates complementary biological signals for 
improved diagnostic generalizability.

Taken together, the external validation confirms the robustness and interpretability 
of the modular 15-gene diagnostic signature, demonstrating that its constituent clus-
ters contribute distinct yet complementary biological information relevant to sepsis 
pathophysiology.

To further validate the biological relevance of Cluster  3  (calgranulin genes: S100A8, 
S100A9, and S100A12), we performed single-cell gene expression analysis on periph-
eral blood mononuclear cell  (PBMC) data obtained from the Single Cell Portal data-
base  (study SCP548)  [111]. This analysis revealed high expression of these genes 
predominantly in monocytes and megakaryocytes. While neutrophils  (the primary 
source of calgranulins during acute inflammation) are absent from PBMC datasets, their 
expression in monocytes aligns with known roles of these cells in amplifying systemic 
inflammation in sepsis  [112]. Moreover, emerging evidence suggests that megakaryo-
cytes actively contribute to inflammatory signaling in sepsis, further underscoring the 
diagnostic and mechanistic significance of Cluster 3 [113].

To validate the cellular origin and biological specificity of the diagnostic mod-
ules, we analyzed the publicly available single-cell RNA-seq dataset SCP548 from the 
Single Cell Portal  [111]. This dataset profiles 126,351 peripheral blood mononuclear 
cells (PBMCs) from 29 sepsis patients and 36 healthy controls using the 10x Genomics 
3’ v2 platform, annotated into canonical immune subsets including monocytes, mega-
karyocytes, dendritic cells, NK cells, T cells, and B cells. Because mature neutrophils 
are underrepresented in PBMC preparations, single-cell validation primarily focused on 
genes expressed in monocyte-accessible modules–most notably Cluster  3  (calgranulin 
module).

Within SCP548, the calgranulin genes S100A8, S100A9, and S100A12 showed strong 
upregulation in septic patients compared with controls, with expression concentrated 

Table 4  Average diagnostic performance of each gene cluster and the full 15-gene panel across 
three validation datasets
Cluster MCC F1-score AUROC TPR TNR PPV NPV
Cluster 1 0.804 0.900 0.969 0.877 0.921 0.952 0.869

Cluster 2 0.723 0.886 0.944 0.853 0.874 0.946 0.871

Cluster 3 0.849 0.943 0.967 0.924 0.935 0.971 0.871

Full 15-gene panel 0.871 0.942 0.987 0.918 0.961 0.981 0.865
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in monocytes and, to a lesser extent, in megakaryocytes. Although neutrophils, the pri-
mary source of calgranulins during acute inflammation are absent from PBMC datasets, 
their strong expression in monocytes aligns with the established pro-inflammatory role 
of these cells in sepsis  [112]. Furthermore, recent evidence implicates megakaryocytes 
as active participants in systemic inflammation, contributing cytokines and chemokines 
that amplify immune responses [113]. This pattern confirms the calgranulin module as 
a dominant inflammatory signature in circulating immune cells and supports its detect-
ability in routine blood samples.

Other modules were less represented in PBMCs. Cluster 2 genes (ITGAM, FCGR1A, 
C3AR1, CD177) showed moderate monocyte and megakaryocyte expression, consistent 
with their myeloid and complement functions, whereas CD177 was nearly absent due 
to its neutrophil specificity. The absence of CD177 in PBMC-based single-cell datasets 
reflects the exclusion of mature neutrophils during PBMC isolation rather than a lack 
of biological relevance. Accordingly, CD177 validation is more appropriately performed 
in whole-blood or leukocyte-retaining transcriptomic and cytometric assays. Cluster 1 
genes exhibited weak or sparse PBMC expression, indicating activation in cell types not 
captured in this dataset.

Overall, single-cell analysis confirms that the diagnostic modules are transcriptionally 
active in circulating immune cells, with Cluster 3 emerging as the most robust and cell-
type-specific component of the 15-gene signature.

3.8  Functional enrichment and pathway scoring results

To assess the biological coherence of the refined 15-gene panel compared with the 
original 55-gene pool, we performed functional enrichment analysis using the g:GOSt 
module of the g:Profiler suite  (adjusted p value < 0.005). Each enriched pathway was 
assigned a sepsis relevance score based on literature evidence: +1 for sepsis-specific pro-
cesses, +0.5 for generally immune-related functions, and −1 for nonspecific or unrelated 
pathways.

The initial 55-gene panel was enriched for 19 biological processes, including core 
immune functions such as cytokine signaling, lipopolysaccharide  (LPS) binding, and 
leukocyte adhesion, but also nonspecific terms like collagen metabolism and sensory 
perception. This broad enrichment profile yielded a cumulative relevance score of 
9.5 (average 0.50 per pathway), reflecting partial but diluted sepsis specificity (Fig. 9).

In contrast, the refined 15-gene subset revealed a more compact enrichment profile, 
with 14 pathways tightly focused on mechanisms central to sepsis immunopathology, 
including Toll-like receptor 4  (TLR4) signaling, RAGE receptor binding, neutrophil 
aggregation, and apoptotic regulation. Despite fewer total pathways, the subset retained 
the same cumulative relevance score  (9.5) and raised the mean pathway specificity to 
0.68, indicating greater biological precision.

Importantly, this reduction in the number of enriched pathways reflects the elimina-
tion of peripheral or weakly disease-associated processes present in the broader panel, 
rather than a narrowing of biological scope. The refined 15-gene panel concentrates 
enrichment within pathways that are consistently implicated in pathogen sensing, 
innate immune amplification, and immune regulation, core hallmarks of sepsis patho-
physiology  (Fig. 10). Together, these results demonstrate that systematic integration 
of statistical testing, machine learning prioritization, and literature-guided biological 
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filtering improves not only diagnostic performance but also mechanistic coherence and 
interpretability.

4  Discussion
This study identified a reproducible 15-gene transcriptional signature that robustly dis-
tinguished sepsis from non-septic controls across 11 independent cohorts. The panel 
exhibited strong diagnostic performance and cross-cohort stability. Of the 15 genes, 
thirteen were consistently upregulated, reflecting activation of innate immune pathways, 
while two genes (GATA3 and BCL2) were downregulated, consistent with lymphocyte 
apoptosis and immunosuppressive signaling  [42, 52]. Collectively, this expression pat-
tern recapitulates the hallmark biphasic immune dysregulation of sepsis, characterized 
by hyperinflammatory and immunosuppressive responses.

When benchmarked against three widely cited reference panels, the proposed 15-gene 
signature demonstrated superior diagnostic performance and enhanced biological 

Fig. 10  Comparison of g:Profiler g:GOSt enrichment results for the 55-gene panel and the refined 15-gene sub-
set (adjusted p < 0.005). Columns include term name, adjusted p value, and relevance score (1 = highly relevant 
to sepsis, 0.5 = moderate, −1 = unrelated). Only significant terms are shown

 

Fig. 9  External validation of cluster-specific Random Forest classifiers across three datasets (GSE69528, GSE60424, 
and GSE63311). Radar plots illustrate diagnostic performance for A Cluster 1, B Cluster 2, and C Cluster 3, measured 
by Matthews Correlation Coefficient (MCC), F1-score, AUROC, True Positive Rate (TPR), True Negative Rate (TNR), 
Positive Predictive Value (PPV), and Negative Predictive Value (NPV). Cluster 3 displayed the highest overall and 
most consistent performance across validation datasets
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interpretability. Unlike previous signatures that often include genes with unclear mecha-
nistic ties to sepsis, the current panel was derived using an integrative framework that 
combined differential expression analysis, Random Forest-based feature selection, and 
pathway-informed refinement. While each method is well established, the novelty of this 
approach lies in its comprehensive integration across 11 independent cohorts, system-
atic benchmarking against clinically validated assays, and prioritization of mechanisti-
cally relevant genes. Consequently, all genes in the final panel map to well-characterized 
components of the sepsis immune response, providing both diagnostic utility and bio-
logical insight.

Network clustering and pathway enrichment further stratified the 15 genes into 
three functionally distinct modules that capture complementary axes of the sepsis 
immune response. Cluster 1 represents the immunosuppressive arm of sepsis, integrat-
ing adaptive immune regulation, apoptotic signaling, and anti-inflammatory feedback. 
This module is consistent with the compensatory anti-inflammatory response syn-
drome (CARS) [114], a clinically recognized phase in which the immune system shifts 
from early hyperactivation toward systemic hypo-responsiveness. Elevated expression of 
key mediators such as IL10, IL1R2, SOCS3, and ARG1, combined with reduced expres-
sion of lymphocyte survival genes like BCL2 and Th2-associated regulators such as 
GATA3, defines a transcriptional signature associated with impaired pathogen clearance 
and heightened vulnerability to secondary infections [95, 115]. These genes, particularly 
IL10, IL1R2, and ARG1, have been recurrently identified in transcriptomic studies as 
markers of poor prognosis and have been linked to sepsis endotypes characterized by 
lymphocyte exhaustion and monocyte dysfunction  [116–119]. Accordingly, Cluster  1 
captures a robust immunoparalysis module and may support endotype-specific stratifi-
cation, identifying patients who are unlikely to benefit from further immunosuppression 
and may instead require immune-restorative therapies.

Cluster  2 reflects a canonical innate immune activation module dominated by neu-
trophil- and monocyte-associated genes. Multiple transcriptomic and functional studies 
have implicated this cluster in the pathophysiology of sepsis [120]. CD177, for instance, 
is one of the most upregulated transcripts in septic neutrophils and is associated with 
enhanced degranulation and transendothelial migration  [121]. Clinically, dynamic 
increases in the CD177/CD10 ratio, indicating a shift toward immature, activated 
neutrophils have been shown to predict 7-day mortality in critically ill patients  [122]. 
FCGR1A (CD64), a well-established sepsis biomarker, is routinely used to differentiate 
bacterial sepsis from non-infectious SIRS. Higher FCGR1A expression has also been 
associated with improved survival in sepsis, potentially reflecting a preserved or compe-
tent innate response [39]. ITGAM (CD11b), a key integrin mediating leukocyte adhesion 
and pathogen recognition, contributes to sepsis-induced inflammation through HMGB1 
signaling; its blockade has been shown to improve survival in experimental models [27]. 
C3AR1, another key gene in this module, has emerged as a hub in sepsis gene networks, 
with its expression promoting MAPK pathway activation and inflammatory macrophage 
polarization  [27, 123]. Taken together, Cluster  2 represents a neutrophil-dominant 
hyperinflammatory endotype, frequently observed in transcriptomic sepsis subtypes 
associated with poor outcomes. Its strong link to innate immune activation supports its 
potential utility as a biomarker of early hyperinflammation and disease severity.



Page 22 of 30Johari and Chicco Discover Computing          (2026) 29:107 

Cluster  3 captures a damage-associated molecular pattern  (DAMP)-driven inflam-
matory module centered on the calgranulin family. These genes are well established as 
early amplifiers of inflammation in sepsis. Transcriptomic and proteomic studies consis-
tently show marked upregulation of calgranulins in severe sepsis and septic shock. For 
instance, single-cell RNA-seq of peripheral blood mononuclear cells from septic patients 
revealed sustained expression of an S100A8/A9 signature in monocytes from the pre-
clinical to overt sepsis phase, particularly in high-risk patients [124]. Proteomic profiling 
similarly demonstrates significantly elevated plasma levels of S100A8/A9 (calprotec-
tin) and S100A12 in septic shock patients compared to healthy controls  (P < 0.0001 
and P = 0.003), with non-survivors exhibiting higher concentrations than survi-
vors  (P < 0.05)  [125]. These observations link Cluster  3 to the hyperinflammatory 
endotype of sepsis, reflecting an early cytokine-driven phase marked by neutrophil and 
monocyte activation. In addition to their diagnostic value, S100A8/A9 have been shown 
to propagate inflammation and contribute to later immune dysregulation  [126]. Thus, 
Cluster 3 likely represents an acute inflammatory axis whose elevated activity is associ-
ated with early disease severity and poor clinical outcomes.

These modules underscore the multifactorial nature of sepsis. Importantly, the iden-
tified module-level signatures should not be interpreted as strictly sequential stages 
inferred from longitudinal trajectories. Instead, they represent distinct transcriptional 
programs that may coexist and shift in dominance over the course of illness. This inter-
pretation aligns with contemporary immunological models framing sepsis as a dynamic 
continuum of overlapping hyperinflammatory and immunosuppressive responses, rather 
than a linear progression through discrete phases  [4, 127]. The modular architecture 
enhances biological interpretability and offers a framework for immune-state-informed 
clinical decision-making. Identifying which transcriptional module predominates 
in an individual patient could help tailor immunomodulatory interventions, such as 
anti-inflammatory therapy for hyperinflammatory profiles, myeloid-targeted strate-
gies for innate-dominant activation, or immune-stimulatory agents for immunosup-
pressive endotypes. Such stratification is consistent with emerging precision medicine 
approaches in sepsis and may inform future adaptive trial designs where treatment allo-
cation is guided by transcriptomic immune profiling rather than syndromic classifica-
tion alone.

Notably, comparison with clinically established protein biomarkers reveals important 
insights into the strengths and limitations of transcriptomic versus proteomic diagnos-
tics. Several widely used markers in sepsis diagnosis, including C-reactive protein (CRP, 
gene: CRP)  [128], procalcitonin  (PCT, gene: CALCA)  [129], interleukin-6  (IL-6, gene: 
IL6)  [130], tumor necrosis factor-alpha  (TNF-α, gene: TNF)  [131], presepsin  (soluble 
CD14 subtype, sCD14-ST, gene: CD14) [132], and soluble urokinase plasminogen acti-
vator receptor (suPAR, gene: PLAUR) [41], were initially included in our 55-gene panel. 
However, Despite their clinical relevance, these genes did not consistently rank as signif-
icant features at the transcriptomic level across the analyzed datasets. This discrepancy 
highlights a fundamental distinction: while protein biomarkers capture dynamic sys-
temic responses, they are subject to complex post-transcriptional regulation, transient 
expression kinetics, and context-dependent variability that may obscure their utility in 
transcriptome-based modeling. Their exclusion from the final 15-gene panel does not 
diminish their biological importance, but rather reflects the framework’s emphasis on 
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selecting genes with robust and reproducible transcriptional signatures across diverse 
cohorts. In contrast, the refined transcriptomic panel, anchored by stable and biologi-
cally grounded genes such as CD177, ARG1, S100A8/A9/A12, GATA3, and SOCS3, 
achieved high reproducibility  (MCC = 0.93, AUROC = 0.98) and strong cross-cohort 
stability, supporting its potential as a scalable diagnostic framework. These findings 
underscore the complementary roles of protein and transcriptomic biomarkers.

Although this study centers on sepsis, the reproducibility-driven framework we pres-
ent is broadly applicable beyond immune-mediated diseases. A comparable approach 
has been successfully employed in neuroblastoma to identify prognostic gene signatures 
from multi-cohort transcriptomic data [17], underscoring its versatility in other complex 
conditions. The key strengths of the framework including independent within-cohort 
modeling, cross-cohort consistency filtering, and robustness to variation in biospecimen 
type, transcriptomic platform, and clinical annotation, make it well-suited for extension 
to additional biomedical domains, such as oncology, metabolic disease, or neurological 
disorders. Provided that a biologically relevant candidate gene set and sufficiently anno-
tated cohorts are available, this strategy enables reliable biomarker discovery in the face 
of clinical and technical heterogeneity. As such, it offers a scalable and adaptable blue-
print for transcriptomic signature development across diverse disease contexts.

While this study provides promising insights, several limitations warrant consider-
ation. First, our analysis is based on retrospective transcriptomic datasets drawn from 
diverse public sources, each encompassing varied patient populations, clinical settings, 
and measurement platforms. Such heterogeneity including differences in cohort demo-
graphics, timing of sample collection, and use of microarray versus RNA-sequencing 
technologies can introduce confounding effects that may influence gene expression pat-
terns and limit cross-study comparability.

Moreover, detailed clinical metadata were inconsistently reported across datasets. 
Many cohorts provided only binary sepsis labels without specification of diagnostic cri-
teria (such as Sepsis-2 versus Sepsis-3), and key covariates such as age, sex, illness sever-
ity scores (such as SOFA or APACHE), and comorbidities were unavailable in several 
datasets. This precluded systematic covariate adjustment or stratified analysis across the 
full cohort landscape. To address this, we independently trained and evaluated mod-
els within each dataset and retained genes in the final panel only if they demonstrated 
reproducible diagnostic utility across multiple independent cohorts.

We also acknowledge variability in sample processing protocols, including the use of 
whole blood, leukocyte-enriched fractions, or PBMCs, which can affect cellular com-
position and downstream transcriptomic profiles. Additionally, because the majority of 
datasets comprised adult patients, the current findings may not generalize to pediatric or 
neonatal sepsis, which involves distinct immune ontogeny and transcriptional responses. 
Future studies should include age-specific cohorts with harmonized clinical metadata to 
assess the applicability of these signatures across diverse patient populations.

Finally, our focus on mRNA-level expression does not fully capture the complex-
ity of protein-level dynamics or functional immune states. Post-transcriptional regula-
tion, protein degradation, and signaling pathway modulation may obscure relationships 
between gene expression and biological activity. Accordingly, validation of candidate 
markers at the protein level and integration with complementary modalities such as 
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proteomics and metabolomics will be critical to fully elucidate the immunopathology of 
sepsis and support clinical translation.

This study provides a foundation for several promising extensions. First, applying the 
proposed framework to single-cell RNA sequencing (scRNA-seq) would enable investi-
gation of gene expression at cellular resolution and uncover cell type-specific diagnostic 
signatures. Such efforts could elucidate the contributions of distinct immune popula-
tions to sepsis pathophysiology. To maximize relevance, future studies should prioritize 
whole-blood or leukocyte-retaining single-cell platforms, since PBMC-based scRNA-
seq omits key cell types such as mature neutrophils. Complementary modalities such 
as CITE-seq or flow cytometry for CD177 protein quantification could further validate 
these markers in their cellular context.

Second, integrating multi-omics data  (including proteomics and metabolomics) may 
offer a more comprehensive view of host responses, reveal post-transcriptional regu-
lation, and link mRNA (messenger RNA) signatures to actionable protein biomark-
ers  [133]. By linking mRNA signatures to protein-level biomarkers and metabolic 
alterations, such approaches could enhance biological interpretability and clinical 
actionability.

From a translational standpoint, the 15-gene panel is technically compatible with tar-
geted multiplex RT-qPCR assays and can be measured from routine whole-blood sam-
ples  (such as PAXgene-stabilized blood), supporting rapid and cost-effective testing in 
emergency and intensive-care settings. We further envision prospective clinical valida-
tion studies involving early-time-point whole-blood sampling from patients with sus-
pected sepsis, with diagnostic performance evaluated against established clinical criteria 
such as Sepsis-3 definitions. Optional longitudinal sampling could additionally enable 
assessment of how modular expression patterns relate to immune-response trajectories 
and clinical heterogeneity over time.

In terms of modeling strategy, while Random Forest was selected for its robustness and 
interpretability, future work could incorporate complementary classifiers such as sup-
port vector machines, gradient boosting, or deep neural networks. Ensemble learning 
and meta-modeling frameworks may improve diagnostic accuracy and generalizability. 
Importantly, leave-one-dataset-out cross-validation (LODO-CV) should be employed to 
rigorously evaluate model transferability across cohorts, platforms, and clinical settings.

In parallel, scaling this framework to accommodate the increasing size and complexity 
of transcriptomic data will require parallel computing and advanced machine learning. 
Distributed architectures such as Apache Spark have demonstrated substantial speedup 
for large-scale RNA classification tasks  [134]. Likewise, interpretable deep learning 
models, such as convolutional-transformer hybrids [135] and SHAP-enhanced classifi-
ers  [136] offer avenues for improving both performance and biological insight. Adapt-
ing these tools for transcriptomic biomarker discovery, while leveraging parallelization 
to manage heterogeneity and computational load, represents a compelling direction for 
future development.

Finally, prospective clinical studies are essential to validate the 15-gene signature in 
real-time diagnostic settings and assess its predictive value for clinical outcomes such 
as severity and mortality. This could involve implementing the panel in point-of-care 
multiplex assays or transcriptomic diagnostics in emergency and intensive care units. 
Benchmarking against the FDA-cleared SeptiCyte LAB assay in this study provides an 
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initial step toward clinical contextualization, although further validation in independent 
cohorts remains necessary. Pursuing these directions may accelerate clinical translation 
and support personalized sepsis management.
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