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Abstract

Early diagnosis of sepsis remains difficult because clinical features, microbiology, and
conventional inflammatory biomarkers are heterogeneous. We reanalyzed public blood
transcriptomic datasets to test whether oxidative stress-related expression patterns could
provide an interpretable host-response signal for sepsis. Oxidative stress-related genes were
profiled in a discovery cohort, summarized with an oxidative stress score, and evaluated
through comparative diagnostic modeling and external validation. MAPK1, NFKBIA, and
RAF1 formed a compact three-gene signature and were incorporated into an interpretable
nomogram. In the GSE6535 training cohort, the three-gene nomogram achieved good
discrimination (AUC, 0.860), while performance in the independent GSE54514 cohort was
acceptable but moderate (AUC, 0.708), supporting cautious cross-dataset transportability.
Immune and pathway analyses associated the signature with neutrophil-related inflammatory
activity, translational regulation, and cellular stress-response programs. Complementary
single-cell RNA-seq analysis localized oxidative stress activity and MAPK1/NFKBIA/RAF1
expression to discrete monocyte states, with coordinated NF-kB/NRF2-related activity,
inflammatory ligand signals, trajectory patterns, and NFKBIA-centered network features
supporting biological plausibility. These findings suggest that the MAPK1/NFKBIA/RAFI
signature may provide an interpretable auxiliary host-response signal for sepsis diagnosis,

while prospective clinical and experimental validation remains required.

Keywords: sepsis; oxidative stress; transcriptomics; machine learning; monocytes; single-

cell RNA-seq; biomarker.
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Abbreviations: AUC, area under the receiver operating characteristic curve; AUCell, area
under the recovery curve for single-cell gene-set activity; CI, confidence interval, DCA,
decision curve analysis; GEO, Gene Expression Omnibus; GLM, generalized linear model;
NHC, non-acutely ill healthy control; OS, oxidative stress; PBMC, peripheral blood
mononuclear cell; PCA, principal component analysis; RF, random forest; sScRNA-seq, single-
cell RNA sequencing; ssGSEA, single-sample gene set enrichment analysis; SVM, support

vector machine.

1. Introduction

Sepsis remains a leading cause of morbidity and mortality worldwide and continues to
impose a substantial health care burden despite advances in antimicrobial therapy and critical
care. Contemporary international guidance defines sepsis as life-threatening organ dysfunction
caused by a dysregulated host response to infection, underscoring that host biology rather than
pathogen burden alone contributes to clinical deterioration and outcome.[1] In practice,
however, timely and accurate diagnosis remains difficult, particularly early in the disease

course or in patients with competing infectious and sterile inflammatory phenotypes.[2]

Current diagnostic workflows integrate clinical assessment with routine laboratory
parameters, imaging, and microbiological testing, yet each component has limitations. Cultures
may be delayed or negative, and conventional inflammatory biomarkers provide imperfect
discrimination between infectious and noninfectious systemic inflammation in critically ill
populations.[2,3] These constraints motivate host-response-based diagnostics that capture the

systemic biological perturbations of sepsis at the molecular level.[4]

Peripheral blood transcriptomics and host-response profiling have emerged as promising
strategies to quantify sepsis biology. Recent work has moved beyond isolated gene lists toward
consensus transcriptomic frameworks, clinically translated host-response assays, and

biomarker-development pipelines that emphasize robustness, clinical heterogeneity, and
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translational utility.[5-9] Such progress supports the broader premise that whole-blood gene-
expression patterns can complement conventional assessment while remaining biologically

interpretable.

Oxidative stress is widely recognized as a central component of sepsis pathophysiology.
Excess production of reactive oxygen species, mitochondrial dysfunction, and impaired
antioxidant defenses contribute to endothelial injury, microcirculatory dysfunction, metabolic
collapse, and multi-organ failure.[10,11] Oxidative stress is also tightly interwoven with
immune activation: neutrophils and monocytes generate reactive oxygen species as part of
antimicrobial defense, yet dysregulated oxidative bursts can amplify inflammatory signaling
and propagate tissue damage.[10,12] These features suggest that oxidative stress-related
transcriptional programs may capture an integrative axis of sepsis biology spanning

inflammation, innate effector activity, and cellular stress adaptation.

Concurrently, sepsis is increasingly understood as an immunologically heterogeneous
syndrome. Many patients exhibit simultaneous innate immune activation, adaptive immune
dysfunction, and context-dependent immune suppression rather than a single uniform
inflammatory state.[13-15] This heterogeneity complicates biomarker development because a
single inflammatory marker may not reflect the evolving balance between injurious
hyperinflammation and clinically consequential immunosuppression.[2,13-15] Host-response
signatures that encode multiple biological dimensions may therefore be better suited to address

real-world diagnostic ambiguity.

Despite the biological plausibility of oxidative stress as a central sepsis axis, the diagnostic
utility of oxidative stress-anchored gene signatures and their links to immune landscape
alterations and downstream pathways remain incompletely characterized. In particular, it is
unclear whether oxidative stress-related transcriptional features can be distilled into compact,
interpretable diagnostic models with external validity, and which immune-cell states carry

these signals in whole blood.

Accordingly, we hypothesized that oxidative stress-related gene expression patterns in
whole blood reflect a biologically meaningful host-response dimension in sepsis and can be

leveraged to develop diagnostically informative and mechanistically interpretable models.
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Using publicly available bulk transcriptomic datasets and complementary single-cell analyses,
we aimed to (1) characterize the expression patterns of oxidative stress-associated genes in
sepsis, (2) construct an oxidative stress score using principal component analysis, (3) identify
robust diagnostic biomarkers through systematic machine learning-based feature selection and
model comparison, (4) evaluate diagnostic performance with external validation and clinically
interpretable tools such as nomograms and decision curve analysis, and (5) localize the bulk-
derived signature to specific immune-cell states and infer its potential regulatory context at

single-cell resolution.

By anchoring diagnostic modeling to oxidative stress biology, linking predictive features
to immune and pathway-level interpretation, and examining their monocyte-centered cellular
context, this study seeks to advance interpretable host-response diagnostics and to provide

mechanistic insights into sepsis-associated immune dysregulation and stress responses.

2. Methods

The overall analytical workflow of the study, including bulk transcriptomic modeling and

monocyte-centered single-cell contextualization, is summarized in Scheme 1.
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Scheme 1. Technical workflow of the study, highlighting the monocyte-focused single-cell

supplementary analysis used to contextualize the bulk-derived oxidative stress signature.

2.1 Public bulk transcriptome datasets and preprocessing

Public bulk transcriptome datasets were obtained from the Gene Expression Omnibus
(GEO) database and accessed on May 21, 2026. GSE6535 was used as the discovery cohort.
This dataset was generated on the GPL4274 platform (NHICU Human 19K v1.0) and included
72 critically ill patients admitted to the intensive care unit, consisting of 55 microbiologically
confirmed sepsis cases and 17 non-sepsis ICU controls. GSE54514 was used as an external
whole-blood validation cohort. This dataset was generated on the GPL6947 platform (Illumina
HumanHT-12 V3.0 expression beadchip) and contained longitudinal PAXgene whole-blood
profiles from sepsis patients and healthy controls; to avoid repeated-measure inflation, only
day-1 samples were retained for diagnostic validation, including 35 sepsis patients (26
survivors and 9 non-survivors) and 18 healthy controls. GSE46955 was used as an external
monocyte validation cohort. This dataset was generated on the GPL6104 platform (Illumina

humanRef-8 v2.0 expression beadchip) and contained blood monocytes from gram-negative
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sepsis patients, recovery samples, and healthy donors, with or without ex vivo LPS stimulation.
For validation against the basal disease state, only unstimulated basal samples were retained,
including 8 sepsis-basal samples and 6 healthy-basal samples; recovery and LPS-stimulated

samples were excluded from the primary validation analysis.

Samples were included if they were derived from human peripheral blood, whole blood,
neutrophils, or purified monocytes and had an unambiguous sepsis or control phenotype.
Samples were excluded if phenotype annotation was unclear, if the sample represented
recovery rather than the acute disease state, if the sample was experimentally stimulated ex
vivo and not relevant to the basal diagnostic comparison, or if the expression profile lacked a
matched GEO sample annotation. For microarray datasets, probe identifiers were mapped to
official gene symbols according to the corresponding GPL platform annotation files. Probes
without valid gene symbols were removed. When multiple probes mapped to the same gene,
the probe with the highest mean expression across all retained samples was selected to
represent that gene. Genes with missing values in more than 50% of samples were removed;
remaining missing values, if present, were imputed using k-nearest-neighbor imputation.
Genes with consistently low abundance, defined as expression values below the 25th percentile
in more than 80% of samples within a dataset, were filtered before downstream analysis.
Expression values were log2 transformed when required and normalized within each dataset.
External validation datasets were not merged with the discovery cohort; instead, the final gene
features 1dentified in the discovery cohort were extracted and evaluated independently in each

validation dataset.

2.2 Identification of oxidative stress phenotypes

We curated 46 oxidative stress-related genes from the Molecular Signatures Database
(MSigDB), focusing on genes implicated in redox regulation, inflammatory signaling, and
cellular stress responses. After platform mapping in GSE6535, 41 genes were retained for
downstream analysis. Expression differences between the sepsis and control groups were tested
with the limma framework. Genes with a nominal P < 0.05 were regarded as differentially
expressed for exploratory signature construction. Pearson correlation coefficients were

calculated to evaluate co-expression patterns among oxidative stress-associated differentially
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expressed genes, and gene-level distributions were displayed using boxplots.

2.3 Construction and sensitivity analysis of the oxidative stress score

To summarize the overall oxidative-stress transcriptional pattern at the sample level,
principal component analysis (PCA) was performed using the expression matrix of oxidative
stress-related differentially expressed genes after Z-score standardization. The oxidative stress
score (OS score) was defined as the combined value of PC1 and PC2. PC1 alone was not used
because the first two principal components jointly captured the major structured variance of
the oxidative stress-related transcriptional program, whereas a single component may represent
only part of a multidimensional immune-stress signal. To examine robustness, sensitivity
analyses were performed using PC1 alone and an ssGSEA-based oxidative stress score derived
from the same oxidative stress gene set. The major between-group trend remained consistent
across the PC1-only, PC1 + PC2, and ssGSEA-based scoring strategies, supporting the stability

of the OS score framework.

2.4 Machine-learning model construction and evaluation

Four machine-learning algorithms were compared for diagnostic marker selection and
model construction: generalized linear model (GLM), support vector machine (SVM), random
forest (RF), and extreme gradient boosting (XGBoost). Model training was performed in the
discovery cohort, and independent GEO datasets were used for external validation. Within the
discovery cohort, repeated ten-fold cross-validation was applied for internal model comparison,
and the random seed was fixed at 1234. Candidate predictors consisted of oxidative stress-
related differentially expressed genes retained after preprocessing and feature filtering. Model
performance was evaluated using the area under the receiver operating characteristic curve
(AUC), sensitivity, specificity, accuracy, and residual distribution. Ninety-five percent
confidence intervals for AUC values were calculated using DeLong's method. No synthetic
oversampling was applied; to reduce the influence of group-size imbalance, inverse class-
frequency weights were used during model training where supported by the algorithm. The
final diagnostic model was selected by jointly considering AUC, cross-validation stability,

residual distribution, and external validation performance.
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For GLM, binomial logistic regression was fitted with a logit link using predictors selected
from the oxidative stress-related feature set. For SVM, a radial basis function kernel was used;
cost C was searched over 0.01, 0.1, 1, 10, and 100, and gamma was searched over 0.001, 0.01,
0.1, and 1, with the optimal parameters selected by cross-validation AUC. For RF, 500 trees
were fitted; mtry was searched from 1 to floor(sqrt(p)) and p/3 when applicable, and minimum
node size was searched over 1, 5, and 10. For XGBoost, nrounds was searched over 50, 100,
and 200; max depth over 2-6; eta over 0.01, 0.05, 0.10, and 0.30; subsample and
colsample bytree over 0.70, 0.90, and 1.00; min_child weight over 1, 3, and 5; and gamma

over 0 and 1. The optimal XGBoost model was selected by cross-validation AUC.

2.5 Construction and validation of the diagnostic nomogram

An interpretable nomogram was built using the expression levels of MAPK1, NFKBIA,
and RAFI to estimate individual sepsis risk. The nomogram was developed with the rms
package, and discrimination was quantified by ROC curves generated via pROC. Calibration
was examined by comparing predicted probabilities with observed outcomes, and decision
curve analysis (DCA) was conducted to evaluate net clinical benefit across a range of threshold
probabilities. External validation was performed in GSE54514 without retraining the model,
thereby testing whether the discovery-cohort signature retained transportability in an

independent whole-blood dataset.

2.6 Immune microenvironment analysis

Immune-cell-associated signatures were inferred using single-sample gene set enrichment
analysis (ssGSEA) to estimate the relative enrichment of immune cell types in sepsis and
control samples. Group differences were visualized with violin plots and compared using non-
parametric tests unless otherwise specified. Correlations between MAPK 1, NFKBIA, RAF1
expression and immune signatures were evaluated using Pearson correlation analysis. For
stratified comparisons, samples were split into high- and low-expression groups based on the

median expression level of each key gene.

2.7 Functional enrichment and pathway analysis of key genes

To probe pathway-level implications of the three diagnostic genes, single-gene GSEA was
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performed. Pathways with adjusted P <0.05 were considered significant. Translation-initiation-
related genes were then compared between sepsis and control samples using limma, and
correlations between the three key genes and pathway-associated genes were assessed using

Pearson analysis.

2.8 Single-cell RNA-seq data processing and annotation

Single-cell RNA-seq data were obtained from GEO accession GSE290679 and accessed
on May 21, 2026. The dataset consisted of cryothawed peripheral blood mononuclear cells
(PBMCs) profiled using 10x Genomics droplet-based single-cell RNA sequencing. The
included samples represented three groups: 9 non-acutely ill healthy controls (NHC), 19
critically ill ICU patients without sepsis (CI-NS), and 19 critically ill ICU patients with sepsis
(CI-Sep), yielding a reported 644,147-cell map of human critical illness with and without sepsis.
Raw feature-barcode HS5 matrices and the GEO series matrix file were downloaded and
processed in Seurat. Cells with fewer than 200 detected genes, more than 5,000 detected genes,
or mitochondrial transcript proportions greater than 15% were excluded. Genes detected in
fewer than three cells were removed. Potential doublets were detected using DoubletFinder,
with the expected doublet rate estimated according to the recovered cell number for each
sample; predicted doublets were removed before clustering and downstream analyses. To
minimize sample-level and batch-associated effects, normalization and scaling were performed
after quality control, and integration/batch correction was performed using Harmony with
sample identity and batch information as covariates. Principal component analysis, nearest-
neighbor graph construction, UMAP visualization, and graph-based clustering were then

performed.

Cell type annotation was based on canonical marker genes and cluster-specific marker
expression. Major immune lineages were assigned using established markers, including
CD3D/CD3E for T cells, CD4 and CD8A for CD4 and CDS8 T-cell subsets, NKG7/GNLY for
NK cells, MS4A1/CD79A for B cells, LYZ/CDI14/FCGR3A for monocytes,
FCERITA/CST3/HLA-DRA for dendritic cells and antigen-presenting cells, and PPBP/PF4 for
platelets. Monocyte-enriched clusters were further extracted and reclustered for subpopulation-

level analysis. Monocyte subcluster annotation was supported by differential marker genes,
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oxidative-stress activity, inflammatory-regulon activity, and the distribution of key genes

identified from the bulk analysis.

2.9 Single-cell downstream analysis parameters

AUCell analysis was used to quantify oxidative-stress signature activity at single-cell
resolution. The oxidative-stress gene set was derived from the oxidative stress-related gene
collection used in the bulk analysis and was cross-checked against MSigDB oxidative-stress-
related terms. Genes not detected in the single-cell dataset were removed before scoring.
AUCell scores were calculated using ranking-based gene-set enrichment within individual cells;
cells with higher AUC values were interpreted as having stronger oxidative-stress
transcriptional activity. The expression of MAPK 1, NFKBIA, and RAF1 was mapped onto the
monocyte UMAP space and compared with oxidative-stress activity to assess whether the bulk-

derived signature localized to specific monocyte states.

NicheNet analysis was performed to identify upstream ligands that could be associated
with the oxidative-stress and inflammatory transcriptional program in monocytes. Receiver
cells were defined as monocyte subclusters with high oxidative-stress activity, whereas sender
cells included the remaining annotated immune cell populations in the PBMC
microenvironment. Candidate ligands were retained if they were expressed in at least 10% of
sender cells and if their cognate receptors were detected in at least 10% of receiver monocytes.
Ligands were ranked using ligand-target regulatory potential and Pearson correlation between
predicted target activity and the observed monocyte signature. The final prioritized ligands
were visualized with ligand activity scores, and top ligand-target pairs were retained for

mechanistic interpretation.

Trajectory inference was performed within monocyte subclusters to reconstruct a
pathological evolution axis. The root state was assigned to the monocyte state enriched in NHC
samples and characterized by the lowest oxidative-stress activity, thereby representing the least
disease-activated starting state. Pseudotime ordering was then used to examine progressive
changes in oxidative-stress activity, NFKBIA expression, and monocyte activation state. Genes

and scores varying along pseudotime were interpreted as candidate features of sepsis-
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associated monocyte reprogramming. Transcription-factor regulon activity was evaluated
using AUCell-based scoring of curated inflammatory and oxidative-stress regulon gene sets.
NRF2-related and NF-kB-related regulon activities were calculated for each monocyte and

compared across monocyte subclusters and disease groups.

Virtual knockout and network perturbation analysis was used as an exploratory strategy to
assess the regulatory impact of key genes linking the bulk and single-cell analyses. A gene-
gene regulatory similarity network was constructed using oxidative-stress-related genes and
diagnostic model genes detected in monocytes. Edge weights were calculated from pairwise
Spearman correlations, and edges were retained when the absolute correlation coefficient
exceeded 0.30 with false-discovery-rate-adjusted P < 0.05. Virtual knockout was simulated by
removing the target node and recalculating network connectivity, edge stability, and
downstream connectivity changes. Genes showing the largest reduction in connectivity or
altered network stability after perturbation were considered putative downstream effectors of
the targeted regulatory node. Because this analysis is computational and hypothesis-generating,
the results were interpreted as evidence of regulatory network dependency rather than direct

experimental gene knockout.

2.10 Statistical analysis

Unless otherwise specified, continuous variables were compared using the Wilcoxon rank-
sum test for two-group comparisons or the Kruskal-Wallis test for comparisons involving more
than two groups. Multiple-testing correction was performed using the Benjamini-Hochberg
method. Adjusted P < 0.05 was considered statistically significant. For single-cell analyses,
statistical comparisons were performed at the sample level whenever cell-proportion
differences were evaluated, whereas cell-level visualizations were used to display within-cell
transcriptional heterogeneity. All analyses were conducted in R (version 4.3.3) unless otherwise

noted.

3. Results
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3.1 Identification of Dysregulated Oxidative Stress Phenotypes in Sepsis

We first identified a dysregulated oxidative stress-related transcriptional pattern in the
GSE6535 discovery cohort. Forty-one oxidative stress-related genes retained after platform
mapping were distributed across multiple chromosomes, indicating that the candidate feature

set was not confined to a single genomic region (Figure 1A).

Differential expression analysis showed broad but selective disruption of oxidative stress-
related genes between sepsis patients and non-sepsis ICU controls. Several regulators,
including MAPK 14, NFKBIA, and RAF1, differed significantly between groups, suggesting
that oxidative stress-related host-response programs are associated with sepsis biology (Figure

1B).

The PCA-derived OS score was higher in the sepsis group than in the non-sepsis control
group (P < 0.001), indicating that the combined oxidative stress-related expression pattern
separated the two clinical states in the discovery cohort (Figure 1C). Sensitivity analyses using
PC1 alone and ssGSEA-based scoring yielded consistent between-group trends, supporting the

robustness of the OS score framework.

Figure 1. Landscape of oxidative stress (OS) phenotypes and construction of the OS scoring
system in the GSE6535 discovery cohort. (A) Circos plot visualizing the chromosomal
positions of the 41 OS-related genes retained after platform mapping. (B) Boxplots showing
differential expression of OS-related genes between sepsis patients (SP) and non-sepsis ICU
controls (ND); boxes indicate interquartile range, center lines indicate medians, whiskers
indicate 1.5 interquartile range, and group comparisons were performed using the Wilcoxon
rank-sum test unless otherwise specified. (C) Comparison of OS scores between SP and ND

groups; *** P <0.001.
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3.2 Screening of Diagnostic Markers via Machine Learning Algorithms

Among the four classifiers, XGBoost showed the highest discrimination and selected
MAPKI1, NFKBIA, and RAF1 as the final signature. The XGBoost model achieved an AUC
of 0.825 (95% CI, 0.572-1.000), compared with 0.750 for SVM, 0.738 for RF, and 0.738 for
GLM (Figure 2A).

Residual analysis provided a complementary stability check. XGBoost and RF showed

lower residual dispersion than GLM and SVM, and the reverse cumulative residual curve of
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XGBoost was closest to the coordinate axis, consistent with smaller prediction error among the

tested classifiers (Figure 2B,C).

Feature-importance analysis of the final XGBoost model ranked MAPK1, NFKBIA, and
RAF1 as the leading contributors to classification (Figure 2D). These three genes were
therefore retained as a compact diagnostic signature for subsequent interpretation rather than

as experimentally proven causal mediators.

Figure 2. Machine-learning-based selection of diagnostic markers in the GSE6535 discovery
cohort. (A) ROC curves for SVM, RF, XGBoost, and GLM classifiers; XGBoost achieved the
highest AUC (0.825; 95% CI, 0.572-1.000). (B) Residual distributions across models shown as
boxplots; red markers indicate RMSE. (C) Reverse cumulative residual plots comparing
prediction error profiles. (D) Variable-importance results from the final XGBoost model,
identifying MAPK1, NFKBIA, and RAFI1 as the three leading contributors to diagnostic

classification.
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3.3 Key Diagnostic Biomarkers Correlation Analysis

After defining MAPK1, NFKBIA, and RAF1 as the core diagnostic signature, we
examined whether their expression patterns showed coordinated relationships in sepsis. A
correlation heatmap and chord plot summarized the pairwise expression structure among the

three genes (Figure 3A,B).

Pearson correlation analysis showed a significant inverse correlation between NFKBIA
and RAF1 (R=-0.404, P <0.001; Figure 3C), whereas NFKBIA and MAPK 1 showed a modest

positive trend that did not reach conventional statistical significance (R = 0.218, P = 0.0658;
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Figure 3D). These associations suggest coordinated expression behavior but should not be

interpreted as direct regulatory proof.

Figure 3. Correlation patterns among the selected diagnostic genes in GSE6535. (A) Heatmap
summarizing pairwise expression correlations among MAPKI1, NFKBIA, and RAF1. (B)
Chord diagram depicting the relative strength and direction of associations between the three
biomarkers. (C) Scatter plot illustrating the inverse relationship between NFKBIA and RAF1

(Pearson R = -0.404, P < 0.001). (D) Scatter plot showing the modest positive association

between NFKBIA and MAPK1 (Pearson R =0.218, P =0.0658).
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3.4 Construction and Evaluation of the Diagnostic Nomogram

To provide an interpretable risk-estimation tool, we translated the
MAPKI1/NFKBIA/RAFI1 signature into a nomogram (Figure 4A). In the GSE6535 training
cohort, the nomogram showed good discrimination on ROC analysis (AUC, 0.860; 95% CI,
0.769-0.951) and acceptable calibration, with the bias-corrected curve tracking the ideal

reference line (Figure 4B,C).

In the independent GSE54514 validation cohort, discrimination decreased to an AUC of
0.708 (95% CI, 0.509-0.907; Figure 4D). This result supports external transportability at an
acceptable but moderate level and should be interpreted with caution because the confidence
interval was wide and the validation cohort differed clinically and technically from the

discovery cohort.

Decision curve analysis and clinical impact analysis suggested potential net benefit across
selected threshold probabilities (Figure 4E,F). These results support further evaluation of the
nomogram as an auxiliary host-response risk stratification tool rather than as a replacement for
clinical judgment, SOFA-based assessment, blood culture, or established biomarkers such as

procalcitonin.

Figure 4. Development and validation of the three-gene diagnostic nomogram. (A) Nomogram
integrating MAPK1, NFKBIA, and RAF1 for individualized sepsis risk estimation. (B) ROC
curve in the GSE6535 training cohort (AUC, 0.860; 95% CI, 0.769-0.951). (C) Calibration plot
comparing predicted probabilities with observed outcomes; the bias-corrected curve is shown
against the ideal diagonal reference. (D) ROC curve in the external GSE54514 validation
cohort (AUC, 0.708; 95% CI, 0.509-0.907), indicating acceptable but moderate discrimination.
(E) Decision curve analysis comparing net benefit of the nomogram with treat-all and treat-
none strategies across threshold probabilities. (F) Clinical impact curve illustrating the

predicted number of high-risk individuals and corresponding true positives across thresholds.
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386

387 3.5 Immune Infiltration Landscape and Correlation with Key Genes

388 Immune dysregulation was evident at the inferred cell-signature level. ssGSEA analysis of
389 28 immune-cell signatures showed higher neutrophil-associated signal and reduced activated

390  B-cell signal in sepsis compared with controls (Figure SA).
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We then asked whether the three signature genes tracked with changes in the inferred
immune landscape. The correlation heatmap suggested gene-specific association patterns
between transcript levels and immune-cell signatures (Figure 5B). In particular, NFKBIA
showed a clear positive association with plasmacytoid dendritic cells (P < 0.001), whereas

RAF1 was negatively associated with yo T cells (P < 0.05).

For a more direct comparison, samples were divided into high- and low-expression groups
using the median expression of each gene. Higher MAPK1 expression was accompanied by
increased MDSC and natural killer T-cell signatures (Figure 5C). In the same framework, the
high-NFKBIA group showed greater enrichment of natural killer cells and plasmacytoid
dendritic cells (Figure 5D). Higher RAF1 expression was, in turn, linked to elevated immature
B-cell and natural killer T-cell signals (Figure SE). Overall, the three OS-related genes were

consistently associated with shifts in immune-cell signature patterns in sepsis.

Figure 5. ssGSEA-inferred immune-cell signature landscape and its association with MAPK1,
NFKBIA, and RAF1 expression. (A) Violin plots comparing immune-cell enrichment scores
between sepsis and control samples; group comparisons were performed using the Wilcoxon
rank-sum test, with P-value markers shown in the plot. (B) Heatmap of Pearson correlations
between gene expression and immune-cell signatures, with red indicating positive and blue
indicating negative correlations. (C-E) Boxplots comparing immune-cell enrichment after
stratification by median expression of MAPK1 (C), NFKBIA (D), and RAF1 (E); boxes
indicate interquartile range, center lines indicate medians, and whiskers indicate 1.5

interquartile range.
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415 3.6 Functional Enrichment Analysis of Key OS Genes

416 Single-gene GSEA was used to explore pathways associated with the three signature genes.
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MAPKI1 was enriched in pathways related to signal transduction and immune response,
including FCERI-mediated MAPK activation and neutrophil degranulation (Figure 6A). This
pattern is consistent with, but does not prove, a link between MAPKI1 expression and

neutrophil-associated inflammatory activity in sepsis.

In contrast, NFKBIA and RAF1 displayed enrichment patterns associated with metabolic
reprogramming and protein synthesis. NFKBIA was significantly correlated with "Eukaryotic
Translation Initiation" and "Oxidative Phosphorylation" pathways, indicating its involvement
in regulating cellular energy metabolism and translational control under oxidative stress
conditions (Figure 6B). Interestingly, RAF1 exhibited a similar functional profile, showing
strong enrichment in the "Eukaryotic Translation Initiation" pathway (Figure 6C). These results
imply that while MAPK1 predominantly regulates immune signaling, NFKBIA and RAF1 may
function synergistically to modulate protein synthesis and metabolic adaptation in response to

sepsis-induced stress.

Figure 6. Functional enrichment analysis of key OS genes by single-gene GSEA. (A) MAPK1-
associated enrichment results, including FCERI-mediated MAPK activation and neutrophil
degranulation. (B) NFKBIA-associated enrichment results, including eukaryotic translation
initiation and oxidative phosphorylation. (C) RAF1-associated enrichment results, including
eukaryotic translation initiation. Enrichment results are interpreted as pathway associations

rather than causal mechanisms.
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442 3.7 Monocyte-Centered Single-Cell Mapping Localized the Bulk-Derived OS Signature
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to Discrete States

Manual inspection of canonical lineage markers confirmed the major immune
compartments captured in the single-cell dataset and supported a monocyte-centered
downstream strategy. CD3D, MS4A1, and HLA-DRA demarcated the expected T-cell, B-cell,
and antigen-presenting cell compartments, whereas CD14 and FCGR3A were predominantly
enriched in monocyte-lineage cells (Figure 7A). Focused reclustering of this compartment
revealed eight transcriptionally distinct monocyte subclusters occupying discrete but partially
continuous transcriptional spaces, consistent with the coexistence of relatively stable states and
transitional populations in sepsis (Figure 7B). Independent verification using CD14 and LYZ
confirmed that the selected clusters represented bona fide monocytes and minimized concern

about contamination from adjacent immune populations (Figure 7C).

AUCell-based projection showed that oxidative stress activity was enriched in defined
monocyte states rather than diffusely distributed across the entire compartment. NFKBIA,
MAPKI1, and RAF1 displayed overlapping localization patterns in oxidative stress-high
regions (Figure 7D), indicating that the bulk-derived diagnostic signal retained cell-state
context at single-cell resolution. These findings suggest that the three-gene signature may

partly reflect pathologically activated monocyte states in sepsis.

Figure 7. Single-cell mapping of the oxidative stress signature in monocytes from GSE290679.
(A) Canonical lineage markers used to annotate major PBMC immune compartments. (B)
UMAP of reclustered monocytes showing eight transcriptionally distinct subclusters; colors
denote monocyte subcluster identity. (C) Violin plots of CD14 and LYZ supporting monocyte
identity of the selected subclusters. (D) AUCell/feature mapping of oxidative stress activity
and MAPK1, NFKBIA, and RAF1 across the monocyte manifold; warmer colors indicate

higher score or expression.
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3.8 Regulatory Trajectory and Cell-Cell Signaling Analyses Support Pathological

Monocyte Reprogramming

Because oxidative stress may be coupled to inflammatory transcriptional control, we
examined regulon and trajectory patterns across monocyte states. NRF2-related activity, NF-
kB activity, NFKBIA expression, and oxidative stress scores showed coordinated but non-

identical spatial distributions (Figure 8A), consistent with concurrent redox adaptation and



475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

inflammatory signaling. Pseudotime analysis revealed an ordered monocyte evolution axis

along which oxidative stress activity and NFKBIA varied dynamically (Figure 8B).

Ligand prioritization, reprogramming scoring, and network perturbation analyses provided
additional hypothesis-generating context. NicheNet prioritized candidate inflammatory ligands
including IL1B, TNF, IFNG, TNFSF11, TNFSF12, CCL21, and CSF1 (Figure 8C). A
reprogramming-related score showed heterogeneous distribution across septic monocytes
(Figure 8D). The NFKBIA-centered virtual knockout framework identified a connected redox-
inflammatory module involving SOD1, NQO1, RAF1, MAPK1, HMOXI1, and GPX4 (Figure
9), supporting NFKBIA as a putative network node linking oxidative defense and inflammatory

signaling.

Figure 8. Regulatory and intercellular mechanisms associated with oxidative stress-related
monocyte remodeling in GSE290679. (A) Spatial mapping of NRF2-related activity, NF-kB
activity, NFKBIA expression, and oxidative stress activity across monocyte states; color
intensity indicates relative activity or expression. (B) Pseudotime analysis showing an ordered
monocyte evolution axis with dynamic changes in oxidative stress activity and NFKBIA. (C)
NicheNet-based prioritization of candidate upstream ligands expressed by sender cell
populations and linked to receiver monocyte states. (D) Distribution of a reprogramming-
related score indicating heterogeneous pathological remodeling within the monocyte

compartment.
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Figure 9. NFKBIA-centered network perturbation analysis in monocytes. Virtual
knockout/stability analysis of the oxidative stress-related regulatory module identifies
coordinated interactions among NFKBIA, SOD1, NQO1, RAF1, MAPK1, HMOXI1, and
GPX4. Edge retention was based on absolute Spearman correlation coefficient > 0.30 with
false-discovery-rate-adjusted P < 0.05. The result is interpreted as computational evidence of

putative network dependency rather than direct experimental knockout.

4. Discussion

In this study, we combined bulk blood transcriptomics with complementary single-cell
interrogation to derive and biologically contextualize an oxidative stress-anchored diagnostic
signature for sepsis. At the bulk level, MAPK1, NFKBIA, and RAF1 emerged as a compact
three-gene set with acceptable discrimination and an interpretable nomogram. At the cellular

level, the same signal localized preferentially to discrete monocyte states characterized by
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coupled oxidative-stress and inflammatory activity, trajectory progression, and NFKBIA-
centered network stability. Recent consensus and cohort studies increasingly support viewing
sepsis as a transcriptomically heterogeneous syndrome with reproducible immune-
dysregulation states rather than a single uniform host-response pattern, which is consistent with

the framework advanced here.[15-19]

The diagnostic performance of the model should be interpreted pragmatically. Training
performance was good and external validation remained acceptable, but attenuation in the
validation cohort indicates expected between-cohort heterogeneity rather than complete
transportability across all settings. This is not surprising in sepsis, where sampling time, clinical
severity, pathogen spectrum, organ support, assay platform, and special populations such as
immunocompromised hosts can all reshape host-response readouts and pretest
probabilities.[2,4-9,20] From a translational perspective, the value of the three-gene panel lies
less in replacing clinical judgment than in offering a compact host-response signal that can be

tested prospectively alongside routine markers and clinical scores.

A key conceptual advance provided by the new analyses is clarification of cellular context.
The original bulk results highlighted neutrophil-associated pathways and broad immune
dysregulation, which remain biologically plausible and consistent with whole-blood
composition shifts.[2,3,12] However, recent single-cell studies have also shown that clinically
relevant septic remodeling is concentrated within heterogeneous monocyte states with
immunosuppressive, diagnostic, or tissue-specific features.[21-24] Our results align with this
direction by localizing the oxidative stress-centered three-gene signal to specific monocyte

states rather than to a diffuse pan-leukocyte program.

Among the three genes, NFKBIA is particularly relevant when the bulk and single-cell
results are viewed together. NFKBIA encodes the classical negative-feedback brake of NF-kB
signaling, and its localization within oxidative stress-high monocyte territories is consistent
with a setting in which inflammatory induction and counter-regulatory restraint are engaged
simultaneously.[25] The overlap between oxidative stress activity, NF-kB-related activity, and
NRF2-related activity further supports a model of coupled inflammatory-redox remodeling

rather than isolated oxidative injury.[10,19,26,27] In this context, NFKBIA may mark a
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putative network position through which antioxidant defense and inflammatory signaling are

associated, although direct perturbation experiments are needed.

The trajectory, ligand-prioritization, and perturbation analyses add another mechanistic
layer. Rather than depicting septic monocytes as static end states, pseudotime inference
suggests an ordered pathological evolution axis along which oxidative stress activity and
NFKBIA vary dynamically. Candidate upstream ligands such as IL1B, TNF, IFNG, and CSF1
are biologically congruent with the inflammatory milieu of sepsis and provide a plausible
extracellular framework for sustaining the monocyte program. The broad distribution of the
reprogramming-related score indicates that this process is not restricted to a rare cell subset but
affects a sizeable fraction of monocytes with variable intensity, which is consistent with the

clinical heterogeneity and temporal fluidity of sepsis.[13,14,21-24]

These additions also sharpen the interpretation of the pathway results. Neutrophil
degranulation, translation initiation, and oxidative phosphorylation-related signals identified in
the bulk analysis remain relevant, but the single-cell data argue that at least part of the stress-
response component is rooted in monocyte state remodeling rather than merely in shifts in
overall cell proportions.[10,11,26] This distinction matters because it raises the possibility that
the three-gene signature may reflect a disease process with cellular organization and regulatory

structure, making it more amenable to mechanistic follow-up than a purely empirical classifier.

Several limitations remain. First, the diagnostic model was derived retrospectively from
public bulk datasets and showed only moderate external validation, so prospective multicenter
benchmarking against clinically relevant comparators, including procalcitonin, SOFA score,
blood culture, and routine inflammatory markers, is still required. Second, the discovery and
validation datasets differed in platform, specimen composition, sampling context, and clinical
annotation, which may limit transportability. Third, the study lacks direct qPCR, ELISA,
Western blot, phospho-signaling, or functional perturbation validation. Fourth, the single-cell
analyses were incorporated as mechanistic support rather than as a formally independent
clinical validation cohort and therefore should be interpreted as biologically reinforcing rather
than definitive. Finally, model performance has not yet been tested across

immunocompromised populations, distinct infection sources, pathogen categories, geographic
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cohorts, or integrated omics settings.[20,28-30]

Overall, the present revision connects a compact diagnostic panel to a specific monocyte-
centered disease program, providing a more cautious and biologically contextualized

framework for future clinical and experimental testing.

Inflammatory Monocyte Oxidative- Three-gene Diagnostic
ligand milieu | signaling state stress host-response | interpretation
remodeling signal
IL1B, TNF, NF-kB/NRF2- Redox- MAPKI1, Sepsis risk
IFNG, and related inflammatory NFKBIA, and stratification
CSF1 candidate monocyte transcriptional | RAF1 signature requiring
inputs activity remodeling prospective
testing

Scheme 2. Proposed mechanistic interpretation linking inflammatory ligand input, monocyte
NF-kB/NRF2-related activity, oxidative-stress remodeling, and the MAPK1/NFKBIA/RAF1
host-response signature. The scheme summarizes a hypothesis-generating framework and does

not imply proven causal regulation.

5. Conclusion

The MAPK1/NFKBIA/RAFI signature may provide an interpretable host-response signal
for sepsis diagnosis, and the monocyte-centered single-cell findings support its biological
plausibility. Prospective clinical validation and orthogonal experimental studies are required

before clinical utility or causal relevance can be inferred.
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