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Proteomics-based machine learning model
for predicting secondary infection in HBV-
related liver failure

Feixiang Xiong1,7, Jianming Zheng2,7, Jiajia Chen3,7, Linhuan Wu4, Yuyong Jiang1,
Lianhe Lu1, Tong Zhou1, Yang Zhou1, Tong Wu1, Yamin Sun 1,5,6 ,
Ronghua Jin 1,5,6 & Yixin Hou 1

Patients with Hepatitis B Virus-related liver failure are highly vulnerable to
secondary infections (SI), yet early predictive tools remain limited. In this
work, we aim to develop and validate a plasma proteomics–based model for
early SI risk assessment. In a prospective multicenter study, 114 patients are
enrolled in the discovery cohort, 60 each in two validation cohorts. Untar-
geted proteomics is used to identify SI-related proteins, followed byMinimum
Redundancy Maximum Relevance based feature selection and logistic
regression modeling. Targeted proteomics and ELISA are applied for external
validation. Inflammatory and coagulation pathway dysregulation is strongly
associated with SI. A final model including Lysozyme (LYZ), Calmodulin 1
(CALM1), Serpin Family D Member 1 (SERPIND1), Dermatopontin (DPT), total
bilirubin, and AST show excellent discrimination (area under the receiver
operating characteristic curve (AUROC) 0.980 in discovery; 0.873 in valida-
tion), outperforming C-reactive protein (CRP), white blood cell (WBC), and
Neutrophil percentage (NE%). It also predicts 28-day mortality better than
Chronic Liver Failure–Consortium Acute-on-Chronic Liver Failure score (CLIF-
C ACLF) and Model for End-Stage Liver Disease (MELD). ELISA measurements
in validation cohort 2 yield consistent trends, and an ELISA-based model
achieve an AUROC of 0.883. This proteomics-derivedmodel reliably identifies
patients at high SI risk and supports early clinical intervention.

Hepatitis B virus (HBV) infection remains a major global public health
burden. As the disease progresses to liver cirrhosis, patients frequently
develop serious complications, including ascites, bacterial infections
(BI), hepatic encephalopathy, and variceal bleeding. Studies have
shown that the incidence of BI in cirrhotic patients ranges from 32 to
40%1,2. Compared to thosewithout BI, patientswhodevelopBI showan

approximately 30% increase in mortality, a significantly lower rate of
clinical remission, and a markedly higher incidence of shock and new-
onset organ failure. The initial episode of BI often marks a critical
turning point in disease progression3. Notably, approximately one-
third of BI are secondary infections (SI) that emerge after hospital
admission, without clinical signs of infection at the time of
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admission1,4. Therefore, early identification of patients at high risk for
SI, even in the absence of initial signs, holds considerable clinical
significance.

Specific risk factors for SI in hospitalized cirrhotic patients remain
poorly defined and require further investigation. Several studies have
indicated that empirical administration of antibiotics or proton pump
inhibitors (PPIs) at admission may increase the risk of infection, par-
ticularly when the daily defined dose (DDD) of PPIs exceeds one5. A
retrospective analysis of 2864 cirrhotic patients identified baseline
bacterial infection, Model for End-Stage Liver Disease (MELD) score
>20, systemic inflammatory response syndrome (SIRS), and use of
lactulose or rifaximin as independent risk factors for SI. However, the

prediction model based on these variables demonstrated limited
accuracy, with sensitivity and specificity of 0.67 and 0.63,
respectively6. A separate study employing machine learning reported
an area under the receiver operating characteristic (ROC) curve
(AUROC) of 0.784, along with sensitivity and specificity of 0.712 and
0.702, respectively, which remained below the threshold for optimal
predictive performance7. Most existing models depend on non-
specific variables, reducing their accuracy in identifying high-risk
individuals. Thus, there is an urgent need to exploremore specific and
predictive biomarkers to enhance early identification and risk stratifi-
cation of patients susceptible to SI.

With advances in proteomics, identifying potential biomarkers
and elucidating diseasemechanisms at themolecular level has become
increasingly feasible8. Proteomics-based prediction models offer
superior specificity for disease forecasting and enable mechanistic
insights into disease progression9. Previous studies have applied pro-
teomic strategies to develop noninvasive diagnostic models for eval-
uating liver fibrosis, inflammation, and steatosis in patients with
alcoholic liver disease, offering newperspectives for clinical screening.
Additional research has identified protein biomarkers associated with
infection susceptibility in cirrhotic patients, thereby advancing the
understanding of underlying molecular mechanisms10. Given these
unique advantages, this study aims to identify and validate proteomic
biomarkers predictive of SI in patients with HBV-related cirrhosis
through a prospective, multicenter design. In this work, a prediction
model integrating both proteomic and clinical features will be con-
structed to support early detection and risk stratification of high-risk
individuals.

Results
Baseline characteristics
A total of 114 patients were enrolled in the discovery cohort, 60
patients were included in the validation cohort 1, and another 60
patients were included in the validation cohort 2. In all cohorts,
patients who developed SI werematched to non-infected controls at a
1:2 or 1:1 ratio. The two groups were comparable in terms of sex and
age distribution. In the discovery cohort, the proportion of male
patients was 70%, with a median age of 55 years. In the validation
cohort 1, 75% were male, with a median age of 50 years. In the valida-
tion cohort 2, 80% were male, with a median age of 51 years. Among
liver-related complications, ascites was frequently observed, with a
prevalence of 68% in the discovery cohort, 63% in the validation cohort
1, and 67% in the validation cohort 2. Most enrolled patients exhibited
signs of severe liver dysfunction, as reflected by significantly elevated
levels of alanine aminotransferase (ALT), aspartate aminotransferase
(AST), total bilirubin (Tbil), and international normalized ratio (INR),
indicating hepatocellular injury, impaired bilirubin metabolism, and
coagulopathy. Inflammatory markers related to infection, including
white blood cell count (WBC), neutrophil percentage (NE%), and
C-reactive protein (CRP), were relatively low at admission, suggesting
that no patients presented with active infection at the time of enroll-
ment. Both the MELD score and the CLIF-C Acute-on-Chronic Liver
Failure (CLIF-C ACLF) score were elevated, indicating a poor overall
prognosis in the study population. In-hospital mortality reached 8% in
the discovery cohort, 10% in the validation cohort 1, and 11% in the
validation cohort 2 (Table 1). Regarding the distribution of SI sites, 16
patients in the discovery cohort developed peritoneal infections, 15
had pulmonary infections, 2 had cholecystitis, 4 developed urinary
infections, and 3 had bloodstream infections (Fig. S2a). In the valida-
tion cohort 1, 9 patients developed peritoneal infections, 5 had pul-
monary infections, 4 had cholecystitis, 1 developed urinary infection,
and 1 had bloodstream infections (Fig. S2b). In the validation cohort 2,
9 patients developed peritoneal infections, 5 had pulmonary infec-
tions, 4 had cholecystitis, 1 developed urinary infection, and 1 had
bloodstream infections (Fig. S2c). In the discovery cohort, the median

Table 1 | Baseline characteristics between discovery cohort
and validation cohort

Variables Discovery
cohort (n = 114)

Validation
cohort1 (n = 60)

Validation
cohort1 (n = 60)

Age 55.71 ± 10.02 49.97 ± 12.18 51.24 ± 13.14

Gender

Female 35 (30.70) 15 (25.00) 18 (20.00)

Male 79 (69.30) 45 (75.00) 42 (80.00)

Hypertension 17 (14.91) 11 (18.33) 12 (20.00)

T2DM 19 (16.67) 13 (21.67) 15(25.00)

Coronary Heart
Disease

1 (0.88) 0 (0.00) 0 (0.00)

Ascites 78 (68.42) 38 (63.33) 40 (66.67)

HE 15 (13.16) 8 (13.33) 7(11.67)

GOV 10 (8.77) 11 (18.33) 9 (15.00)

ALT 152.57 ± 326.90 190.74 ± 452.54 160.74 ± 314.25

AST 127.12 ± 211.59 189.80 ± 464.16 175.24 ± 325.24

Tbil 141.06 ± 158.90 132.69 ± 158.62 135.72 ± 148.14

Alb 37.47 ± 27.31 35.80 ± 6.79 34.12 ± 8.65

GGT 66.89 ± 103.22 69.88 ± 75.76 72.34 ± 80.45

ALP 123.66 ± 65.60 123.81 ± 66.10 125.47 ± 67.21

TC 2.95 ± 1.06 3.11 ± 1.04 3.14 ± 1.07

TG 0.96 ±0.78 1.10 ± 0.80 1.14 ± 0.82

Glu 6.32 ± 2.77 6.21 ± 2.30 6.14 ± 2.47

BUN 6.19 ± 2.76 5.56 ± 3.27 6.10 ± 3.45

Cr 68.59 ± 18.45 71.50 ± 36.77 69.12 ± 34.24

K 3.90 ± 0.46 3.76 ± 0.40 3.66 ±0.45

Na 139.73 ± 4.38 139.27 ± 4.10 139.48 ± 4.19

NH3 30.77 ± 15.67 32.81 ± 18.21 29.14 ± 16.42

INR 1.73 ± 1.68 1.96 ± 2.79 1.85 ± 2.46

PT 18.75 ± 7.40 16.43 ± 4.68 17.47 ± 5.72

WBC 5.12 ± 3.64 4.74 ± 3.25 5.57 ± 3.75

NE% 65.98 ± 12.71 65.17 ± 12.06 65.16 ± 12.98

HB 110.54 ± 30.77 117.14 ± 30.37 115.24 ± 35.27

PLT 91.27 ± 57.71 91.45 ± 43.24 90.24 ± 51.65

HBV-
DNA (log10)

2.27 ± 1.64 2.38 ± 1.84 2.40 ± 1.41

HBsAg 82 (71.93) 50 (83.33) 52 (86.67)

HBeAg 22 (19.30) 20 (33.33) 18 (30.00)

CRP 9.94 ± 15.37 9.06 ± 12.44 9.14 ± 11.27

MELD 34.04 ± 20.17 33.16 ± 9.46 33.16 ± 9.46

CLIF-C ACLF 39.57 ± 12.90 42.89 ± 13.80 40.75 ± 12.72

SI 38 (33.33) 20 (33.33) 30 (50.00)

28-day
mortality

10 (8.77) 6 (10.00) 7 (11.86)

Data are presented as mean ± SD or n (%).
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time from baseline to the occurrence of SI was 6.5 (5–9) days; In vali-
dation cohort 1, themedian timewas 7 (5–10.25) days; and in validation
cohort 2, it was 6.5 (5–9.25) days (Fig. S2d). Overall, peritoneal and
pulmonary infections were the most common types of SI, consistent
with the known infection patterns in patients with HBV-related liver
failure5.

Subsequently, we compared the baseline biochemical character-
istics between patients with and without SI across the three cohorts.
The results showed consistent patterns among all cohorts: patients
who developed SI exhibited worse liver function, higher levels of
jaundice and inflammatory markers, and more impaired coagulation
function compared with non-SI patients. Moreover, the 28-day mor-
tality rate was significantly higher in SI patients, indicating that
patients who developed SI were in poorer baseline condition (Sup-
plementary Data 1).

Specific proteins were then selected using the minimum redun-
dancymaximumrelevance (mRMR) algorithmcombinedwithmachine
learning methods to construct a predictive model. In the validation
cohort, plasma samples were prospectively collected and analyzed
using targeted proteomics to quantify the expression levels of the
candidate proteins, thereby evaluating the model’s predictive perfor-
mance. The overall study design and analytical workflow are illustrated
in Fig. 1.

Plasma untargeted proteomic features in patients with SI
First, weperformedquality control on the proteomic data. As shown in
Fig. S3a, b, the peptide length distribution exhibited the expected
tryptic pattern, and proteins displayed a physiologically consistent
molecular weight–pI distribution. After applying data-completeness
filtering, 4901 proteins were retained for downstream analysis
(Fig. S3c). Protein coverage categories were well balanced, and most
proteins were supported by multiple unique peptides (Fig. S3d).
Principal component analysis based on all quantified proteins showed
no evident site-driven separation among samples from the three study
centers. Samples fromBeijing Ditan Hospital (site 1), HuashanHospital
(site 2), and the First Affiliated Hospital of Zhejiang University School
of Medicine (site 3) were largely intermingled across PC1, PC2, and
PC3, indicating minimal batch effects attributable to collection loca-
tion. Moreover, GR and NGR samples did not cluster by site, further
supporting that inter-center differences did not introduce systematic
variability into the proteomic profiles. (Fig. S3e). In the discovery
cohort, untargeted plasma proteomic analysis identified 974 differ-
entially expressed proteins (DEPs), including 159 upregulated and 815
downregulated proteins in patients with SI. (Fig. 2a and b and Sup-
plementary Data 2). Functional categorization revealed that 27% of the
DEPs were associated with inflammation, 19% with metabolic pro-
cesses, and 9% with coagulation (Fig. 2c). Further pathway enrichment

Fig. 1 | Workflow of the study. Created in BioRender. Xiong, J. (2026) https://BioRender.com/8r7n9gc.
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analysis (KEGG and Wiki Pathway) showed significant enrichment in
platelet activation, complement and coagulation cascades, and various
inflammation-related signaling pathways (Fig. S4a and b, Supplemen-
tary Data 3-4). Gene set enrichment analysis (GSEA) further confirmed
significant enrichment of coagulation- and platelet activation-related
gene sets in the SI group (Fig. S4c), suggesting a potential role for
coagulation system activation in the development of SI in patientswith

cirrhosis. These findings indicated that inflammatory and coagulation
pathways may contribute to SI pathogenesis in patients with HBV-
related liver failure. Previous studies have demonstrated a bidirec-
tional interaction between inflammation and coagulation, wherein
inflammatory stimuli activate the coagulation cascade, and coagula-
tion proteases can trigger inflammatory signaling via cell surface
receptors11.

Fig. 2 | Untargeted proteomics in the training cohort. a Number of upregulated
and downregulated proteins in patients with and without SI; b Heatmap of differ-
entially expressed proteins; c Functional classification of proteins; d Top 20 pro-
teins ranked by correlation with clinical inflammatory and coagulation markers;
eCorrelation scatter plots for the top 3 proteins associated with CRP; The solid line
indicates the linear regression fit, and the shaded area represents the 95% con-
fidence interval of the regression line. Correlation was assessed using Spearman’s
correlation coefficient, with the corresponding r and P values indicated in the
figure. f Correlation scatter plots for the top 3 proteins associated with NE%; The
solid line indicates the linear regression fit, and the shaded area represents the 95%
confidence interval of the regression line. Correlation was assessed using

Spearman’s correlation coefficient, with the corresponding r and P values indicated
in the figure. g Correlation scatter plots for the top 3 proteins associated with PT;
The solid line indicates the linear regression fit, and the shaded area represents the
95% confidence interval of the regression line. Correlation was assessed using
Spearman’s correlation coefficient, with the corresponding r and P values indicated
in the figure. h Correlation scatter plots for the top 3 proteins associated with INR;
The solid line indicates the linear regression fit, and the shaded area represents the
95% confidence interval of the regression line. Correlation was assessed using
Spearman’s correlation coefficient, with the corresponding r and P values indicated
in the figure.
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To further investigate the interplay between inflammation and
coagulation pathways, PPI analysis was performed on the DEPs.
Functional enrichment focused on proteins involved in complement
activation, coagulation, and platelet function. Several immunor-
egulatory proteins, including PLAT, CFHR3, VSIG4, and CLU, were
enriched within complement and coagulation networks (Fig. S4d). In
addition, PTGS1, an inflammation-associated protein, was enriched in
the platelet activation pathway, suggesting that this pathway may
link inflammatory and coagulative responses and support the
hypothesis of cross-regulation (Fig. S4d). To determine the rela-
tionships between commonly used clinical markers of inflammation
and coagulation and the identified proteins, Spearman correlation
analyses were conducted to evaluate associations between protein
levels and CRP, NE%, INR, and prothrombin time (PT). Among the top
20 proteins correlated with CRP, PLAT (a key protein in fibrinolysis)
showed a significant negative correlation (Fig. 2d, Supplementary
Data 5). Previous studies have reported decreased PLAT expression
during BI and systemic inflammatory responses, which potentially
exacerbates the inflammatory state12. In contrast, scatter plot analysis
revealed strong positive correlations between CRP and several
inflammatory proteins, including CALCA, CRP, and SAA2
(P < 0.001) (Fig. 2e).

Among proteins correlated with NE%, HRG and PLG, both closely
related to coagulation, exhibited negative correlations, whereas
PLAUR, a fibrinolysis-related protein, showed a positive correlation
(Fig. 2d, Supplementary Data 6). Previous studies have indicated that
PLG and PLAUR contribute to the resolution of inflammation and may
exert protective effects in infectious diseases characterized by
inflammatory responses13. In contrast, HRG has been associated with
macrophage activation and inflammation in chronic liver disease14.
Further analysis showed a significant positive correlation betweenNE%
and IL1RL1, a pro-inflammatory receptor (P <0.001) (Fig. 2f).

Correlation analyses of PT and INR identified a range of inflam-
matory modulators among the top 20 associated proteins, including
TNFAIP6, IL1RL1, CLEC11A, and SELL, all of which demonstrated sig-
nificant positive correlations (Fig. 2d, Supplementary Data 7–8).
Downregulation of TNFAIP6 has been shown to promote fibrinolytic
pathway activation15, while IL1RL1 has been incorporated into bio-
marker models for predicting venous thromboembolism. The top
three proteinsmost strongly correlatedwith PT and INR also exhibited
strong positive associations with inflammation-related proteins in
scatter plot analyses (P < 0.001) (Fig. 2e–h).

Collectively, these findings revealed strong associations between
inflammation, coagulation, and their regulatory proteins, suggesting
that the pathogenesis of SI may be driven by concurrent dysregulation
of both pathways. These results underscore the potential utility of
jointly targeting inflammatory and coagulation-related proteins to
improve the identification of high-risk patients. To further screen for
clinically applicable biomarkers, targeted proteomic analyses were
conducted, focusing on proteins related to inflammation, coagulation,
and liver function, to construct a more specific and robust pre-
dictive model.

Targeted plasma proteomic features in patients with SI
A total of 60 patients were prospectively enrolled from three clinical
centers, and plasma samples were collected within 48 h of admission
for targeted proteomic analysis to validate DEPs identified during the
untargeted discovery phase. In the validation cohort, 31 DEPs were
successfully detected, including 5 upregulated and 26 downregulated
proteins in patients with SI. Protein abundance changes were visua-
lized using heatmaps (Fig. 3a and b), with detailed information pro-
vided in Supplementary Data 9. Among these 31 proteins, 24% were
related to inflammation or immune responses, while 27% were
involved in coagulation pathways, together accounting for over half of
the identified proteins. These findings further emphasized the pivotal

role of inflammation–coagulation imbalance in the development of SI
in patients with HBV-related cirrhosis (Fig. 3c).

To clarify the relationshipbetween protein expression and clinical
inflammatory/coagulation markers, we performed Spearman correla-
tion analyses between protein levels and CRP, NE%, INR, and PT. The
top 20 proteins correlated with each marker were identified (Supple-
mentary Data 10–13). Among the proteins most strongly correlated
with CRP and NE%, several were coagulation-related, including F2,
ITGA2B, SERPINC1, TF, and PLG (Fig. 3d). F2 serves as the precursor of
thrombin and has been implicated in the progression of HBV-related
liver disease16. ITGA2B has been identified as a key component of
monocyte–platelet aggregates in single-cell RNA sequencing studies of
CHB17. SERPINC1 has been reported to attenuate hepatic inflammation
by inhibiting leukocyte adhesion andmigration18. Both TF and PLG are
key components of the coagulation and fibrinolytic systems, and their
decreased expression in infected patients suggested a close link
between coagulation dysfunction and SI. Correlation scatter plots
confirmed significant positive associations between CRP, NE%, and
these inflammation/coagulation-related proteins (P < 0.001) (Fig. 3e
and f).

Among the topproteins correlatedwith PT and INR, several acute-
phase inflammatory proteins (such as SAA1, S100A9, CRP, and LYZ)
showed strong positive associations (Fig. 2d). SAA1 and CRP are classic
acute-phase reactants, and their strong correlation with coagulation
parameters reflects the synergistic role of systemic inflammation and
coagulation dysfunction in disease progression during infection. LYZ,
a lysozymewith broad-spectrumantibacterial activity, has been shown
in previous studies to promote hemostasis and wound healing when
combined with Cu2 + -loaded nanofibers, suggesting its potential role
in coagulation regulation19. S100A9 has also been reported inmultiple
proteomic studies to covary with coagulation-associated proteins20.
Scatter plots for the top three most strongly correlated proteins fur-
ther confirmed these associations, all showing significant positive
correlations (P < 0.001) (Fig. 3e–h).

Identification of predictive factors for SI
To more effectively identify high-risk patients with HBV-related cir-
rhosis who may develop SI, we constructed a machine learning pre-
diction model based on proteomic data. Partial least squares
discriminant analysis (PLS-DA) was first applied to reduce dimension-
ality and classify protein expression profiles. The analysis revealed a
clear separation between the SI and non-SI groups at the proteomic
level, indicating strong discriminatory power of protein fea-
tures (Fig. 4a).

Among the five machine learning models, the LR algorithm
demonstrated the best overall performance and was selected as the
core classifier for model construction (Fig. 4b and c). The mRMR
algorithm was applied to select the top 20 candidate proteins most
relevant to SI (Supplementary Data 14). These proteins were sequen-
tially incorporated into the LR model, and five-fold cross-validation
was repeated 10 times to calculate average AUROC values across dif-
ferent combinations. Themodel achieved the highest AUROCwhen 10
proteins were included (Fig. 4d, Supplementary Data 15). As a result, a
final panel of 10 proteins was selected asmodel input features: CALM1,
LYZ, TMSB4X, GC, CRP, SERPIND1, DPT, A2M, PF4V1, and SNCA.
Among them, CRP and LYZwere upregulated in the SI group, while the
remaining eight proteins were downregulated (Fig. 4e). All 10 proteins
showed significant differences in expression between the SI and non-SI
groups, indicating their strong discriminatory ability (Fig. 4f).

To enhance the clinical applicability of the model, conventional
laboratory parameters were integrated with proteomic biomarkers.
Following normalization of protein expression data, univariate logistic
regression analyses were conducted, incorporating both proteomic
and clinical variables. Significant associations with secondary infection
were identified for the following factors: ascites (OR: 2.73, 95% CI:
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1.07–7.01, P =0.036), ALT (OR: 1.01, 95% CI: 1.01–1.01, P = 0.024), AST
(OR: 1.01, 95%CI: 1.01–1.01, P =0.022), TBIL (OR: 1.01, 95%CI: 1.01–1.01,
P <0.001), INR (OR: 2.74, 95% CI: 1.50–4.99, P =0.001), WBC (OR: 1.19,
95% CI: 1.06–1.34, P =0.003), NE% (OR: 1.04, 95% CI: 1.01–1.08,
P =0.031), and the 10 candidate proteins (Table 2). Subsequently,
variables with P < 0.05 were included in a multivariate logistic regres-
sion model. This analysis identified six independent predictors: four
protein biomarkers—CALM1 (OR: 0.01, 95% CI: 0.00–0.14, P < 0.001),

LYZ (OR: 17.26, 95% CI: 2.13–140.02, P =0.008), SERPIND1 (OR: 0.06,
95% CI: 0.00–0.14, P =0.001), DPT (OR: 0.36, 95% CI: 0.02–0.61,
P =0.012)—and two clinical indicators: AST (OR: 1.01, 95% CI: 1.01–1.01,
P =0.030) and Tbil (OR: 1.01, 95% CI: 1.01–1.01, P = 0.006) (Table 2).

Construction of ML models for predicting SI
Based on the results of prior analyses, two predictive models for SI
were constructed. Model 1 combined two clinical indicators (AST and

Fig. 3 | Targeted proteomics in the validation cohort. a Number of upregulated
and downregulated proteins in patients with and without secondary infection;
b Heatmap of differentially expressed proteins; c Functional classification of pro-
teins; d Top 20 proteins ranked by correlation with clinical inflammatory and coa-
gulation markers; e Correlation scatter plots for the top 3 proteins associated with
CRP; The solid line indicates the linear regression fit, and the shaded area represents
the 95% confidence interval of the regression line. Correlation was assessed using
Spearman’s correlation coefficient, with the corresponding r and P values indicated in
the figure. f Correlation scatter plots for the top 3 proteins associated with NE%; The
solid line indicates the linear regression fit, and the shaded area represents the 95%

confidence interval of the regression line. Correlation was assessed using Spearman’s
correlation coefficient, with the corresponding r and P values indicated in the figure.
g Correlation scatter plots for the top 3 proteins associated with PT; The solid line
indicates the linear regression fit, and the shaded area represents the 95% confidence
interval of the regression line. Correlation was assessed using Spearman’s correlation
coefficient, with the corresponding r and P values indicated in the figure.
h Correlation scatter plots for the top 3 proteins associated with INR; The solid line
indicates the linear regression fit, and the shaded area represents the 95% confidence
interval of the regression line. Correlation was assessed using Spearman’s correlation
coefficient, with the corresponding r and P values indicated in the figure.
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Tbil) with four protein biomarkers (CALM1, LYZ, SERPIND1, and DPT),
whereas Model 2 incorporated the previously identified panel of 10
candidate proteins. To evaluate predictive performance, both models
were compared with conventional inflammatory markers (CRP, WBC,
NE%) by plotting ROC curves (Fig. 5a). The area under the ROC curve
(AUROC) for Model 1 reached 0.980, significantly outperforming CRP
(AUROC: 0.645, P <0.001), WBC (AUROC: 0.674, P <0.001), and NE%
(AUROC: 0.642, P < 0.001). Although the performance of Model 1 was
statistically comparable to that of Model 2 (AUROC: 0.973, P =0.323),
the reduced number of protein inputs in Model 1 suggested greater
feasibility for clinical implementation (Supplementary Data 16). Fur-
ther comparison of performancemetrics, including F1 score, balanced
accuracy, positive predictive value (PPV), negative predictive value
(NPV), and recall, revealed that Model 1 outperformed all other com-
parator models across these measures (Fig. 5b and c; Fig. S5a; Sup-
plementary Data).

To assess prognostic potential, all patients were followed for 28
days, and model performance in predicting short-term mortality was
evaluated (Fig. 5d). The AUROC of Model 1 for 28-day mortality pre-
diction reached0.883, significantlyhigher than thatof theCLIF-CACLF
score21 (AUROC: 0.545, P <0.001), a prognostic tool for HBV-related
acute-on-chronic liver failure (ACLF). Although no statistically sig-
nificant differences were found when compared with the MELD score
(AUROC: 0.824, P =0.959) or Model 2 (AUROC: 0.937, P =0.252),
Model 1 maintained excellent predictive performance (Supplementary

Data 16). Further comparison of F1 score, PPV, NPV, and recall indi-
cated thatModel 1 outperformedbothMELDandCLIF-CADscores and
performed comparably to Model 2 (Fig. 5d–f; Fig. S5b; Supplementary
Data 16).

Model 1 correctly identified 32 of 38 patients with SI, yielding a
prediction accuracy of 84% and correctly identified 9 of 10 patients
who died within 28 days, achieving a mortality prediction accuracy of
90% (Fig. 5g and h). Analysis of feature importance within Model 1
revealed that the four protein biomarkers contributed most sub-
stantially to predictive performance, highlighting their central role in
identifying high-risk individuals (Fig. 5i). The DCA confirmed that both
Model 1 and Model 2 provided greater net clinical benefit compared
with conventional clinical indicators, with Model 1 showing a slight
advantage over Model 2 (Fig. S5c). Moreover, the calibration curve
demonstrated strong concordance between predicted probabilities
and observed outcomes (Fig. S5d). These results highlight the sub-
stantial clinical value of integrating proteomic features with routine
laboratory parameters for the early prediction of SI in HBV-related
cirrhosis.

Validation of the ML model for predicting SI
To assess the generalizability of Model 1 across independent cohorts,
we conducted external validation cohort 1 using a prospective, multi-
center cohort comprising 60 patients with HBV-related cirrhosis.
Model performance in predicting SI was first evaluated by comparing

Fig. 4 | Model performance in discovery cohort. a PLS-DA scores based on pro-
tein levels in patients with and without SI; b Comparison of AUROC among five
machine learning models: Random Forest, Logistic Regression, SVM, LASSO, and
XGBoost; c Comparison of model performance metrics including accuracy,
balanced accuracy, precision, recall, F1-score, andAUROC, showing thedistribution
across the 10 folds (n = 10 folds). Statistical analyses were presented as mean ± SD;
d AUROC comparison using different numbers of proteins for prediction; Statis-
tical analyses were presented asmean ± SD. e Lollipop plot showing the expression

changes of the top 10 proteins achieving the highest AUROC; f Expression levels of
the top 10 proteins in the model in SI (n = 38) and non-SI groups (n = 76). For all
statistical analyses, n denotes the number of biological replicates, defined as
independent human subjects. Statistical analyses were performed by two-tailed
unpaired Student’s t test, and data were presented as mean ± SD. The center line
denotes the median; box limits indicate the upper and lower quartiles; whiskers
extend to 1.5× the interquartile range; points represent individual samples. Source
data are provided as a Source Data file.
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Model 1 with other models. ROC curves (Fig. 6a). Model 1 achieved an
AUROCof 0.873, which was significantly higher than that of traditional
inflammatorymarkers, includingWBC (AUROC: 0.702, P =0.027), NE%
(AUROC: 0.793, P =0.035), and CRP (AUROC: 0.694, P =0.026).
Moreover, Model 1 also outperformed Model 2 (AUROC: 0.815,
P =0.042), further validating its accuracy and robustness in predicting
SI (Supplementary Data 17). Evaluation of other performance metrics,
including F1 score, balanced accuracy, PPV, NPV, and recall, also
demonstrated that Model 1 outperformed all comparator models
(Fig. 6b and c; Fig. S6a; Supplementary Data 17).

In addition, the ability of Model 1 to predict 28-day mortality was
assessed in the validation cohort. ROC curve analysis (Fig. 6d) showed
that the AUROC of Model 1 reached 0.957, significantly higher than
that of the CLIF-C AD score (AUROC: 0.651, P =0.018) andMELD score
(AUROC: 0.864, P =0.036). While no statistically significant difference

was observed betweenModel 1 andModel 2 (AUROC: 0.874, P = 0.154),
Model 1 exhibited superior accuracy and sensitivity (Supplementary
Data 17). Further comparisons of F1 score, balanced accuracy, PPV,
NPV, and recall also indicated that Model 1 outperformed both the
CLIF-C AD and MELD scores and showed comparable performance to
Model 2 (Fig. 6d–f; Fig. S6b; Supplementary Data 17). The confusion
matrices of Model 1 for predicting SI and 28-day mortality in the vali-
dation cohort 1 further demonstrated the model’s discriminatory
performance (Fig. 6g and h). In this cohort, targeted proteomic ana-
lysis confirmed that all four proteins included inModel 1 (LYZ, CALM1,
SERPIND1, and DPT) were significantly differentially expressed
between patients with and without SI (Fig. 6i). Specifically, LYZ levels
were elevated,while CALM1, SERPIND1, andDPT levelswere reduced in
the SI group, consistent with findings from the discovery cohort.
Overall, these findings validated the predictive performance and

Table 2 | Univariate and multivariate logistic regression analyses for predicting SI

Variables P OR (95%CI) P OR (95%CI)

Sex 0.316 0.65 (0.29–1.50)

Ascites 0.036 2.73 (1.07–7.01)

GOV 0.073 3.37 (0.89–12.79)

HE 0.085 2.63 (0.87–7.91)

Hypertension 0.148 0.38 (0.10–1.41)

Coronary Heart Disease 0.992 0.00 (0.00 ~ Inf)

Diabetes 0.479 0.67 (0.22–2.03)

Age 0.432 1.02 (0.98–1.06)

ALT 0.024 1.01 (1.01–1.01)

AST 0.022 1.01 (1.01–1.01) 0.030 1.01 (1.01–1.01)

Tbil <0.001 1.01 (1.01–1.01) 0.006 1.01 (1.01–1.01)

Alb 0.503 1.00 (0.99–1.02)

GGT 0.280 1.00 (1.00–1.01)

ALP 0.271 1.00 (1.00–1.01)

TC 0.710 0.93 (0.63–1.37)

TG 0.753 1.08 (0.66–1.78)

Glu 0.455 0.94 (0.81–1.10)

BUN 0.974 1.00 (0.87–1.15)

Cr 0.701 1.00 (0.97–1.02)

K 0.888 1.06 (0.46–2.48)

Na 0.067 0.92 (0.84–1.01)

NH3 0.761 1.00 (0.98–1.03)

INR 0.001 2.74 (1.50–4.99)

WBC 0.003 1.19 (1.06–1.34)

NE 0.031 1.04 (1.01–1.08)

HB 0.313 0.99 (0.98–1.01)

PLT 0.146 0.99 (0.99–1.00)

CRP 0.138 1.02 (0.99–1.05)

CALM1 <0.001 0.22 (0.11–0.44) <0.001 0.01 (0.00–0.14)

LYZ <0.001 3.74 (2.00–6.97) 0.008 17.26 (2.13–140.02)

TMSB4X <0.001 0.26 (0.13–0.49)

GC <0.001 0.27 (0.14–0.51)

CRP <0.001 2.45 (1.44–4.16)

SERPIND1 <0.001 0.26 (0.13–0.50) 0.001 0.06 (0.00–0.14)

DPT <0.001 0.30 (0.16–0.55) 0.012 0.36 (0.02–0.61)

A2M <0.001 0.34 (0.18–0.64)

PF4V1 0.002 0.39 (0.21–0.70)

SNCA 0.001 0.37 (0.20–0.68)

PT <0.001 1.12 (1.05–1.18)

P values were obtained using the Wald test (two-sided). No adjustment was made for multiple comparisons.
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clinical utility of Model 1 in real-world patients with advanced HBV-
related liver failure, supporting its potential application for early
identification of SI and prediction of short-term mortality risk in clin-
ical practice.

To validate the clinical applicability of these four biomarkers, we
utilized an additional validation cohort 2 consisting of 30 SI patients
and 30 non-SI patients. Plasma levels of the four biomarkers were
measured using ELISA. Consistent with the findings from the discovery
and validation cohorts, the level of LYZ was significantly higher in SI
patients than in non-SI patients (P <0.05; Fig. S7a), while CALM1,
SERPIND1, and DPT levels were significantly lower in SI patients com-
pared with non-SI patients (P < 0.05; Fig. S7b–d). Furthermore, an LR
model constructed using these four biomarkers demonstrated robust
discrimination between SI and non-SI patients, with an AUROC of
0.883 (0.798–0.968) based on ELISA-measured levels (Fig. S7e). These
results indicate that the four biomarkers can effectively distinguish SI
from non-SI patients, and that ELISA provides a convenient approach
for clinical application.

In conclusion, targeted proteomic validation highlighted the cri-
tical interplay between inflammation and the coagulation system. In
patients with HBV-related liver failure, coagulation dysfunction may
amplify inflammatory responses by promoting the recruitment of
inflammatorymediators, while persistent inflammationmay aggravate
coagulation abnormalities, forming a vicious cycle that drives the
onset and progression of SI. Additionally, the use of ELISA in validation
cohort 2 further confirmed the potential of these four biomarkers for
predicting the occurrence of SI, demonstrating their feasibility for
clinical application.

Discussion
In the present study, protein biomarkers associated with SI in patients
with HBV-related failure were identified through the integration of
untargeted and targeted plasma proteomic analyses. A high-
performance machine learning-based predictive model was subse-
quently developed by combining these biomarkers with conventional
clinical indicators. Compared with traditional inflammatory markers
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such as CRP, WBC, and NE%, the model demonstrated superior pre-
dictive capacity across multiple metrics, including AUROC, F1 score,
and balanced accuracy. These findings were robustly validated in an
independent, prospective multicenter cohort. DCA and calibration
curves further confirmed its potential clinical utility. Notably, the
model enabled early risk prediction based on plasma samples col-
lected within 48 h of hospital admission, preceding changes in routine
laboratory markers. The application of ELISA in the validation cohort
further underscores the potential of these biomarkers as promising
indicators for identifying patients at risk of SI. This early stratification
capacity provides an opportunity for timely clinical intervention,
whichmay reduce the likelihood of clinical deterioration and improve
patient outcomes.

The findings also underscored the pivotal role of
inflammation–coagulation crosstalk in the pathogenesis of SI. Previous
studies have reported associations between CRP levels and the risk of
bleeding and venous thromboembolism in cirrhotic patients, and SI is
frequently accompanied by elevated INR, coagulopathy, and gastro-
intestinal bleeding5–7,22. In the current analysis, most coagulation-

related proteins were downregulated and negatively correlated with
inflammatory markers, reinforcing the mechanistic link between coa-
gulation dysfunction and systemic inflammation. Moreover, the
inclusion of Tbil in the final predictive model suggested that pro-
gressive jaundice may contribute to infection susceptibility, which
alignswith prior studies identifying Tbil levels exceeding 188 µmol/L as
a risk factor for infection in decompensated cirrhosis23. These findings
highlight the contribution of hepatic dysfunction to immune vulner-
ability in this population.

The protein markers included in the predictive model were
selected using machine learning algorithms based on their contribu-
tion to predictive performance, thereby minimizing subjective bias.
Each of the four proteins has previously been associated with inflam-
mation, coagulation, or tissue repair. CALM1 has been implicated in
thrombotic complications and systemic inflammation in patients with
COVID-1924 and may also contribute to lung inflammation and sec-
ondary Pseudomonas aeruginosa infections25. LYZ levels in saliva have
been associated with systemic inflammation in cirrhosis and proposed
as a prognostic indicator in patientswith arthritis26. SERPIND1 has been
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identified as a predictive marker for adverse cardiovascular events
following acute myocardial infarction27, and DPT plays a role in vas-
cular repair and wound healing28. Notably, among the four proteins,
LYZ was the only one upregulated in the SI group, suggesting its
potential utility as a sensitive predictive biomarker. Several studies
have explored its clinical relevance in inflammation and infection29–31,
although further investigation is warranted to determine its clinical
applicability.

This study offers several strengths. First, patient recruitment was
conducted prospectively and continuously across three major liver
disease centers in China, ensuring representative sampling. All plasma
samples were obtained before the onset of SI, which provided strong
temporal validity. Second, none of the enrolled patients had received
antibiotic treatment within six months prior to sampling, minimizing
potential confounding and selectionbias. Third, the identifiedproteins
have been consistently reported in previous studies related to
inflammation, coagulation, and tissue repair, supporting their biolo-
gical plausibility. The study was the first to systematically define the
proteomic landscape of SI in HBV-related cirrhosis and to construct a
clinically relevant early-warning model, thereby addressing a sig-
nificant knowledge gap in the field.

Several limitations should also be considered. First, no inter-
nationally recognized tool currently exists for assessing the risk of SI in
HBV-related cirrhosis. Conventional inflammatory markers such as
WBC, NE%, and CRP were used for comparison. However, these mar-
kers often lack sensitivity in the early stages of infection, which limits
their utility as reference standards. Besides, the CRP values obtained
from routine clinical testing did not show the highest correlation with
the MS-derived CRP measurements. One important reason is that the
clinical testswerenot always performed at the same time as theplasma
sampling used forMS, and in somepatients, the clinical CRP result was
simply not available for that time point. As a result, the normal biolo-
gical fluctuations of CRP during acute inflammation likely introduced
additional variability, which explains the modest concordance
observed between the two methods. Second, given the multicenter
design, minor inconsistencies in blood sample processing may have
introduced variability in protein measurements. Nevertheless, tar-
geted proteomic and ELISA test validation demonstrated consistent
expression patterns of key biomarkers across centers, supporting the
robustness of the findings. Third, LYZ has not yet undergone sys-
tematic evaluation in clinical practice. Future studies should aim to
develop accessible and cost-effective assays for LYZ quantification to
support its potential clinical application.

In summary, a multifactorial machine learning model was devel-
oped to predict SI in patients with HBV-related failure, based on inte-
grated proteomic profiling and robust algorithmic selection.
Validation in a prospective, multicenter cohort using ELSIA tests
demonstrated high predictive accuracy and strong clinical potential.
The identified protein biomarkers are functionally linked to inflam-
mation, coagulation, and immune regulation, and may serve as early-
warning indicators to facilitate timely infection management and
improve clinical outcomes in patients with advanced HBV-related liver
disease.

Method
Patients
This study was approved by the Ethics Committees of Beijing Ditan
Hospital, Capital Medical University (DTECKY2023-045-01), Huashan
Hospital, Fudan University (KY2020-679), and the First Affiliated
Hospital, Zhejiang University (IIT0230519B-R1). A prospective, multi-
center cohort study was conducted. Patients in the discovery cohort
were enrolled fromBeijing DitanHospital (CapitalMedical University),
the First Affiliated Hospital of Zhejiang University School of Medicine,
and Huashan Hospital (Fudan University) between June 2024 and
February 2025. The validation cohort 1 was recruited from February to

April 2025. The validation cohort 2 was recruited from May to June
2025. In the discovery cohort, validation cohort, and validation cohort
2, plasma samples were collected within 48 h of admission and ana-
lyzed using untargeted proteomics to identify candidate biomarkers
associatedwith SI. Inclusion criteria were as follows: (1) age between 18
and 75 years; (2) diagnosis of liver failure based on the European
Association for the Study of the Liver (EASL) guidelines32; (3) absence
of clinical or laboratory evidence of bacterial infection at admission;
and (4) provision of written informed consent. Exclusion criteria
included: (1) age <18 or >75 years; (2) coexistence of other liver dis-
eases (e.g., hepatitis C, alcoholic, drug-induced, autoimmune, or her-
editary/metabolic liver diseases); (3) presence of hepatocellular
carcinoma (HCC) or other malignancies; (4) co-infection with human
immunodeficiency virus (HIV); and (5) pregnancy or lactation. The
written informed consent was obtained from all participants prior to
enrollment in the study. This study had been registered in the Chinese
NationalMedical ResearchRegistration Information System (MR-11-24-
043987).

Diagnosis of BI was based on established criteria33. (1) Sponta-
neous bacterial peritonitis: ascitic fluid polymorphonuclear leukocyte
count >250/µL, regardless of culture results; (2) Pneumonia: new pul-
monary infiltrates on imaging plus either (a) at least one respiratory
symptom (e.g., cough, sputumproduction, dyspnea, chest pain), or (b)
at least one physical sign (e.g., rales, crackles) or systemic infection
indicator (e.g., body temperature >38 °C or <36 °C, chills, WBC >
10,000/mm³ or <4000/mm³), after excluding antibiotic interference;
(3) Enteric infection: diarrhea or dysentery with stool cultures positive
for Salmonella, Shigella, Campylobacter, or pathogenic Escherichia
coli; (4) Skin infection: fever with signs of cellulitis; (5) Urinary tract
infection: symptomatic presentationwith pyuria (urineWBC> 15/high-
power field) and a positive Gram stain or urine culture; (6) Blood-
stream infection: positive blood culture in the absence of an identifi-
able infection source elsewhere.

Proteomics
Plasma sample preparation. Plasma samples from patients at the
three participating centers were collected following standardized
SOPs to ensure the accuracy of proteomic analyses. Blood samples
were collected within 48 h of patient admission using EDTA antic-
oagulant tubes. Within 4 h of collection, samples were centrifuged at
750 × g for 10min in the laboratory, and the resulting plasma was
stored at –80 °C.

For each sample, 5 μL of plasma was denatured in 50 μL of
buffer containing 8M urea and 100mM ammonium bicarbonate.
Proteins were reduced with 10mM DTT at 37 °C for 30min and
subsequently alkylated with 50mM IAA in the dark at room tem-
perature. The solution was then diluted with 50mM ammonium
bicarbonate, followed by digestion with trypsin (Promega) at a
protein-to-enzyme ratio of 50:1 overnight at 37 °C. Peptides were
desalted using C18 StageTips and prepared for LC-MS analysis.
Peptide concentrations were measured at 280 nm using a Nano-
drop One spectrophotometer.

LC-MS/MS analysis for DIA
LC–MS/MS analysis was performed using an Orbitrap Astral mass
spectrometer coupled with a Vanquish Neo UHPLC system (Thermo
Fisher Scientific). Peptides fromeach samplewere loadedonto a 50 cm
Low-Load µPAC™ Neo HPLC column (Thermo Scientific) at a flow rate
of 2.2μL/min. The reversed-phase HPLC mobile phases consisted of
0.1% formic acid in water (buffer A) and 0.1% formic acid in 80%
acetonitrile (buffer B). Peptides were separated over 8min using a
linear gradient of buffer B at 1.25 μL/min. The gradient was pro-
grammed as follows: 0–0.1min, 4 to 6% B; 0.1–1.1min, 6% to 12% B;
1.1–4.3min, 12% to 25%B; 4.3–6.1min, 25% to 45%B; 6.1–6.5min, 45% to
99% B; 6.5–8min, held at 99% B. The eluted peptides were analyzed in
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data-independent acquisition (DIA) mode. The survey scan was
acquired from380 to 980m/z at a resolution of 240,000, with an AGC
target of 500% and an injection time of 5ms. DIA MS/MS scans were
acquired from 150 to 2000m/z using a 2m/z isolationwindow, anAGC
target of 500%, and an injection time of 3ms. Normalized collision
energy was set to 25, and the total cycle time was 0.6 s. Full MS scans
were recorded in profile mode, while DIA MS/MS spectra were recor-
ded in centroid mode.

Plasma samples (50μL) were processed using the DBE kit fol-
lowing the manufacturer’s instructions (Shanghai Bioprofile, China).
The magnetic bead–based protein enrichment procedure followed
the methodology described by Omid et al34. First, 20μL of magnetic
beads were washed three times with 200 μL of Washing-Buffer in
tubes. Each wash involved mixing at 317 × g for 30 s, followed by
magnetic separation using a magnetic rack for 1min and removal of
the supernatant. This washing step was repeated for a total of three
washes. Then, 50μL of plasma and 50μL of Incubation-Buffer were
both added to the beads and mixed at 317 × g for 10min at room
temperature. Tubes were placed on the magnetic rack and the
supernatant was discarded. Samples were washed with 150μL of
Washing-Buffer for a total of four washes. For lysis, 40 μL of Elution
Buffer was added to the beads and mixed at 317 × g for 20min at
room temperature. For protein digestion, 1 µL 400mMTCEP and 2 µL
800mM CAA were added into the eluted protein buffer, vortexed,
and 95 °C for 3min (Reduction and Alkylation). Then 160 µL of
50mM NH₄HCO₃ was added, and then proteins were digested with
0.5 µg Lys-C/Trypsin (1:2) at 37 °C overnight. The digestion reaction
was stopped by adding 60μL of STOP solution and by mixing the
tubes at 317 x g for 1min at RT. The whole mixture was transferred to
the C18 stage tip to clean the peptides. Samples were washed
sequentially with 100 μL of methanol and 100μL of 0.1% TFA, and
peptides were eluted with 100 μL of 50% Acetonitrile (0.1% TFA)
twice in the same collection tube. Samples were dried down in a
SpeedVac (Eppendorf), and peptides were redissolved in 10 μL of
buffer with 2% ACN, 0.1%FA. Peptide concentration was determined
using a Nanodrop and then analyzed by LC-MS/MS.

The DIA MS data were analyzed using DIA-NN 1.8.1. MS data were
searched against theUniProtKB reviewed (Swiss-Prot) database (Homo
sapiens (species), 20422 total entries, downloaded 12/2024. The
trypsin was selected as the digestion enzyme. The maximum of 1
missed cleavage sites and a mass tolerance of 10 ppm for precursor
ions and 10 ppm for fragment ions were defined for database search.
Carbamidomethylation of cysteines was defined as a fixed modifica-
tion, while acetylation of protein N-terminal, oxidation of Methionine
was set as variable modifications for database searching. The max-
imum number of variable modifications was 1. The peptide length
range was set from 7 to 30. The charge of the peptide was from 1 to 4.
The fragment ion m/z range was from 150 to 2000. The database
search results were filtered and exported with <1% false discovery rate
(FDR) at the peptide-spectrum-matched level and the protein level,
respectively. Quantification was based on MS1 signal intensity. A
schematic workflow is presented in Fig. S1. The figures were generated
using BioRender.

Targeted proteomics (PRM)
PRM analyses were performed on a Thermo Scientific Q-Exactive HF-X
mass spectrometer using MaxQuant 2.0.1.0. Proteins were digested
with trypsin allowing up to two missed cleavages. Precursor mass
tolerances were set to 20 ppm for the first search and 4.5 ppm for the
main search; MS/MS tolerance was 20 ppm. Carbamidomethylation of
cysteine was set as a fixed modification, and oxidation (M) and
N-terminal acetylation were variable modifications. Database search-
ing used the Homo sapiens SwissProt database (9606, 20,418 entries,
downloaded 2025-04-14) with a target-reverse pattern. PSM, protein,
and site-level FDR were all controlled at 1%.

Quality control
Peptide selection for protein analysis followed the criteria outlined
below. Peptides were required to be 6–24 amino acids in length, contain
no missed K/R cleavages (missed cleavages =0), and be protein-specific
(unique peptides). Peptides containing modification-prone residues
such as methionine or cysteine were excluded. In addition, peptide
scores were required tomeet the following thresholds:Mascot ion score
>20 and MaxQuant score >40. After filtering peptides based on these
criteria, proteins were further enriched according to the number of
remaining unique peptides. For proteins, those with >50% missing
values across samples were removed, whereas proteins with <50%
missing values were retained and subjected to imputation. Imputation
was performed only when a protein was detected in at least two treat-
ment groups. If this condition was met, missing values for that protein
were imputed by replacing them with the minimum observed intensity
within each group35. Using this workflow, a total of 4,901 proteins were
ultimately retained for downstream analyses.

Bioinformatics analysis
Bioinformatic analysis was carried out with Microsoft Excel and R
statistical computing software. Sequence annotation was performed
based on information retrieved from the Kyoto Encyclopedia of Genes
and Genomes (KEGG) database. KEGG pathway enrichment analysis
was conducted using Fisher’s exact test, followed by false discovery
rate (FDR) correction to account for multiple testing. Pathways with a
Fisher’s exact test p <0.01 were considered nominally significant.
Protein–protein interaction (PPI) networkswere constructed using the
STRING database and visualized with Cytoscape software.

Machine learning models
Next, we systematically evaluated the performance of five mainstream
machine learning algorithms: Logistic Regression (LR), Support Vector
Machine (SVM), Extreme Gradient Boosting (XGBoost), Random For-
est (RF), and Least Absolute Shrinkage and SelectionOperator (LASSO)
regression. Evaluation metrics included AUROC, accuracy, balanced
accuracy, precision, recall, and F1 score. By comparing these metrics,
we will select the most suitable machine learning algorithm for con-
structing the predictive model.

ELISA analysis
The ELISA kits used for the validation experiments were purchased
from Abcam, including LYZ (ab267798), DPT (ab272206), and SER-
PIND1 (ab277402). The CALM1 kit was purchased from Cloud Clone
(catalog no. SEG095Hu). ELISA readings were performed using a Bio-
Tek 800 TSmicroplate reader. Samples, reagents, and standards were
prepared according to the manufacturer’s instructions. Specific anti-
bodies against the target proteins were coated onto the microplate
wells. Standards and samples were then added to the wells, allowing
the immobilized antibodies to bind the target proteins. After washing,
a horseradish peroxidase (HRP) conjugatemixture was added, and the
optical density (OD) was measured at 450 nm using the microplate
reader.

Statistical analysis
All statistical analyseswereperformedusingR software (version4.4.0).
Model performance was assessed using receiver operating character-
istic (ROC) curves and area under the ROC curve (AUROC). Compar-
isons between models were conducted using the DeLong test. Clinical
utility and diagnostic accuracy were further evaluated using decision
curve analysis (DCA) and calibration plots. A two-sided P <0.05 was
considered statistically significant.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.
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Data availability
The Proteomics data that support the findings of this study have been
deposited in IPROX with the PXD067174 accession codes. Source data
are provided with this paper.

Code availability
The code used for the analyses in this study is publicly available on
GitHub at: https://github.com/xiang-x98/machine-learning.
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