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Abstract
Background  Sepsis recognition in the ICU remains variable and relies on consensus clinical criteria rather than 
biomarker-defined rules. Routine laboratory and physiologic data often overlap with noninfectious critical illness, 
obscuring early identification. We evaluated whether discovery proteomics could prioritize a concise set of routinely 
obtainable clinical variables, yielding a practical, clinic-first model that distinguishes sepsis from other critical illness.

Methods  In a prospective, single-center pilot at an academic medical center, we enrolled adults within 48 h of 
critical illness onset (sepsis and non-sepsis comparators). Plasma proteomics by LC-MS/MS with diaPASEF identified 
proteins differentiating groups and guided selection of proteome-enriched routine variables for modeling. A Random 
Forest classifier was trained in a Discovery cohort (n = 55) and evaluated in an independent Validation cohort (n = 59), 
with prespecified attention to discrimination, parsimony, and feasibility for electronic health record (EHR) deployment.

Results  Twelve plasma proteins differed between groups at FDR < 0.10, supporting biological separation. 
A parsimonious model using routine predictors ± CCL3 achieved AUC 0.73 in Discovery and AUC 0.76 in the 
independent Validation cohort. Recursive feature elimination demonstrated a parsimony plateau at ~ 9 variables; 
beyond this threshold, further reduction degraded accuracy. Notably, blood urea nitrogen, CCL3 (measured by 
multiplex immunoassay), and creatinine were the final features retained before performance declined, aligning with 
renal stress and inflammatory signaling. Figures present ROC curves and the parsimony profile, highlighting a minimal 
variable set compatible with typical ICU workflows and decision-support systems.

Conclusions  A proteomics-informed, clinic-first strategy produced a parsimonious set of routine variables that 
discriminated sepsis from other ICU critical illness with clinically meaningful accuracy and an immediately actionable 
footprint. Because most predictors are routinely captured in the EHR, the model is EHR-compatible; CCL3 is readily 
measurable on standard immunoassay platforms if adopted locally. These findings justify multicenter studies to 
confirm generalizability and calibration, evaluate real-time integration into ICU workflows, and test whether an early 
recognition adjunct improves timeliness of sepsis care and patient outcomes.
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Background
Sepsis is a clinical syndrome characterized by organ 
dysfunction resulting from a dysregulated host immune 
response to infection. Despite decades of investigation, 
the clinical and immunologic heterogeneity of sepsis has 
prevented the identification of a single biomarker that is 
pathognomonic for the condition. Consequently, recog-
nition remains clinical and is based on a consensus defi-
nition [1].

Organ dysfunction in sepsis is currently operation-
alized using the Sequential (or Sepsis-Related) Organ 
Failure Assessment (SOFA) score, which pre-dates the 
current sepsis definitions and was not originally devel-
oped as a recognition tool for this syndrome [2]. The 
SOFA score is a composite measure of dysfunction across 
six, equally weighted organ systems: respiratory, coagula-
tion, hepatic, cardiovascular, central nervous system, and 
renal. It is designed to be easily used in the clinical set-
ting, facilitating the rapid identification of septic patients 
for timely medical management. Under Sepsis-3 criteria, 
sepsis is defined by suspected infection and an increase 
in SOFA score of two points or more from baseline, inde-
pendent of the organ system(s) involved.

We asked whether a proteomics-informed machine-
learning approach could prioritize a concise, clinically 
accessible variable set for sepsis recognition. We inte-
grated high-dimensional proteomics with established 
clinical measures (SOFA components plus routinely 
obtained laboratories, physiologic parameters, and bio-
markers) to capture non-linear associations that conven-
tional statistics might miss. Related work by Pimienta et 
al. [3] identified a functionally connected plasma protein 
network in murine sepsis using quantitative mass spec-
trometry, supporting our discovery-to-clinic strategy. 
Because comprehensive proteomic profiling is costly and 
impractical at the bedside, we leveraged proteomic sig-
natures distinguishing sepsis from other critical illness 
to identify rapid, clinically measurable variables in a Dis-
covery cohort, then evaluated their predictive value in an 
independent Validation cohort.

Methods
Study design and participants
This prospective, single-center pilot was conducted 
between October 2021 and July 2024 under IRB approval 
(Penn State University Human Subjects Protection 
Office/Institutional Review Board, protocol #15328, 
7/30/2020). We adhered to STROBE [4] recommenda-
tions for cohort studies (Supplementary Materials). We 
used a prespecified Discovery/Validation split with fea-
sibility-based accrual over the study period. We report 
discrimination with 95% confidence intervals and parsi-
mony profiles to provide effect-size estimates that guide 

sample-size planning for a forthcoming multicenter 
validation.

Eligibility
Eligible ICU adults with critical illness and suspected sep-
sis were identified by an electronic health record (EHR)-
based modified early warning system (MEWS) algorithm 
[5] and confirmed by two clinicians. Adults (≥ 18 years) 
enrolled within 48 h of developing critical illness were 
included. Critical illness required respiratory support or 
vasopressors. Sepsis diagnosis followed Sepsis-3 crite-
ria (SOFA increase ≥ 2 with suspected/confirmed infec-
tion) [5, 6]. Exclusions were major immune-modifying 
conditions (active hematologic malignancy, immuno-
suppressive therapy, chronic corticosteroids unless sep-
sis-related, chemotherapy/radiation within the prior 30 
days, HIV with low CD4, solid organ transplant, autoim-
mune diseases).

Data collection
Clinical data (demographics, APACHE II [7–9], Charlson 
index [10], SOFA score (on day 1 and maximum score), 
laboratory measurements, physiologic parameters, infec-
tion characteristics) were drawn from the institutional 
Critical Illness Biorepository (Supplementary Table S1). 
Shock was defined as lactate > 2 mmol/L after adequate 
fluids, with concurrent vasopressor use.

Sample collection and processing
Whole venous blood was collected in EDTA tubes within 
4  h of the clinical enrollment window. Plasma was iso-
lated from whole blood by centrifugation (2000 xg for 
10 min at 4 °C), then frozen at -80 °C. Plasma was thawed 
and processed at a later date in two, matched batches. The 
first batch of plasma samples was used to measure con-
centrations of common inflammatory markers (CCL3, 
CCL7, IL-10, PD-L1, CXCL9, CXCL10, FasL, TRAIL, 
IL-8, IL-18, leptin, TNFR1, IFNg, IL-6, TNF) were mea-
sured on the Proteinsimple (Bio-techne) multiplexing 
platform. These analytes were treated as clinically mea-
sured variables distinct from proteomic measurements.

The second batch of matched plasma samples from 
each patient was thawed in the presence of protease 
inhibitors. Proteins were extracted and digested from 
these samples using a KingFisher Flex magnetic-bead 
workflow (see Supplementary Methods), before undergo-
ing proteomic analysis as detailed below.

Proteomic analysis
Proteins were analyzed by liquid chromatography-mass 
spectrometry (LC-MS) using data-independent acqui-
sition parallel accumulation-serial fragmentation (dia-
PASEF) on a timsTOF platform (see Supplementary 
Methods). Raw files were then processed using DIA-NN 
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(a neural-network-based software platform for DIA pro-
teomics data processing; Aptila Biotech GmbH, Berlin, 
Germany), which performs automated alignment and 
correction of chromatographic retention time and ion-
mobility drift across samples, improving peptide identi-
fication consistency and quantitative reproducibility. In 
practical terms, this alignment step ensures that the same 
peptides are consistently identified and quantified across 
samples despite minor run-to-run variability inherent to 
high-throughput LC-MS experiments.

All plasma was processed in a single batch with ran-
domized plate positions and equine-myoglobin QC 
spike-ins; dia-PASEF/DIA-NN alignment-controlled 
retention-time and ion-mobility variance. Proteomic 
tables were filtered to ≥ 75% non-missing globally and per 
group, followed by k-nearest-neighbor imputation prior 
to differential testing. Differentially expressed proteins 
between sepsis and non-sepsis groups were identified 
using Ingenuity Pathway Analysis (QIAGEN Silicon Val-
ley, Redwood City, CA).

Outcomes
The primary pilot outcomes were feasibility, assessed as 
completeness of clinical and proteomic data (missing-
ness), and adherence to prespecified proteome quality-
control metrics. The key analytic outcome was model 
discrimination, quantified by the area under the receiver-
operating characteristic curve (AUC) for the proteome-
informed clinical model in the Discovery cohort and 
evaluated in the independent Validation cohort. Sec-
ondary outcomes focused on model parsimony, exam-
ined using recursive feature elimination (RFE) to 
identify the smallest predictor set that maintained stable 
performance.

Statistical analysis and machine learning
In Discovery (n = 55), Random-Forest models assessed 
whether differentially expressed proteins could predict 
clinical variables. We used an FDR threshold < 0.1 at 
the protein level to balance false discovery risk against 
type II error (signal loss) in this discovery-oriented pro-
teomics screen. This choice follows common practice in 
exploratory, high-dimensional proteomics when the goal 
is signal prioritization rather than definitive biomarker 
confirmation. Importantly, protein intensities were not 
used directly as model inputs; instead, proteomic signals 
were used to prioritize clinically obtainable variables, 
which were subsequently evaluated in an independent 
validation cohort, mitigating downstream false-positive 
risk [11–13].

For visualization in volcano plots, adjusted p-values 
were transformed as -log10(adjusted p-value), such that 
higher values correspond to greater statistical signifi-
cance after multiple-testing correction.

Variables with proteomic support were used to predict 
sepsis and then evaluated in an independent Validation 
cohort (n = 59, Fig. 1). Discovery performance used leave-
one-out cross-validation (LOOCV) with 10 repetitions; 
Validation performance was estimated by 10 repeated 
applications at the fixed Youden J threshold learned in 
Discovery. RFE iteratively removed least-important vari-
ables to examine parsimony.

Features with high missingness (procalcitonin 73%, 
CRP 63%, infection type 29%) were excluded a priori; 
remaining clinical variables were imputed with MICE 
(predictive mean matching; m = 5; 50 iterations, Supple-
mentary Table S1), stratified by cohort. Proteomic matri-
ces used KNN imputation after filtering as above.

Results
Patient characteristics
Discovery included 38 sepsis and 17 critically ill but non-
septic (CINS) patients; Validation included 31 different 
sepsis and 28 CINS patients with comparable acute ill-
ness severity (APACHE II) and sex distribution (Table 1).

Proteome depth and quality
LC-MS detected 696 protein groups; after filtering, 507 
proteins were consistently quantified. In 90% of samples, 
median CV was < 20%, supporting feasibility of batched 
LC-MS in an ICU pipeline. These metrics, together with 
the single-batch randomized layout and QC spike-ins, 
suggest minimal residual batch effect (Supplementary 
Fig. S1).

Differential expression
In exploratory analyses, 12 proteins differed between sep-
sis and CINS with clear group separation on clustering 
and expected acute phase/inflammatory patterns (Fig. 2; 
Table  2). Many of the differentially expressed proteins 
identified (e.g., CRP, SAA1/2, LCN2, LBP) are well-estab-
lished markers of inflammation and sepsis, supporting 
the biological validity of the proteomic analysis rather 
than representing novel biomarker discovery.

Sepsis classification models
Using a clinic-first, proteome-informed set of 26 clini-
cal/laboratory features (Supplementary Table S2), mean 
AUCs were 0.73 ± 0.01 (Discovery; repeated LOOCV) 
and 0.76 ± 0.01 (independent Validation, Fig.  3). Cre-
atinine was the most strongly associated with the sep-
sis proteomic signature (R²=0.558), followed by PD-L1 
(0.387) and IL-8 (0.363).

We selected Random Forest modeling given its robust-
ness to non-linearities and interactions, tolerance to cor-
related inputs, and straightforward variable importance 
profiles for RFE. In exploratory checks we also fit gra-
dient-boosted trees (XGBoost) and a linear SVM using 
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the same feature set and CV scheme; results were quali-
tatively similar (AUC within < ΔAUC range > of Random 
Forest). We proceeded with Random Forest to maintain 
a single, transparent pipeline across discovery, validation, 
and parsimony analyses.

Feature minimization
Recursive feature elimination (RFE) showed a perfor-
mance plateau ~ 0.75 with ≥ 9 variables, peaking at 0.78; 
accuracy declined below seven variables. Blood urea 
nitrogen (BUN), chemokine ligand 3 (CCL3), and creati-
nine (Cr) were the last features retained before decline, 

underscoring the diagnostic influence of renal function 
and inflammatory signaling (Fig. 4; Supplementary Table 
S3).

.

Discussion
Our analysis identifies a proteomic signature distin-
guishing sepsis from other critical illness that maps onto 
routine clinical measures. Among bedside variables, 
creatinine showed the strongest proteome-guided asso-
ciation and, with BUN and CCL3, remained in the final 
minimal set, consistent with the central role of kidney 

Fig. 1  Flow diagram summarizing the proteomics-informed predictive modeling approach. Blood samples from critically ill patients underwent sample 
processing and proteomic data acquisition using Liquid Chromatography-Mass Spectrometry (LC-MS). Proteins were identified and quantified through 
mass spectrometry data searches. Subsequent statistical and functional analyses identified differentially expressed proteins between sepsis and non-
sepsis critical illness groups. These proteins (FDR < 0.1) were then used in Random Forest predictive modeling to predict clinical variables in a Discovery 
cohort. Clinical variables successfully predicted by proteomic profiles (R² > 0) were retained and subsequently used to predict sepsis status in an indepen-
dent Validation cohort. Recursive Feature Elimination further identified a minimal set of the most predictive clinical variables
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dysfunction in sepsis [14, 15]. These findings suggest that 
readily available renal indices, complemented by targeted 
immune-inflammatory signals, may capture much of the 
information conveyed by costly and time-consuming, 
higher-dimensional proteomic analysis. Because the 
model relies primarily on routine blood analysis, it is 
readily implementable; adding CCL3 is feasible where 
institutions elect to enable a simple immunoassay.

Similarly, declining absolute lymphocyte counts and 
rising inflammatory chemokines (IL‑18) converged in 
our parsimonious nine‑variable model, echoing reports 
that lymphopenia and chemokine storms independently 
portend worse outcomes [16]. By integrating these eas-
ily obtainable laboratory tests with organ‑specific scores 
(e.g., SOFA score), clinicians may additionally capture the 
immune-metabolic state signaled by proteomic assays 
without needing them at the bedside. Furthermore, a pro-
teomics-informed, clinic-first strategy can refine existing 
scores by selectively re-weighting routinely collected pre-
dictors and is well suited for EHR-embedded early rec-
ognition and risk estimation. Analogous to lactate’s role 
in cardiovascular scoring, assigning greater influence to 
creatinine and BUN within renal components may bet-
ter capture underlying biology while preserving workflow 
simplicity. In this pilot, a classifier using routine EHR 
variables ± CCL3 achieved AUCs of 0.73 (Discovery) and 
0.76 (Validation), indicating clinically useful discrimina-
tion with minimal additional testing.

CCL3 (macrophage inflammatory protein-1α) has 
been extensively studied in infection and sepsis [17, 
18], with prior work demonstrating its role in leukocyte 
recruitment, endothelial permeability, and inflammatory 
injury in both experimental models and human disease. 
Accordingly, we do not propose CCL3 as a novel sep-
sis biomarker. Rather, its relevance in the present study 
arises from its emergence as a parsimonious, clinically 
measurable variable within a proteomics-informed mod-
eling framework. The novelty of this work lies in dem-
onstrating how discovery proteomics can be used to 
prioritize and re-weight existing clinical variables, rather 
than introduce new assays, to support early sepsis recog-
nition using EHR-deployable models with independent 
validation.

Among the proteins identified, insulin-like growth fac-
tor binding protein 6 (IGFBP6) is notable because its role 
in sepsis has only recently been described [19]. It has 
been shown to be an active mediator of immune dysfunc-
tion in sepsis, with experimental evidence demonstrat-
ing that IGFBP6 exacerbates infection and organ injury 
through suppression of macrophage recruitment and 
antibacterial responses. In this clinic-first framework, 
IGFBP6 emerges as a supportive inflammatory signal that 
complements routine laboratory data and illustrates the 
translational value of proteomics for improving early sep-
sis risk stratification.

Study limitations include single-center design, modest 
sample size, with feasibility-based accrual over the study 

Table 1  Comparison between Discovery and Validation Cohorts
Discovery cohort
(n = 55)

Validation cohort
(n = 59)

Sepsis (n, %) 40 (71.4%) 31 (52.5%)

Age, years 70.5 [60.0, 76.0] 70.0 [61.0, 77.5]

APACHE II score 22.9 ± 8.0 21.1 ± 6.7

Lactate, plasma (mmol/dl) 3.1 [2.0, 5.0] 2.10 [0.8, 3.9]

Shock (n, %) 29 (51.8%) 50 (84.7%)

Absolute lymphocyte count (K/µl) 0.75 [0.46, 1.06] 0.99 [0.78, 1.15]

SOFA (day 1 of illness) 8.0 [6.8, 11.0] 6.0 [4.5, 10.0]

SOFA (maximum score) 9.0 [6.8, 11.0] 7.0 [5.0, 10.5]

CCL3, plasma (pg/ml) 99.4 [54.6, 133.0] 55.0 [33.6, 78.1]

CXCL10, plasma (pg/ml) 379.0 [164.0, 767.0] 213.0 [118.5, 428.0]

TNFR1, plasma (ng/ml) 5.3 [3.6, 8.6] 4.0 [2.2, 7.9]

Temperature, deg C 36.3 [36.0, 38.2] 36.2 [35.9, 38.1]

Diastolic blood pressure, mm Hg 44.0 [38.0, 49.0] 46.00 [41.0, 51.0]

Mechanically ventilated (n, %) 23 (41.1%) 31 (52.5%)

Glasgow Coma Score 11.5 [6.8, 15.0] 11.0 [7.0, 15.0]

LPS-stimulated IL-6 production (ng/ml) 115.8 [39.0, 328.5] 348.9 [188.6, 743.0]

LPS-stimulated TNF production (ng/ml) 43.1 [14.9, 88.5] 76.2 [35.5, 147.9]

BUN, plasma (mg/dl) 29.0 [18.0, 47.8] 25.0 [16.0, 43.5]

Albumin, plasma (g/dl) 2.79 ± 0.57 3.03 ± 0.68

Total bilirubin, plasma (mg/dl) 1.20 [0.60, 2.08] 0.90 [0.40, 1.60]

Creatinine, plasma (mg/dl) 1.48 [1.01, 2.35] 1.46 [0.86, 2.58]

Hematocrit, % 31.4 ± 5.5 31.5 ± 6.1



Page 6 of 9Ardabili et al. Clinical Proteomics           (2026) 23:22 

period, exclusion of CRP and procalcitonin due to miss-
ingness, and potential circularity from Sepsis-3 (though 
the final model used independent variables). Consistent 
with the exploratory aim of the proteomic screen, we 
adopted a permissive FDR threshold to reduce the risk 
of discarding biologically relevant signals. However, all 

downstream modeling and performance estimates were 
evaluated on clinical variables in an independent cohort, 
providing protection against overfitting and false discov-
ery inflation.

Imputation bias was mitigated by excluding highly 
missing features, using MICE with predictive mean 

Fig. 2  The Plasma Proteome Signature Associated with Acute Sepsis. (A) Heat map with hierarchical clustering of 55 Discovery-cohort plasma samples 
(columns) and 12 differentially expressed proteins (rows; FDR < 0.1). Log2-scaled intensities are z-standardized per protein. Sepsis samples exhibit uni-
formly higher expression (red) of acute-phase proteins (e.g., SAA1/2, CRP) and immune mediators (LCN2, LILRA3) relative to critical-illness non-sepsis 
(CINS) controls. (B) Volcano plot of differential plasma protein expression. Each dot represents a quantified protein (n = 507). The x-axis shows log2 fold-
change (sepsis vs. CINS); the y-axis shows –log10 of the false discovery rate–adjusted p-value, a standard transformation used to visualize statistical signifi-
cance after multiple-testing correction. Proteins meeting FDR < 0.1 and |log2-fold change| >1 are colored red (up-regulated). B2M = beta-2-microglobulin, 
B4GALT = beta-1,4-galactosyltransferase 5, CHI3L1 = chitinase 3 like 1, CRP = C-reactive protein, IGFBP6 = insulin-like growth factor binding protein 6, 
LBP = liposaccharide-binding protein, LCN2 = lipocalin 2, LILRA3 = leukocyte immunoglobulin-like receptor 3, SAA1 = serum amyloid A1, SAA2 = serum 
amyloid A2, THBS4 = thrombospondin 4, VWF = Von Willebrand Factor
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matching, and confirming similar rankings in complete-
case analyses. Results were similar in complete-case 
analyses, supporting robustness to missingness patterns. 
Ongoing work will test organ-specific weighting against 
standard SOFA and selected biomarker panels, evaluate 
calibration and net clinical benefit, and assess generaliz-
ability across settings and case-mix.

Conclusions
A concise set of routine variables, centered on renal func-
tion (creatinine, BUN) and supported by inflammatory 
mediators (e.g., CCL3, IL-18), captures key elements of 
the sepsis-associated proteomic signal and provides clini-
cally meaningful discrimination between sepsis and other 
causes of critical illness. Translating omics insights into 
selective re-weighting of existing frameworks offers a 
practical path to earlier recognition and more informa-
tive risk assessment without additional assays. Future 
work should verify performance across diverse popula-
tions, compare against biomarker panels, and integrate 

Table 2  Protein expression levels in critically ill, septic patients relative to those in non-septic patients
Protein ID Gene name Log2-fold change P-value Bonferroni-adjusted P-value
P0DJI9 SAA2 1.38 0.0026 0.035

P0DJI8 SAA1 1.34 0.0031 0.041

P36222 CHI3L1 1.29 0.0097 0.082

P80188 LCN2 1.29 4.3 × 10− 7 6.0 × 10− 5

O43286 B4GALT5 1.20 7.6 × 10− 7 7.7 × 10− 5

P02741 CRP 1.18 5.8 × 10− 4 0.010

Q8N6C8 LILRA3 1.11 3.2 × 10− 8 1.6 × 10− 5

P35443 THBS4 1.10 7.7 × 10− 5 0.0032

P24592 IGFBP6 1.09 2.5 × 10− 7 6.0 × 10− 5

P61769 B2M 1.07 2.2 × 10− 5 0.0016

P04275 VWF 1.02 7.0 × 10− 4 0.012

P18428 LBP 1.01 1.7 × 10− 4 0.0042

Fig. 4  Recursive Feature Elimination (RFE) Performance Curve. Cross-
validated classification accuracy (y-axis) as a function of the number of 
retained clinical variables (x-axis). Peak accuracy is achieved with nine vari-
ables, beyond which performance plateaus, indicating an optimal minimal 
feature set for rapid bedside implementation. Nine variables marked the 
practical parsimony plateau suitable for EHR-ready implementation. Rou-
tine predictors are EHR-compatible; inclusion of CCL3 is a feasible single-
analyte addition where available

 

Fig. 3  Receiver-operating Characteristic Curves for Sepsis Recognition. (A) Discovery cohort - The Random Forest model trained on 26 proteome-
enriched clinical/laboratory features (Supplementary Table S2) was evaluated with leave-one-out cross-validation (10 repeats). Mean area under the 
ROC curve (AUC) = 0.73; dashed line indicates chance (AUC = 0.50). (B) Validation cohort - The model and fixed decision threshold derived from the Dis-
covery cohort were applied to 59 new patients. Mean AUC = 0.76 over 10 repeated runs, demonstrating robust generalizability. Discovery (n = 55): AUC 
0.73 ± 0.01; Validation (n = 59): AUC 0.76 ± 0.01; dashed line indicates chance (AUC = 0.50).
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these models within EHR workflows to support timely, 
consistent bedside decisions.
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