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Background: In recent years, the Systemic Inflammation Response Index (SIRI) has demonstrated unique advantages in evaluating 
sepsis prognosis. This study aims to investigate the predictive value of SIRI for 28-day outcomes in sepsis patients, and develop and 
validate a prognostic model for 28-day mortality.
Methods: The demographic characteristics, disease severity, laboratory tests, treatments, and outcome measures were recorded from 
the adult sepsis patients. The restricted cubic splines and the ROC curve analysis were employed to evaluate the relationship and 
predictive capability of SIRI. Next, SIRI was categorized into tertiles, and univariate and multivariate Cox regression analyses were 
performed to assess its association with prognosis, supplemented by Kaplan-Meier (K-M) curves, and compare mortality differences. 
Patients from the First Affiliated Hospital of Soochow University were randomly allocated into training and internal validation sets at 
a 3:1 ratio, using the Boruta algorithm and LASSO regression and a prognostic model was constructed via logistic regression, while 
patients from the First People’s Hospital of Zhangjiagang City served as the external validation set. Then, the predictive performance, 
accuracy, and clinical utility of the model were validated using the ROC curve, Hosmer-Lemeshow test, calibration curve, and decision 
curve analysis (DCA).
Results: The 380 patients from the First Affiliated Hospital of Soochow University and 240 patients from the First People’s Hospital 
of Zhangjiagang City were enrolled for the present study. The restricted cubic spline analysis revealed a nonlinear increasing trend in 
mortality risk with rising SIRI levels. The ROC curve analysis demonstrated that SIRI has superior predictive capability than the 
APACHE II and SOFA scores. When SIRI was categorized into tertiles, both the univariate and multivariate Cox regression analyses 
identified SIRI as significantly associated to 28-day prognosis (p<0.001). The K-M curves further confirmed that higher SIRI levels 
correlated to lower 28-day survival rates (p<0.001). In the training set, the Boruta algorithm combined with LASSO regression 
selected six independent risk factors: blood urea nitrogen (BUN), age, phosphorus (P), lactate (Lac), mechanical ventilation (MV), and 
SIRI. These were incorporated into the predictive model through logistic regression analysis. The ROC curve analysis revealed that the 
model exhibited good predictive performance across the training set (AUC: 0.851), internal validation set (AUC: 0.908), and external 
validation set (AUC: 0.792). The calibration of the model was verified using the Hosmer-Lemeshow test and calibration curve, while 
DCA was performed to confirm its clinical utility.
Conclusion: SIRI is significantly correlated to the 28-day prognosis in sepsis patients, and has excellent predictive value for short- 
term outcomes. The prediction model that incorporated SIRI exhibited high prognostic accuracy.
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Introduction
Sepsis is a life-threatening acute organ dysfunction syndrome caused by a dysregulated host response to infection.1 This 
severe condition is associated to high mortality rates, and has far-reaching consequences for patient health, healthcare 
systems, and socioeconomic stability.2

Although various scoring systems such as SOFA and APACHE II are widely used in clinical practice, they have 
limitations in capturing dynamic immune-inflammatory changes. In recent years, immune-related composite indices have 
gained increasing attention for their simplicity and prognostic potential. Among them, the Systemic Inflammation 
Response Index (SIRI) has not yet been extensively studied in sepsis populations, and no predictive models based on 
SIRI have been developed to date.

The Systemic Inflammation Response Index (SIRI) is a composite biomarker that quantitatively consolidates the data 
of three immune cell populations via the following formula: SIRI = (absolute neutrophil count × absolute monocyte 
count) / absolute lymphocyte count. This index dynamically evaluates systemic inflammation and immune balance. 
Neutrophils, as key mediators of innate immunity, exert a profound influence on the magnitude of inflammatory 
responses, which is a process governed by its activation state.3 Monocytes, which are endowed with the dual capacity 
for phagocytic clearance and immune modulation, are well-documented participants in the pathogenesis of a spectrum of 
diseases.4,5 Lymphocytes, which are central orchestrators of adaptive immunity, assume indispensable roles in combating 
infections, managing autoimmune disorders, and combating malignant transformations that play pivotal roles in adaptive 
immunity, and are key regulators in infections, autoimmune diseases, and malignancies.6,7 Given the central roles of 
these immune cells in sepsis, SIRI provides a comprehensive reflection of both inflammation and immune suppression, 
which are hallmark features of sepsis pathophysiology.

By synthesizing changes in these three immune cell lineages, SIRI not only reflects the degree of inflammation and 
immune suppression, but also provides valuable reference for risk stratification and prognosis prediction in sepsis 
patients. Its clinical utility has been demonstrated in prognostic evaluation across multiple diseases.8–11 Compared to 
conventional inflammatory parameters, the innovation of SIRI lies in its incorporation of the interplay among three 
immune cell types, aligning well with sepsis pathophysiology.12–16 Consequently, SIRI offers unique advantages for 
prognostic assessment in sepsis patients. However, research on the application of SIRI in sepsis remains exploratory, and 
no SIRI-based prognostic prediction model for sepsis have been reported to date. The present study aims to investigate 
the evaluative and predictive value of SIRI for 28-day prognosis in sepsis patients. Furthermore, the present study 
embarks on the development of a predictive model that leverages machine learning algorithms. Both internal and external 
validations were conducted to rigorously evaluate its clinical relevance and practical utility.

Materials and Methods
Study Design and Participants
The present dual-center, retrospective observational study collected clinical data from 560 sepsis patients who were 
admitted to the intensive care unit (ICU) of the First Affiliated Hospital of Soochow University, and 404 sepsis patients 
who were admitted to the ICU of the First People’s Hospital of Zhangjiagang City between July 2022 and July 2024. All 
enrolled patients met the Sepsis-3.0 diagnostic criteria. Diagnostic criteria for sepsis: Sepsis diagnosis was established 
according to the 2016 International Guidelines for Management of Sepsis and Septic Shock (2016 Sepsis-3.0),1 

Documented or suspected infection, and qSOFA OR ΔSOFA (an acute change in total SOFA score of ≥2 points from 
baseline).

Inclusion criteria: All adult patients (≥18 years old), who met the aforementioned diagnostic criteria for sepsis, were 
included for the present study.

Exclusion criteria (patients were excluded when they met any of the following criteria): (1) patients who were <18 
years old; (2) patients diagnosed with malignancy or hematologic disorder; (3) patients with chronic viral infections 
(including hepatitis B virus); (4) patients with a history of organ transplantation; (5) pregnant or lactating patients; (6) 
patients with autoimmune diseases or patients who recently received immunosuppressive therapy; (7) patients with 
a recent history of radiotherapy or chemotherapy.
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Elimination criteria: (1) hospitalization duration of <24 hours; (2) missing critical laboratory data (including complete 
blood count); (3) unavailable follow-up outcomes.

According to the predefined inclusion and exclusion criteria, 102 patients were excluded from the First Affiliated 
Hospital of Soochow University and 74 patients were excluded from the First People’s Hospital of Zhangjiagang City. At 
the First Affiliated Hospital of Soochow University, 102 patients were excluded due to the following reasons: 48 patients 
had pre-existing malignancies or hematologic disorders, 35 patients had chronic viral infections (including hepatitis 
B virus), five patients were organ transplant recipients, three patients were pregnant or lactating women, seven patients 
had autoimmune diseases or recent immunosuppressive therapy, and four patients recently underwent radiotherapy or 
chemotherapy. In addition, the following patients were further excluded due to the following: 30 patients had 
a hospitalization duration of <24 hours, 34 patients had missing critical laboratory data (including complete blood 
count), and 14 patients had unavailable follow-up outcomes. At the First People’s Hospital of Zhangjiagang City, 74 
patients were excluded due to the following reasons: 28 patients had pre-existing malignancies or hematologic disorders, 
31 patients had chronic viral infections, three patients were organ transplant recipients, five patients were pregnant or 
lactating women, five patients had autoimmune diseases or recent immunosuppressive therapy, and two patients recently 
underwent radiotherapy or chemotherapy. In addition, the following patients were further excluded due to the following: 
33 patients had a hospitalization duration of <24 hours, 38 patients had missing essential laboratory data, and 19 patients 
had unavailable follow-up outcomes. After rigorous screening, 380 eligible patients from the First Affiliated Hospital of 
Soochow University and 240 eligible patients from the First People’s Hospital of Zhangjiagang City were finally 
included for the statistical analysis. The present study was approved by the ethics committees of the two centers 
(Ethics approval nos: 2025221 and ZJGYYLL-LW-2025-03-014).

Data Extraction and Preprocessing
The following variables were considered for the present study: (1) demographic characteristics: age, gender, and body 
mass index (BMI); (2) underlying comorbidities: hypertension (HTN), diabetes mellitus (DM), coronary heart disease 
(CHD), chronic obstructive pulmonary disease (COPD), chronic liver disease (CLD), chronic kidney disease (CKD), and 
stroke; (3) disease severity scores: Acute Physiology and Chronic Health Evaluation II (APACHE II) score and 
Sequential Organ Failure Assessment (SOFA) score (within 24 hours of admission); (4) baseline vital signs on admission: 
heart rate (HR), respiratory rate (RR), systolic blood pressure (SBP), and diastolic blood pressure (DBP); (5) laboratory 
parameters (worst values within 48 hours of admission): (a) blood gas analysis: PH, partial pressure of carbon dioxide 
(PaCO2), oxygenation index (PaO2/FiO2), and lactate; (b) complete blood count: white blood cell count (WBC), 
lymphocyte count (LYM), monocyte count (MON), neutrophil count (NE), hemoglobin (HB), red blood cell distribution 
width (RDW), and platelet count (PLT); (c) coagulation profile: prothrombin time (PT), activated partial thromboplastin 
time (APTT), fibrinogen (FIB), and D-dimer; (d) biochemical markers: total bilirubin (TBIL), alanine aminotransferase 
(ALT), aspartate aminotransferase (AST), albumin (ALB), blood urea nitrogen (BUN), serum creatinine (SCr), blood 
glucose (GLU), total cholesterol (TC), triglycerides (TG), high-density lipoprotein (HDL), low-density lipoprotein 
(LDL), lactate dehydrogenase (LDH), potassium (K), sodium (Na), chloride (Cl), calcium (Ca), and phosphorus (P); 
(6) treatment modalities: continuous renal replacement therapy (CRRT) and mechanical ventilation (MV); (7) clinical 
outcome: mortality at 28 days (with 28-day mortality as the primary clinical endpoint).

Statistical Analysis
Since the present study was retrospective in nature, no sample size calculations were performed. Variables with a missing 
data rates that exceeded 30% were excluded from the analysis, while for variables with missing data rates below 30%, 
multiple imputation was applied. Categorical variables were presented in percentage (%). Continuous variables with non- 
normal distribution were presented in median and quartile, while variables with normal distribution were presented in 
mean and standard deviation (mean [S.E.]). Statistical comparisons between categorical variables were conducted using 
chi-square test, and comparisons between two groups of continuous variables were conducted using t-test or nonpara
metric test.
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In the training cohort, feature selection was performed using the least absolute shrinkage and selection operator (LASSO) 
regression and Boruta analysis. Statistically significant variables (p<0.05) were identified as independent risk factors, and 
included in the final logistic regression model. Then, a corresponding nomogram was plotted. Model prediction accuracy was 
assessed using the area under the receiver operating characteristic curve (AUC), and the consistency between the predicted and 
actual values was evaluated via the calibration curve. Then, the clinical benefits were analyzed using the decision curve. Data 
description was performed using the Tableone software package, LASSO regression analysis was performed using glmnet, and 
Boruta analysis was performed using boruta. The nomogram and calibration curve were plotted using rms, and the receiver 
operating characteristic (ROC) curve was plotted using pROC. All statistical analyses were performed using R 4.3.0 (https:// 
www.r-project.org). A two-sided p-value of <0.05 was considered statistically significant. The present study was designed and 
analyzed according to the Transparent Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis 
(TRIPOD) statement.

Results
Characteristics of the study Cohort
Based on the inclusion and exclusion criteria, 380 sepsis patients from the First Affiliated Hospital of Soochow University and 
240 sepsis patients from the First People’s Hospital of Zhangjiagang City were enrolled for the statistical analysis. Sepsis 
patients from the First Affiliated Hospital of Soochow University were divided into two groups based on the 28-day prognostic 
outcomes: survival group (259 patients) and death group (121 patients). At a 3:1 ratio, sepsis patients from the First Affiliated 
Hospital of Soochow University were randomly allocated into two sets: training set and internal validation set. There were no 
statistically significant differences in baseline characteristics between the two groups (Table 1). Sepsis patients from the First 
People’s Hospital of Zhangjiagang City served as the external validation set. A flowchart is presented in Figure 1.

The Relationship Between SIRI and Prognosis of Sepsis
The restricted cubic spline analysis (Figure 2) revealed a non-linear increasing trend in mortality risk with elevated SIRI 
levels in sepsis patients.

Predictive Value of SIRI for the Prognosis of Sepsis
The ROC curve analysis revealed that the AUC values for the SIRI, APACHE II score, and SOFA score were 0.732 (95% 
CI: 0.680–0.785), 0.647 (95% CI: 0.592–0.702), and 0.647 (95% CI: 0.588–0.706), respectively. Notably, SIRI had 
a significantly higher predictive accuracy, when compared to both the APACHE II (p=0.026) and SOFA (p=0.037) 
scores, indicating its superior prognostic performance (Figure 3).

Correlation Between SIRI Levels and Clinical Outcomes in Sepsis
Patients were stratified into three groups according to SIRI tertiles: Q1 group (SIRI <33%, SIRI <3.72 × 109/L; n = 126), 
Q2 group (33% ≤ SIRI < 67%, 3.72 × 109/L ≤ SIRI < 9.04 × 109/L; n = 128), and Q3 group (SIRI ≥ 67%, SIRI ≥ 9.04 × 
109/L; n = 126). The baseline characteristics across these three groups are presented in Supplementary Table 1.

In Model 1, the mortality risk of sepsis patients significantly increased with the increase in SIRI levels. After 
progressively adjusting for covariates in Model 2 and Model 3, SIRI remained as an independent predictor of mortality, 
with a persistent dose-dependent increase in death risk (all, p<0.05) (Table 2).

The Kaplan-Meier (K-M) survival analysis (Figure 4) further revealed that patients in higher SIRI tertiles had 
progressively elevated 28-day in-hospital mortality (p<0.001), confirming the graded association between SIRI levels 
and poor clinical outcomes.
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Table 1 Comparison of Baseline Characteristics Between Survival and Non-Survival Groups

Characteristic Totality Survival Group Died Group P value

n=380 n=259 n=121

Demographic characteristics

Age, years 66.00 (51.00, 76.00) 61.00 (48.00, 74.00) 69.00 (60.00, 79.00) <0.001
Female, n(%) 146 (38.4) 101 (39.0) 45 (37.2) 0.823

BMI, Kg/m2 22.83 (20.72, 25.46) 22.85 (20.86, 25.78) 22.49 (20.23, 25.04) 0.214

Basic comorbidities
HTN, n(%) 207 (54.5) 135 (52.1) 72 (59.5) 0.217

DM, n(%) 118 (31.1) 82 (31.7) 36 (29.8) 0.798

CHD, n(%) 28 (7.4) 16 (6.2) 12 (9.9) 0.276
COPD, n(%) 24 (6.3) 9 (3.5) 15 (12.4) 0.002

CLD, n(%) 27 (7.1) 21 (8.1) 6 (5.0) 0.396

CKD, n(%) 29 (7.6) 20 (7.7) 9 (7.4) 1
Stroke, n(%) 60 (15.8) 35 (13.5) 25 (20.7) 0.103

Disease severity

APACHE II 16.00 (12.00, 20.00) 15.00 (10.00, 20.00) 18.00 (15.00, 21.00) <0.001
SOFA 8.00 (5.00, 11.00) 7.00 (5.00, 10.00) 9.00 (7.00, 13.00) <0.001

Vital sign

HR 100.50 (85.00, 117.00) 99.00 (84.00, 113.00) 105.00 (90.00, 122.00) 0.027
RR 20.00 (17.00, 25.00) 20.00 (17.00, 24.00) 21.00 (17.00, 26.00) 0.174

SBP, mmHg 115.50 (101.00, 135.00) 117.00 (101.50, 136.50) 113.00 (100.00, 131.00) 0.183

DBP, mmHg 68.00 (58.00, 80.00) 68.00 (58.00, 80.00) 66.00 (55.00, 78.00) 0.17
Blood gas analysis

PH 7.40 (7.32, 7.46) 7.41 (7.34, 7.47) 7.40 (7.29, 7.45) 0.124

PaCO2, mmHg 34.20 (28.83, 41.45) 34.20 (28.50, 40.98) 34.25 (29.25, 43.75) 0.299
PaO2/FiO2, mmHg 228.61 (153.91, 314.49) 240.30 (174.75, 327.27) 199.96 (124.23, 289.56) 0.002

Lac, mmol/L 1.80 (1.10, 3.20) 1.60 (1.00, 2.70) 2.35 (1.50, 4.27) <0.001
Blood routine examination

SIRI, 109/L 6.03 (2.72, 10.86) 4.96 (1.77, 9.03) 9.55 (5.00, 18.95) <0.001

WBC, 109/L 11.59 (7.98, 17.33) 10.74 (7.15, 15.50) 14.17 (10.26, 21.72) <0.001
LYM, 109/L 0.67 (0.41, 1.10) 0.68 (0.42, 1.15) 0.59 (0.36, 0.94) 0.033

MON, 109/L 0.39 (0.21, 0.64) 0.37 (0.18, 0.56) 0.45 (0.27, 0.72) 0.001

NE, 109/L 10.22 (6.84, 15.86) 9.25 (5.77, 13.84) 13.13 (9.27, 19.69) <0.001
HB, g/L 105.00 (88.00, 123.00) 105.00 (88.00, 123.00) 106.00 (90.00, 121.00) 0.682

RDW, % 13.90 (13.00, 15.10) 13.80 (13.00, 14.70) 14.00 (13.30, 15.50) 0.101

PLT, 109/L 131.00 (72.00, 204.00) 134.00 (72.50, 200.50) 130.00 (72.00, 209.00) 0.746
Coagulation analysis

PT, sec 16.10 (14.60, 18.20) 16.00 (14.60, 17.60) 16.85 (14.78, 19.10) 0.007

APTT, sec 44.10 (37.30, 51.38) 43.65 (37.10, 51.45) 44.55 (38.27, 51.25) 0.626
FIB, g/L 4.61 (3.28, 5.93) 4.67 (3.42, 5.97) 4.40 (2.65, 5.88) 0.015

D-dimer, g/L 4.18 (1.90, 9.01) 3.98 (1.90,8.47) 4.68 (2.07,10.23) 0.179

Biochemical index
TBIL, umol/L 16.20 (10.20, 30.00) 15.80 (9.80, 28.20) 16.35 (11.35, 38.07) 0.394

ALT, U/L 31.30 (15.77, 72.83) 28.80 (15.00, 63.55) 38.95 (17.98, 121.40) 0.017

AST, U/L 42.30 (21.92, 104.55) 33.75 (21.00, 78.82) 64.30 (29.25, 155.32) <0.001
ALB, g/L 30.60 (27.40, 33.30) 30.55 (27.52, 33.38) 30.60 (26.90, 33.30) 0.704

BUN, mmol/L 12.65 (7.90, 19.00) 10.95 (7.43, 17.45) 15.40 (9.12, 24.45) <0.001

SCr, μmol/L 97.95 (62.40, 194.40) 92.80 (59.05, 170.90) 107.00 (69.95, 226.10) 0.056
GLU, mmol/L 8.84 (6.24, 11.98) 8.61 (6.13, 11.94) 9.42 (6.57, 12.03) 0.339

TC, mmol/L 2.79 (2.17, 3.62) 2.90 (2.33, 3.76) 2.51 (2.00, 3.20) 0.001

TG, mmol/L 1.36 (0.93, 2.04) 1.43 (1.01, 2.13) 1.23 (0.86, 1.71) 0.005

(Continued)
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Selection of Predictive Variables, Model Construction, and Evaluation of the Predictive 
Model
Selection of Predictive Variables and Model Construction
Sepsis patients from the First Affiliated Hospital of Soochow University were randomly allocated into two sets at a 3:1 
ratio: training set (n=284) and internal validation set (n=96). Sepsis patients from the First People’s Hospital of 

Figure 1 The study flowchart.

Table 1 (Continued). 

Characteristic Totality Survival Group Died Group P value

n=380 n=259 n=121

HDL, mmol/L 0.52 (0.34, 0.72) 0.53 (0.34, 0.74) 0.52 (0.32, 0.69) 0.444

LDL, mmol/L 1.28 (0.81, 1.90) 1.36 [0.86, 2.06) 1.20 [0.70, 1.65) 0.018
LDH, U/L 328.20 (225.00, 498.25) 292.10 (209.20, 420.00) 409.95 (277.55, 716.55) <0.001

K, mmol/L 3.83 (3.45, 4.21) 3.74 (3.41, 4.19) 4.00 (3.66, 4.35) <0.001

Na, mmol/L 140.15 (136.98, 144.33) 139.90 (136.50, 143.60) 140.70 (137.30, 145.20) 0.21
Cl, mmol/L 104.20 (100.30, 108.23) 104.40 (100.40, 109.30) 103.80 (99.75, 106.65) 0.151

Ca, mmol/L 2.02 (1.93, 2.11) 2.03 (1.94, 2.10) 2.02 (1.93, 2.13) 0.83

P, mmol/L 1.00 (0.71, 1.36) 0.93 (0.67, 1.22) 1.16 (0.83, 1.70) <0.001
Treatment-related indicators

CRRT, n(%) 104 (27.4) 54 (20.8) 50 (41.3) <0.001

MV, n(%) 213 (56.1) 113 (43.6) 100 (82.6) <0.001

Abbreviations: HTN, hypertension; DM, diabetes mellitus; CHD, coronary heart disease; COPD, chronic obstructive pulmonary disease; CLD, chronic 
liver disease; CKD, chronic kidney disease; APACHE II, Acute Physiology and Chronic Health Evaluation II; SOFA, Sequential Organ Failure Assessment; 
HR, heart rate; RR, respiratory rate; SBP, systolic blood pressure; DBP, diastolic blood pressure; PaCO2, partial pressure of carbon dioxide; PaO2/FiO2, 
oxygenation index; WBC, white blood cell count; LYM, lymphocyte count; MON, monocyte count; NE, neutrophil count; HB, hemoglobin; RDW, red 
blood cell distribution width; PLT, platelet count; PT, prothrombin time; APTT, activated partial thromboplastin time; FIB, fibrinogen; TBIL, total bilirubin; 
ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALB, albumin; BUN, blood urea nitrogen; SCr, serum creatinine; GLU, blood glucose; TC, 
total cholesterol; TG, triglycerides; HDL, high-density lipoprotein; LDL, low-density lipoprotein; LDH, lactate dehydrogenase; K, potassium; Na, sodium; 
Cl, chloride; Ca, calcium; P, phosphorus; CRRT, continuous renal replacement therapy; MV, mechanical ventilation; SIRI, Systemic Inflammation Response 
Index.
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Zhangjiagang City served as the external validation set. In the training set, the Boruta algorithm initially identified 12 
significant predictive variables: TC, AST, FIB, BUN, Age, K, WBC, LDH, P, Lac, MV and SIRI (Figure 5).

In order to minimize model bias, the LASSO regression further refined the selection to eight key factors: BUN, Age, 
K, Lac, WBC, P, MV and SIRI (Supplementary Figure 1). Then, these eight variables were analyzed using stepwise 

Figure 2 The relationship between SIRI and mortality in sepsis patients. The solid line represents the hazard ratio, and the shaded area represents the 95% confidence 
interval (CI). The vertical axis indicates the mortality risk of sepsis patients.

Figure 3 Comparison of areas in the ROC curve for the SIRI, APACHE II score, and SOFA score.
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logistic regression, finally identifying six independent risk factors: BUN, Age, P, Lac, MV and SIRI. The multivariable 
logistic regression that incorporated these six factors (Figure 6) was used to construct the final prediction model, which 
was visually represented in a nomogram (Figure 7).

Predictive Performance, Accuracy, and Clinical Utility of the Model
The ROC curve analysis revealed that the model had an AUC of 0.851 (95% CI: 0.804–0.898), 0.908 (95% CI: 
0.850–0.967), and 0.792 (95% CI: 0.732–0.852) for predicting 28-day mortality in sepsis patients in the training set, 
internal validation set, and external validation set, respectively, indicating its robust predictive value for short-term 
prognosis in sepsis patients (Figure 8). The Hosmer-Lemeshow test revealed an excellent agreement between the 

Table 2 Univariate and Multivariate Regression Analyses of the Association Between 
SIRI and 28-Day Mortality in Sepsis Patients

Models Q1 Q2 Q3

Unadjusted HR (95% CI) 1 2.808 (1.601–4.925) 4.565 (2.664–7.821)

p-value <0.001 <0.001

Adjusted
Model I HR (95% CI) 1 3.391 (1.768–6.504) 4.758 (2.494–9.077)

p-value <0.001 <0.001

Model II HR (95% CI) 1 2.957 (1.225–14.387) 6.225 (2.693–14.387)
p-value 0.016 <0.001

Notes: Model I adjusted for age, gender and body mass index (BMI); Model II adjusted for age, gender, BMI, 
chronic obstructive pulmonary disease, Acute Physiology and Chronic Health Evaluation II, Sequential Organ 
Failure Assessment, continuous renal replacement therapy, mechanical ventilation, heart rate, PaO2/FiO2, 
lactate, prothrombin time, fibrinogen, alanine aminotransferase, aspartate aminotransferase, lactate dehydro
genase, total cholesterol, triglycerides, blood urea nitrogen, low-density lipoprotein, potassium, and phosphorus. 
Abbriviations: SIRI, Systemic Inflammation Response Index; HR, hazard ratio; CI, confidence interval.

Figure 4 Kaplan–Meier survival curve for 28-day mortality according to different groups of SIRI (Class 1 = Q1 (n = 126), Class 2 = Q2 (n = 128), and Class 3 = Q3 
(n = 126)).
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predicted 28-day mortality and actual observed outcomes of the model (Figure 9)(training cohort: X2 = 5.5997, degrees 
of freedom = 8, p = 0.6920 > 0.05; internal validation cohort: X2 = 5.9355, degrees of freedom = 8, p = 0.6545 > 0.05; 
external validation cohort: X2 = 6.4204, degrees of freedom = 8, p = 0.6002 > 0.05). The decision curve analysis (DCA) 
revealed that this prediction model provided greater net benefit, when compared to both the APACHE II and SOFA 
scores, confirming its clinical utility (Figure 10).

Figure 5 Feature selection based on the Boruta algorithm. Green, clinically significant features retained in the final model to enhance predictive performance; Red, 
statistically insignificant features excluded from further consideration; Yellow, features with borderline importance requiring additional investigation; Blue, shadow features 
(permuted variables) used for comparative benchmarking, but not included in model training.

Figure 6 Multivariable logistic regression analysis of 28-day mortality in sepsis patients.
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Discussion
Despite the advances in medical technology and widespread use of antibiotics, sepsis remains a the leading cause of 
morbidity and mortality worldwide. In 2017, there were approximately 48.90 million sepsis cases globally, resulting in 
11 million deaths,17 A meta-analysis conducted by Michael et al reported an in-hospital 28-day mortality rate of 24.40% 
for sepsis patients.18 Given these staggering statistics, the early identification and prognostic assessment of sepsis 
remains as critical research priorities. The present study revealed that SIRI has a strong correlation with 28-day mortality 
in sepsis patients, and possesses high predictive value. Furthermore, the SIRI-based prediction model developed in the 
present study exhibited a robust prognostic performance.

Although the APACHE II and SOFA scores are widely used in emergency departments and ICUs to assess disease 
severity and predict outcomes in critically ill patients, these have notable limitations.19 The APACHE II score, which is 
based on 12 physiological parameters measured within the first 24 hours of admission, is cumbersome to calculate, and 
lacks real-time applicability. The SOFA score focuses primarily on organ dysfunction, but fails to incorporate key factors, 
such as age and comorbidities, and is relatively insensitive to dynamic changes in immune-inflammatory responses. In 
contrast, SIRI offers distinct advantages in reflecting inflammatory and immune status. The present SIRI-based prediction 
model incorporated multidimensional factors, enabling the early and effective prognostic assessment of sepsis patients. 
Notably, SIRI can be calculated in real-time using routine complete blood count data, making it simple, cost-effective, 
and easily implementable in clinical practice, particularly in resource-limited settings. Furthermore, recent studies have 
extended the application of SIRI to early identification and ICU outcome prediction in conditions, such as pancreatitis, 
cancer, and heart failure,13,14,20–22 highlighting its broad clinical utility.

Given the multifactorial nature of sepsis progression, identifying key risk factors is essential. Using the Boruta 
algorithm, LASSO regression, and logistic regression analysis, six independent risk factors for 28-day mortality were 
identified in sepsis patients: BUN, Age, P, Lac, MV and SIRI. These factors were incorporated into the present prediction 
model, which quantifies the individual contributions to outcomes. The model exhibited excellent predictive performance 
upon internal and external validation. Previous studies support the present findings: advanced age has been independently 
associated to sepsis mortality,23 serum lactate is a well-established prognostic marker in sepsis,24 elevated BUN levels are 

Figure 7 Nomogram for predicting the 28-day mortality in sepsis patients.
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linked to acute kidney injury in sepsis patients,25 mechanical ventilation is required in over 20% of sepsis cases, 
reflecting disease severity,26 and dysregulated phosphorus metabolism (both hypophosphatemia and hyperphosphatemia) 
correlates to disease severity and ICU mortality.27–29 These consistent findings underscore the reliability of the present 
SIRI-based prediction model.

In summary, the present study confirms that SIRI is a simple yet reliable biomarker for assessing sepsis severity, and 
guiding risk stratification and prognostic evaluation. The elevated SIRI values indicated a state of severe inflammation 
and immunosuppression, which was associated to increased risk of organ dysfunction and mortality. Thus, SIRI may 
facilitate the early identification of high-risk patients, informing timely interventions, such as anti-inflammatory therapy, 
immunomodulation, and organ support, in order to improve outcomes. However, the present study has limitations. First, 
merely SIRI values at admission were analyzed without dynamic monitoring, which might have provided more accurate 
prognostic information. Second, the 28-day follow-up period was relatively short. Extended observations (such as 60 or 
90 days) could better elucidate the long-term predictive value of SIRI. Therefore, future multi-center prospective studies 
with a larger sample size are needed to further validate the clinical utility of SIRI. In conclusion, SIRI represents as 
a promising inflammatory and immune marker for sepsis prognosis. Future research should focus in optimizing its 
clinical application strategies, in order to enhance precision in prognostic assessment and therapeutic decision-making for 
sepsis patients.

Conclusion
In conclusion, sepsis remains as a major global health challenge with high morbidity and mortality rates. The present 
study highlights SIRI as a simple and reliable biomarker for assessing sepsis severity and predicting 28-day mortality. 
Compared to traditional scores, such as APACHE II and SOFA, SIRI offers advantages in real-time applicability, and 
reflects the inflammatory and immune status. Through rigorous analyses, six independent risk factors were identified for 
sepsis mortality, which includes SIRI. Then, a prediction model was developed, which exhibited excellent performance. 
However, there were limitations in the present study, such as the single-time-point SIRI measurement, and relatively 

Figure 8 ROC curves for the prediction model for 28-day mortality in sepsis across the training set, internal validation set, and external validation set.
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Figure 9 Calibration curves for the prediction model, APACHE II score and SOFA score for the 28-day mortality prediction for sepsis across the training set (A), internal 
validation set (B), and external validation set (C).
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Figure 10 DCA of the prediction model, APACHE II score, and SOFA score for the 28-day mortality prediction for sepsis across the training set (A), internal validation set 
(B), and external validation set (C).
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short follow-up period. Future research should focus on dynamic SIRI monitoring, longer-term outcomes, and large-scale 
multi-center studies, in order to further validate and optimize its clinical application. Overall, SIRI holds great potential 
as an inflammatory and immune marker for sepsis prognosis, serving as a promising approach to improve early risk 
stratification, and guide timely interventions to enhance patient outcomes.
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