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Abstract

Aims/Background: Sepsis remains a challenging condition with high short-term mortality despite advances in intensive care, empha-
sizing the significance of early prognostic assessment in guiding treatment decisions. Inflammatory and nutritional-immune indices are
well-established predictors of clinical outcomes in critically ill patients. This study aims to evaluate the prognostic significance of the
systemic immune-inflammation index (SII) and the Naples Prognostic Score (NPS) in predicting 28-day survival outcomes among in-
dividuals diagnosed with sepsis. The study also aims to construct and assess a visual predictive tool—specifically, a nomogram—that
incorporates both of these biomarkers. Methods: This retrospective study analyzed clinical data recorded from patients with sepsis
who were treated in the intensive care unit (ICU) of The People’s Hospital of Cangnan between January 2021 and December 2023.
Applying pre-determined inclusion-exclusion criteria, 324 cases were ultimately included in the final analysis. Comprehensive base-
line data, including clinical features and laboratory findings, were systematically retrieved from the electronic health record system.
Mortality-associated markers were identified within 28 days using univariate analyses followed by multivariable logistic regression,
with SII included as a continuous variable and NPS as a categorical variable. The predictive performance of SII and NPS, both individual
and in combination, was assessed using receiver operating characteristic (ROC) curve. A predictive nomogram was developed, and the
accuracy and clinical utility of the model were then evaluated using calibration plots and decision curve analysis (DCA). Results: The
analysis revealed that higher SII values (p < 0.001) and NPS scores (≥2, p < 0.001) were closely associated with increased 28-day
mortality. Multivariate logistic regression analysis identified SII (p < 0.001) and NPS (≥2, p < 0.001) as independent risk predictors.
A predictive model was developed by combining both SII and NPS, demonstrating a superior area under the ROC curve [area under
the curve (AUC): 0.846] compared to models utilizing either indicator alone. Furthermore, the nomogram that incorporated these two
parameters exhibited high consistency between predicted probabilities and actual outcomes, while also demonstrating strong net clinical
benefit in DCA. Conclusion: SII and NPS are robust and independent predictors of short-term mortality in sepsis. The nomogram de-
veloped from these indicators offers a practical, data-driven approach to individualized risk prediction. This study highlights the clinical
utility of integrating inflammatory and nutritional-immune indices in prognostic evaluation.
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1. Introduction

Sepsis remains a significant cause of adverse out-
comes among critically ill individuals, predominantly
driven by a dysregulated immune response to infection that
results in life-threatening organ dysfunction [1,2]. Annu-
ally, sepsis is estimated to affect approximately 49 mil-
lion people worldwide, with about 11 million deaths, high-
lighting its substantial global health burden [3]. Diagnosis
of sepsis relies on the Sepsis-3 criteria, which define the
condition as life-threatening organ dysfunction caused by a
dysregulated host response to infection [4]. Current treat-
ment strategies emphasize the early administration of an-
tibiotics, fluid resuscitation, hemodynamic support, and or-
gan support therapies [5,6]. Despite these clinical interven-
tions, heterogeneity in disease progression and treatment
response complicates clinical management, and mortality
rates in septic shock remain unacceptably high.

Numerous clinical scoring systems, including the se-
quential organ failure assessment (SOFA) and the acute
physiology and chronic health evaluation II (APACHE II),
are widely used for risk stratification in septic patients [7,8].
Nonetheless, these models often fail to reflect real-time al-
terations in immune status and nutritional reserves, both of
which play critical roles in the onset and progression of
the condition [9–11]. Recent studies have emphasized the
prognostic significance of composite biomarkers that inte-
grate inflammatory and nutritional parameters, demonstrat-
ing their potential in enhancing outcomes prediction across
various critical illnesses [12–14].

The systemic immune-inflammation index (SII), de-
rived from platelet (PLT), neutrophil (NEUT), and lym-
phocyte (LYMPH) counts, serves as a composite mea-
sure of both pro-inflammatory activity and immune surveil-
lance [15,16]. Likewise, the Naples Prognostic Score
(NPS) incorporates parameters such as serum albumin, to-
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tal cholesterol (TC), neutrophil-to-lymphocyte ratio (NLR),
and lymphocyte-to-monocyte ratio (LMR), thereby provid-
ing a multidimensional assessment of inflammation and nu-
tritional status [17,18]. While these indices have shown
prognostic relevance in oncology and cardiovascular dis-
eases, their role in sepsis remains to be elucidated [19–22].

Therefore, this study focused on assessing the prog-
nostic implications of SII and NPS in individuals with
sepsis, and constructing a nomogram model incorporating
these indicators. By integrating routinely available hemato-
logical and biochemical parameters, we aimed to establish
a practical, cost-effective, and easily applicable prognos-
tic tool for individualized risk stratification in clinical set-
tings. Such an approach may enhance the early recognition
of high-risk patients, thereby supporting prompt and tar-
geted therapeutic decision-making. Additionally, the study
provides insights into the complex interaction between sys-
temic inflammatory responses, immune dysregulation, and
nutritional decline during sepsis progression, providing a
novel perspective for prognostic evaluation in critical care.

2. Methods
2.1 Study Design and Population

This retrospective study analyzed the clinical data
from 324 sepsis patients admitted to the intensive care unit
(ICU) of The People’s Hospital of Cangnan, China, be-
tween January 1, 2021 and December 31, 2023. Sepsis
was defined based on the Sepsis-3 criteria [4], particularly
as sepsis accompanied by persistent hypotension requiring
vasopressor therapy to maintain a mean arterial pressure
(MAP) of at least 65 mmHg, along with a serum lactate
level higher than 2 mmol/L despite adequate fluid resusci-
tation.

The criteria for patient inclusion were as follows: (1)
a confirmed diagnosis of sepsis; (2) age ≥18 years; and (3)
availability of clinical and laboratory data within the first
24 hours of ICU admission. However, the exclusion cri-
teria included, patients with (1) hematologic malignancies;
(2) autoimmune disorders; (3) ongoing chronic immuno-
suppressive therapy; (4) recent major surgery or trauma;
(5) pregnancy or lactation; (6) severe pre-existing hepatic
or renal disease; (7) ICU stay of less than 24 hours; and (8)
incomplete essential data.

As shown in Fig. 1, a total of 953 patients were initially
screened, of whom 324 patients met the eligibility criteria
and were included in the study cohort (135 survivors and
189 non-survivors).

2.2 Data Collection
Patient characteristics and clinical parameters were re-

trieved from the electronic medical record system. Key
variables included age, sex, body mass index (BMI), MAP,
underlying comorbidities, number of organ dysfunctions,
use of renal replacement therapy, duration of mechanical
ventilation, ICU length of stay, and 28-day survival sta-
tus. Laboratory data obtained within the first 24 hours

Fig. 1. A flowchart of patient selection. The schematic plan
was created using Microsoft PowerPoint (Office 2021; Microsoft
Corporation, Redmond, WA, USA). The authors have no financial
or personal relationship with Microsoft Corporation, and the use
of this tool does not imply any endorsement. Abbreviation: ICU,
intensive care unit.

of admission were also recorded, including white blood
cell (WBC) count, NEUT, LYMPH, monocyte (MON),
and PLT counts; alanine aminotransferase (ALT); aspartate
aminotransferase (AST); C-reactive protein (CRP); procal-
citonin (PCT); serum albumin; TC; low-density lipoprotein
cholesterol (LDL-C); and high-density lipoprotein choles-
terol (HDL-C). Additionally, disease severity was assessed
using SOFA and APACHE II scores, as described by Vin-
cent et al. [23] and Knaus et al. [24], respectively. All eval-
uations were performed by experienced ICU physicians to
ensure consistency and accuracy.

Inflammatory markers were calculated as follows:
NLR = NEUT / LYMPH; platelet-to-lymphocyte ratio
(PLR) = PLT / LYMPH; LMR = LYMPH / MON; and SII
= PLT × NEUT / LYMPH [25].

The NPS, originally proposed by Galizia et al. [26],
integrates four biomarkers: serum albumin (≥4 g/dL = 0,
<4 g/dL = 1), TC (≥0.47 mmol/dL = 0, <0.47 mmol/dL
= 1), NLR (<2.96 = 0, ≥2.96 = 1), and LMR (≥4.44 = 0,
<4.44 = 1). The total NPS was calculated by summing the
individual parameter scores, which ranged from 0 to 4.

2.3 Statistical Analysis

Statistical analyses were performed using R software
(version 4.3.2; R Foundation for Statistical Computing, Vi-
enna, Austria), with a p-value < 0.05 considered statis-
tically significant. Continuous data were tested for nor-
mality using the Kolmogorov–Smirnov test. Normally dis-
tributed variables were expressed as mean± standard devi-
ation (SD) and compared using the Student’s t-test. Non-
normally distributed variables were presented as median
with interquartile ranges (IQRs) and analyzed using the
Mann–Whitney U test. Categorical data were expressed as
frequencies and percentages, with comparisons performed
using the chi-square test, as appropriate.
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To identify potential predictors of 28-day mortality,
preliminary hypothesis testing was conducted to determine
variables with statistically significant differences between
survivor and non-survivor groups. Variables demonstrating
a p-value < 0.05 were then assessed for multicollinearity
using the variance inflation factor (VIF) and tolerance val-
ues, whereasVIF>5 or tolerance<0.2 indicated significant
collinearity. Only variables without collinearity were in-
cluded in the final multivariable logistic regression model.

Four predictive models were developed: Model A, the
baseline model including conventional predictors; Model
B, the baseline + SII; Model C, the baseline + NPS; and
Model D, the baseline + SII +NPS.Model performance was
examined using receiver operating characteristic (ROC)
curves, with the area under the curve (AUC) calculated for
each model. Optimal cut-off values were determined us-
ing the Youden index, and corresponding sensitivity, speci-
ficity, and p values (compared to AUC = 0.5) were cal-
culated to assess the model’s discriminative ability. Cali-
bration was evaluated using calibration plots, and clinical
significance was determined with decision curve analysis
(DCA). Finally, a nomogram was generated from the final
multivariate logistic regression model to facilitate individ-
ualized risk estimation.

3. Results
3.1 Comparison of Demographic and Clinical
Characteristics Between the Survivor and Non-Survivor
Groups

A total of 324 individuals with sepsis were retro-
spectively analyzed, of whom 135 individuals were clas-
sified into the 28-day survivor group and 189 into the non-
survivor group. Baseline demographic and clinical charac-
teristics of the two study cohorts are detailed in Table 1.

Compared with the survivor group, individuals in the
non-survivor group exhibited a significantly greater preva-
lence of coronary heart disease (p = 0.022), more organ dys-
functions (p = 0.044), shorter ICU length of stay (p = 0.001),
and higher SOFA (p = 0.001) and APACHE II scores (p =
0.010). Laboratory findings revealed substantially elevated
NEUT (p = 0.002), PLT (p< 0.001), NLR (p< 0.001), and
PLR (p< 0.001), along with lower LYMPH (p< 0.001), al-
bumin (p = 0.036), TC (p = 0.013), and LDL-C (p = 0.023).
Additionally, the proportion of patients with NPS ≥2 was
markedly elevated (p < 0.001), and SII values were signif-
icantly increased in the non-survivor group [median (IQR):
675.01 (466.75, 974.85), p < 0.001].

3.2 SII Categorization and Collinearity Diagnostics
Collinearity diagnostics were performed on variables

that demonstrated statistical significance (p < 0.05) in the
univariate analysis. All variables included in the multivari-
ate logistic regression showed acceptable collinearity, with
VIF values below 5. Detailed results of the diagnostic eval-
uation are provided in Table 2.

3.3 Logistic Regression Analysis
A logistic regression model was constructed using

variables retained after screening, included coronary heart
disease, number of organ dysfunctions, ICU length of stay,
SOFA score, APACHE II score, NPS, and SII. As shown in
Table 3, coronary heart disease (p = 0.393) was not statisti-
cally associated with 28-day mortality.

In contrast, elevated SII [odds ratio (OR) = 1.002,
95% confidence interval (CI): 1.001–1.003, p< 0.001] and
NPS ≥2 (OR = 6.655, 95% CI: 3.380–13.104, p < 0.001)
demonstrated a significant correlation with increased risk
of 28-day mortality and remained robust prognostic indica-
tors. Additional significant predictors included the number
of organ dysfunctions, ICU length of stay, SOFA score, and
APACHE II score.

3.4 Comparison of Predictive Models
To assess the incremental prognostic significance of

SII and NPS in predicting 28-day mortality among sepsis
patients, hierarchical regression models were constructed.
Model 1 (the baseline model) incorporated conventional
predictors, including the number of organ dysfunctions,
ICU length of stay, SOFA score, and APACHE II score.
Model 2 added SII to the baseline predictors, Model 3 added
NPS, and Model 4 integrated both SII and NPS with the
baseline model.

The ROC curves for the four models are shown in
Fig. 2, and the corresponding AUC, sensitivity, and speci-
ficity values are summarized in Table 4. Model 1 showed
a cut-off value of 0.603 and achieved an AUC of 0.698
(95% CI: 0.640–0.756, p < 0.001), sensitivity of 62.4%,
and specificity of 75.6%. Incorporating SII into the base-
line model (Model 2) increased the AUC to 0.798 (95%
CI: 0.750–0.846, p < 0.001), with improved specificity
(80.7%) and comparable sensitivity (66.7%) at a cut-off
value of 0.597. Integrating NPS into the baseline predictors
(Model 3) reduced the cut-off to 0.488 and further improved
performance, with an AUC of 0.825 (95%CI: 0.779–0.870,
p< 0.001), accompanied by higher sensitivity (80.4%) and
acceptable specificity (74.1%).

Finally, the combined model integrating both SII and
NPS (Model 4) yielded the highest discriminative perfor-
mance, with an AUC of 0.846 (95% CI: 0.804–0.888, p <

0.001), a sensitivity of 86.2%, a specificity of 68.1%, and
an optimal cut-off value of 0.420. These findings highlight
the enhanced prognostic value of incorporating SII andNPS
into baseline model.

3.5 Nomogram Construction and Validation
Utilizing the predictors retained in the final multivari-

ate logistic regression model (Model 4), a nomogram was
constructed as a visual prediction tool (Fig. 3), which inte-
grated all independent predictors, including SII and NPS.
The calibration curve demonstrated a close concordance
between estimated and observed probabilities of mortality
(Fig. 4A), indicating high calibration accuracy. Further-

3

https://www.imrpress.com


Table 1. Comparison of demographic and clinical characteristics between the survivor and non-survivor groups.
Variable Survivor group (n = 135) Non-survivor group (n = 189) Z/t/χ2 p-value

Age (years) 70 (60, 80) 70 (61.5, 79) –0.022 0.982
Sex (Male) 104 (77.04%) 137 (72.49%) 0.856 0.355
BMI (kg/m2) 23.03 (20.69, 24.97) 22.75 (19.96, 25.62) –0.249 0.803
MAP (mmHg) 86.62 (74.67, 98.92) 86.06 (75.48, 96.25) –0.121 0.903
Hypertension 77 (57.04%) 100 (52.91%) 0.541 0.462
Diabetes 45 (33.33%) 59 (31.22%) 0.162 0.687
Coronary heart disease 28 (20.74%) 61 (32.28%) 5.259 0.022
Stroke 12 (8.89%) 22 (11.64%) 0.635 0.426
Number of organ dysfunction 1 (1, 2) 1 (1, 2) 2.011 0.044
Renal replacement therapy 15 (11.11%) 35 (18.52%) 3.311 0.069
Duration of mechanical ventilation (days) 7 (4, 10) 6 (2, 9) –1.641 0.101
ICU length of stay 11 (8, 14) 9 (5, 12) –3.204 0.001
SOFA 8.84 ± 2.76 10.15 ± 3.68 –3.487 0.001
APACHE II 17.5 ± 5.23 19.36 ± 7.05 –2.593 0.010
WBC count (109/L) 12.97 (9.15, 16.74) 13.70 (9.90, 17.02) 0.447 0.655
NEUT (109/L) 5.31 ± 1.39 5.87 ± 1.71 –3.099 0.002
LYMPH (109/L) 2.14 ± 0.70 1.60 ± 0.53 7.948 <0.001
MON (109/L) 0.61 (0.32, 0.85) 0.55 (0.32, 0.77) –0.982 0.326
PLT (109/L) 165.13 (129.74, 194.30) 196.42 (149.12, 240.23) 4.755 <0.001
ALT (U/L) 37.27 ± 14.23 39.95 ± 15.05 –1.618 0.107
AST (U/L) 50.15 ± 21.18 48.05 ± 17.24 0.983 0.326
CRP (mg/L) 114.83 (83.55, 187.52) 122.42 (69.55, 190.88) –0.115 0.909
PCT (ng/mL) 8.49 (4.19, 21.49) 7.27 (2.21, 19.77) –1.898 0.058
Alb (g/L) 31.19 ± 4.96 30.12 ± 4.14 2.101 0.036
TC (mmol/L) 1.43 ± 0.60 1.28 ± 0.46 2.499 0.013
LDL-C (mmol/L) 1.82 ± 0.60 1.69 ± 0.47 2.288 0.023
HDL-C (mmol/L) 0.86 ± 0.37 0.81 ± 0.28 1.264 0.207
NLR 2.56 (1.85, 3.46) 3.26 (2.47, 4.19) 4.322 <0.001
PLR 81.99 (53.25, 107.48) 101.57 (77.74, 135.05) 4.804 <0.001
LMR 3.47 (2.57, 5.63) 3.14 (2.16, 5.50) –1.173 0.241
NPS (≥2) 17 (12.59%) 111 (58.73%) 70.14 <0.001
SII 418.92 (247.13, 600.59) 675.01 (466.75, 974.85) 7.305 <0.001
Abbreviations: t, Student’s t-test; Z, Mann–Whitney U test; χ2, chi-square test. BMI, body mass index; MAP, mean arterial pres-
sure; SOFA, sequential organ failure assessment; APACHE II, acute physiology and chronic health evaluation II;WBC,white blood
cell; NEUT, neutrophil; LYMPH, lymphocyte; MON, monocyte; PLT, platelet; ALT, alanine aminotransferase; AST, aspartate
aminotransferase; CRP, C-reactive protein; PCT, procalcitonin; Alb, albumin; TC, total cholesterol; LDL-C, low-density lipopro-
tein cholesterol; HDL-C, high-density lipoprotein cholesterol; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte
ratio; LMR, lymphocyte-to-monocyte ratio; NPS, Naples Prognostic Score; SII, systemic immune-inflammation index.

more, DCA revealed the significant clinical significance
of the nomogram across a broad range of risk thresholds
(Fig. 4B), reinforcing its role in guiding patient-specific
clinical decision-making in sepsis management.

4. Discussion
This study comprehensively evaluated the prognostic

application of SII and NPS in predicting 28-day mortality
among sepsis patients. Our analysis demonstrated that both
elevated SII and NPS≥2 were significantly associated with
higher 28-day mortality risk. Notably, combining these
two indices with a baseline clinical model significantly im-
proved predictive performance, increasing the AUC from
0.698 to 0.846. These results underscore the clinical po-

tential of SII and NPS as complementary predictors for en-
hancing mortality risk stratification in septic patients.

The SII, a composite marker derived from NEUT,
LYMPH, and PLT counts, reflects both inflammatory ac-
tivity and immune competence. Initially proposed as a
prognostic indicator in oncology, it has since demonstrated
significance across a variety of conditions, including car-
diac diseases, autoimmune pathologies, and acute criti-
cal illnesses. In sepsis, evidence has revealed a correla-
tion between higher SII levels and adverse outcomes [27].
Our study reinforces this association, demonstrating that
elevated SII is independently linked to increased risk of
early mortality, even after adjusting for established sever-
ity scores such as SOFA and APACHE II. Although di-
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Table 2. Collinearity diagnostics of variables.

Factor
Unstandardized coefficients Standardized

coefficients beta
t p-value

Collinearity statistics

B SE Tolerance Value VIF

Coronary heart disease 0.038 0.053 0.035 0.727 0.468 0.945 1.058
Number of organ dysfunction 0.065 0.030 0.102 2.177 0.030 0.979 1.021
ICU length of stay –0.021 0.005 –0.180 –3.843 <0.001 0.978 1.022
SOFA 0.019 0.007 0.133 2.846 0.005 0.976 1.025
APACHE II 0.008 0.004 0.106 2.253 0.025 0.974 1.027
NEUT –0.022 0.018 –0.071 –1.242 0.215 0.652 1.533
TC –0.050 0.045 –0.053 –1.125 0.261 0.951 1.051
NPS 0.355 0.055 0.352 6.496 <0.001 0.727 1.375
SII <0.001 <0.001 0.234 3.866 <0.001 0.584 1.713
Abbreviations: B, unstandardized regression coefficient; SE, standard error; VIF, variance inflation factor.

Table 3. Logistic regression modeling with multiple predictors.
Factor β SE Wald p-value OR 95% CI

Coronary heart disease 0.279 0.327 0.730 0.393 1.322 0.697–2.507
Number of organ dysfunction 0.360 0.182 3.891 0.049 1.433 1.002–2.049
ICU length of stay –0.128 0.035 13.557 <0.001 0.880 0.821–0.942
SOFA 0.133 0.044 8.913 0.003 1.142 1.047–1.246
APACHE II 0.053 0.023 5.192 0.023 1.054 1.007–1.103
NPS 1.895 0.346 30.068 <0.001 6.655 3.380–13.104
SII 0.002 <0.001 15.161 <0.001 1.002 1.001–1.003
Abbreviations: β, regression coefficient; CI, confidence interval; OR, odds ratio.

rect comparisons were beyond the scope of this study, the
findings imply that SII offers unique prognostic informa-
tion complementary to traditional scoring systems. In-
creased SII may reflect a state of higher systemic inflam-
mation combined with impaired adaptive immunity, poten-
tially contributing to organ dysfunction, reduced pathogen
clearance, and worse outcomes. These mechanisms may
underlie the observed association between higher SII values
and increased mortality, although further studies are needed
to confirm this hypothesis.

The NPS, which incorporates inflammatory markers
(NLR and LMR) along with nutritional indicators (serum
albumin and TC), was originally formulated for oncology
patients to evaluate both systemic inflammation and nu-
tritional deficits. Unlike with other commonly used nu-
tritional risk scores in critical care, such as NRS-2002 or
modified Nutrition Risk in the Critically Ill (mNUTRIC)
score, NPS integrates inflammatory and nutritional param-
eters into a single, easily obtainable score, potentially en-
hancing early risk stratification in the ICU setting [28,29].
In our cohort, an NPS score of 2 or higher was indepen-
dently associated with higher 28-day mortality. This asso-
ciation may be due to the combined effects of malnutrition
and immune dysregulation on sepsis outcomes: hypoalbu-
minemia and hypocholesterolemia often reflect catabolic
stress, impaired hepatic synthesis, and compromised cellu-
lar immunity, while elevated NLR and reduced LMR indi-
cate systemic inflammation and LYMPH depletion, both of
which can exacerbate organ dysfunction and increase mor-

tality risk [30,31]. Hence, integrating inflammatory ratios,
such as NLR and LMR, and nutritional markers into the
NPS provides a more comprehensive evaluation of patient
vulnerability and improves prognostic accuracy in critically
ill septic patients.

Importantly, combining both SII and NPS into a pre-
dictive model yielded a synergistic effect, significantly en-
hancing the model’s discriminative capability. This result
suggests that incorporating an SII with an NPS more effec-
tively captures the multifactorial pathophysiology of sepsis,
where immune dysregulation andmetabolic impairment co-
exist. The construction of a nomogram offers a convenient,
bedside-friendly tool for individualized risk prediction. Its
accuracy was supported by calibration analysis, which re-
vealed strong concordance between predicted and observed
mortality rates, and by DCA, which indicated consistent
clinical benefit across various thresholds.

Compared with previously reported predictive mod-
els for sepsis patients, our combined SII + NPS model
demonstrated comparable or superior performance. For in-
stance, a nomogram integrating N-terminal pro–B-type na-
triuretic peptide (NT-proBNP), lactate, partial pressure of
arterial oxygen/fraction of inspired oxygen (PaO2/FiO2),
MAP, and hematocrit achieved an AUC of 0.820 (95%
CI: 0.780–0.860) in the training cohort, which was lower
than the AUC of 0.846 observed in our study [32]. An-
other model, which combined age, SOFA score, CRP, me-
chanical ventilation, and vasopressor use, reported AUCs
of 0.849 in the training set and 0.837 in the external val-
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Table 4. Comparison of ROC analyses for evaluating the auxiliary predictive value of SII and NPS combination in predicting
28-day mortality in sepsis.

Indicator AUC (95% CI) Sensitivity (%) Specificity (%) Cut-off p-value

Baseline model 0.698 (0.640–0.756) 62.4 75.6 0.603 <0.001
Basic model + SII 0.798 (0.750–0.846) 66.7 80.7 0.597 <0.001
Basic model + NPS 0.825 (0.779–0.870) 80.4 74.1 0.488 <0.001
Basic model + SII + NPS 0.846 (0.804–0.888) 86.2 68.1 0.420 <0.001

Fig. 2. ROC analysis of four predictive models for 28-day
mortality in sepsis. The baseline model (A) included the num-
ber of organ dysfunctions, ICU length of stay, SOFA score, and
APACHE II score. The addition of the SII in Model 2 (B), NPS
in Model 3 (C), while Model 4 (D), integrating both SII and NPS,
achieved the best overall predictive performance. Abbreviations:
AUC, area under the curve; ROC, receiver operating characteris-
tic.

Fig. 3. Prognostic nomogram for short-term mortality in sep-
tic patients.

idation set, values comparable to our results [33]. These
findings suggest that incorporating SII and NPS enhances
prognostic value and may improve early risk stratification
in sepsis.

Fig. 4. Calibration and DCA of the nomogram for predicting
28-day mortality in sepsis. (A) Calibration curve based on the
final logistic regression model (Model 4). (B) DCA for the nomo-
gram based onModel 4. Abbreviation: DCA, decision curve anal-
ysis.

The principal novelty of this study lie in inte-
grating two readily available, non-invasive, and cost-
effective biomarkers—SII and NPS—into a unified prog-
nostic model for sepsis. Unlike previous studies that of-
ten focus on single parameters or rely heavily on advanced
and expensive biomarkers, our approach depends on rou-
tine laboratory tests, enhancing their feasibility and gen-
eralizability in real-world clinical settings. However, we
acknowledge certain limitations in our study. First, the ret-
rospective design and single-center dataset may have intro-
duced selection bias and limited the broader applicability.
Second, although internal validation confirmed the model’s
reliability, external and prospective validation are war-
ranted to confirm its predictive robustness. Finally, poten-
tially informative biomarkers, including PCT, interleukin-
6, and lactate, were excluded due to data unavailability,
which may have reduced the overall comprehensiveness of
the model.

5. Conclusion
In summary, both SII and NPS are independent pre-

dictors of early mortality risk in sepsis. Their combined use
significantly improves the predictive accuracy of traditional
severity models. The nomogram developed from these pa-
rameters shows good calibration and holds promise as a
clinically valuable tool for personalized mortality risk es-
timation. However, prospective multicenter investigations
are required to validate the model’s robustness and extend
its applicability to broader patient populations.
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Key Points
• This study evaluated the prognostic significance of the
SII and NPS in sepsis.

• Univariate screening followed by multivariate logistic
regression identified SII and NPS (≥2) as independent
predictors of 28-day mortality.

• ROC analysis revealed that combining SII and NPS has
higher discriminative capability than either index alone.

• A nomogram developed from SII and NPS shows good
calibration and strong clinical applicability, supporting
its use in individualized risk prediction for sepsis.

Availability of Data and Materials
All data included in this study are available from the

corresponding author upon reasonable request.

Author Contributions
XYC and YL designed the study. XYC, KL, and

SDX performed the experiments and data analyses. XYC
drafted the manuscript. YL supervised the project. All
authors contributed to the important editorial changes in
the manuscript. All authors read and approved the final
manuscript. All authors have participated sufficiently in
the work and agreed to be accountable for all aspects of the
work.

Ethics Approval and Consent to Participate
This study was conducted in accordance with the prin-

ciples of the Declaration of Helsinki and its later amend-
ments. The research protocol was reviewed and approved
by the Ethics Committee of The People’s Hospital of Cang-
nan (Approval No. 2024021). Given the retrospective and
non-interventional nature of the study, which involved the
use of anonymized data extracted from electronic medical
records, the requirement for written informed consent was
formally waived by the Ethics Committee.

Acknowledgement
Not applicable.

Funding
This work was supported by the Basic Research

Project of Wenzhou City (No. Y20240181).

Conflict of Interest
The authors declare no conflict of interest.

References
[1] Ibarz M, Haas LEM, Ceccato A, Artigas A. The criti-

cally ill older patient with sepsis: a narrative review. An-
nals of Intensive Care. 2024; 14: 6. https://doi.org/10.1186/
s13613-023-01233-7.

[2] Zhang N, Liu Y, Yang C, Li X. Review of the Predictive Value
of Biomarkers in Sepsis Mortality. Emergency Medicine Inter-
national. 2024b; 2024: 2715606. https://doi.org/10.1155/2024/
2715606.

[3] Zhang YY, Ning BT. Signaling pathways and intervention thera-
pies in sepsis. Signal Transduction and Targeted Therapy. 2021;
6: 407. https://doi.org/10.1038/s41392-021-00816-9.

[4] Singer M, Deutschman CS, Seymour CW, Shankar-Hari M, An-
nane D, Bauer M, et al. The Third International Consensus Def-
initions for Sepsis and Septic Shock (Sepsis-3). JAMA. 2016;
315: 801–810. https://doi.org/10.1001/jama.2016.0287.

[5] Giamarellos-Bourboulis EJ, Aschenbrenner AC, Bauer M,
Bock C, Calandra T, Gat-Viks I, et al. The pathophysiology
of sepsis and precision-medicine-based immunotherapy. Na-
ture Immunology. 2024; 25: 19–28. https://doi.org/10.1038/
s41590-023-01660-5.

[6] Llitjos JF, Carrol ED, Osuchowski MF, Bonneville M, Sci-
cluna BP, Payen D, et al. Enhancing sepsis biomarker devel-
opment: key considerations from public and private perspec-
tives. Critical Care. 2024; 28: 238. https://doi.org/10.1186/
s13054-024-05032-9.

[7] Liengswangwong W, Siriwannabhorn R, Leela-Amornsin S,
Yuksen C, Sanguanwit P, Duangsri C, et al. Comparison ofMod-
ified Early Warning Score (MEWS), Simplified Acute Physiol-
ogy Score II (SAPS II), Sequential Organ Failure Assessment
(SOFA), andAcute Physiology andChronicHealth Evaluation II
(APACHE II) for early prediction of septic shock in diabetic pa-
tients in Emergency Departments. BMC Emergency Medicine.
2024; 24: 161. https://doi.org/10.1186/s12873-024-01078-8.

[8] Thakur R, Naga Rohith V, Arora JK. Mean SOFA Score in
Comparison With APACHE II Score in Predicting Mortality
in Surgical Patients With Sepsis. Cureus. 2023; 15: e36653.
https://doi.org/10.7759/cureus.36653.

[9] Gabrielli M, Zaccaria R, Impagnatiello M, Zileri Dal Verme L,
Gasbarrini A. Nutritional Strategies for the Treatment and Pre-
vention of Sepsis Outside the Intensive Care Unit. Nutrients.
2024; 16: 3985. https://doi.org/10.3390/nu16233985.

[10] Pan M, Li Z, Sheng S, Teng X, Li Y. Prognostic nutritional in-
dex as a potential predictor of prognosis in patients with sepsis:
a retrospective cohort study. Frontiers in Nutrition. 2025; 12:
1600943. https://doi.org/10.3389/fnut.2025.1600943.

[11] Pei C, Dong Y, Song N. Association between advanced lung
cancer inflammation index and mortality in critically ill sep-
tic patients: analysis of the MIMIC-IV database. BMC In-
fectious Diseases. 2025; 25: 747. https://doi.org/10.1186/
s12879-025-11116-w.

[12] Jia H, Yin K, Zhao J, Che F. Association of
inflammation/nutrition-based indicators with Parkinson’s
disease and mortality. Frontiers in Nutrition. 2024; 11:
1439803. https://doi.org/10.3389/fnut.2024.1439803.

[13] Prasetiyo PD, Baskoro BA, Hariyanto TI. The role of nutrition-
based index in predicting survival of breast cancer patients:
A systematic review and meta-analysis. Heliyon. 2023; 10:
e23541. https://doi.org/10.1016/j.heliyon.2023.e23541.

[14] Zhu Y, Zhang Y, Li M, Bai J, Wang H, Pang X, et al. Prognos-
tic Value of Systemic Inflammation, Nutritional Status and Sar-
copenia in Patients With Amyotrophic Lateral Sclerosis. Jour-
nal of Cachexia, Sarcopenia and Muscle. 2024; 15: 2743–2755.
https://doi.org/10.1002/jcsm.13618.

[15] LiW,Wang X, Diao H, Yang Y, Ding L, HuanW, et al. Systemic
immune inflammation index with all-cause and cause-specific
mortality: a meta-analysis. Inflammation Research. 2024; 73:
2199–2216. https://doi.org/10.1007/s00011-024-01959-5.

[16] Zhang Y, Chen Y, Guo C, Li S, Huang C. Systemic immune-
inflammation index as a predictor of survival in non-small cell
lung cancer patients undergoing immune checkpoint inhibition:
A systematic review and meta-analysis. Critical Reviews in
Oncology/hematology. 2025; 210: 104669. https://doi.org/10.
1016/j.critrevonc.2025.104669.

[17] Liang C, Zhang C, Song J, Yan L, Xiao Y, Cheng N, et al. The
Naples prognostic score serves as a predictor and prognostic in-

7

https://doi.org/10.1186/s13613-023-01233-7
https://doi.org/10.1186/s13613-023-01233-7
https://doi.org/10.1155/2024/2715606
https://doi.org/10.1155/2024/2715606
https://doi.org/10.1038/s41392-021-00816-9
https://doi.org/10.1001/jama.2016.0287
https://doi.org/10.1038/s41590-023-01660-5
https://doi.org/10.1038/s41590-023-01660-5
https://doi.org/10.1186/s13054-024-05032-9
https://doi.org/10.1186/s13054-024-05032-9
https://doi.org/10.1186/s12873-024-01078-8
https://doi.org/10.7759/cureus.36653
https://doi.org/10.3390/nu16233985
https://doi.org/10.3389/fnut.2025.1600943
https://doi.org/10.1186/s12879-025-11116-w
https://doi.org/10.1186/s12879-025-11116-w
https://doi.org/10.3389/fnut.2024.1439803
https://doi.org/10.1016/j.heliyon.2023.e23541
https://doi.org/10.1002/jcsm.13618
https://doi.org/10.1007/s00011-024-01959-5
https://doi.org/10.1016/j.critrevonc.2025.104669
https://doi.org/10.1016/j.critrevonc.2025.104669
https://www.imrpress.com


dicator for cancer survivors in the community. BMC Cancer.
2024; 24: 696. https://doi.org/10.1186/s12885-024-12448-7.

[18] Qiu Y, Chen Y, Shen H, Yan S, Li J, Wu W. Naples Prognostic
Score: A Novel Predictor of Survival in Patients with Triple-
Negative Breast Cancer. Journal of Inflammation Research.
2024; 17: 5253–5269. https://doi.org/10.2147/JIR.S472917.

[19] SalzanoG, Barone S, De Luca P, Borriello G, Vaira LA, Troise S,
et al. Predictive value of neutrophil to lymphocyte ratio, platelet
to lymphocyte ratio, and systemic inflammatory index for de-
tection of recurrence of pleomorphic adenoma of the major sali-
vary glands: a multicenter study. Oral Surgery, Oral Medicine,
Oral Pathology and Oral Radiology. 2025; 139: 73–79. https:
//doi.org/10.1016/j.oooo.2024.08.014.

[20] Song J, Yin L. Associations between naples prognostic score
and stroke and mortality among older adults. European Jour-
nal ofMedical Research. 2025; 30: 327. https://doi.org/10.1186/
s40001-025-02613-4.

[21] Xu XL, Cheng H. Development of a Prognostic Nomogram
Incorporating the Naples Prognostic Score for Postoperative
Oral Squamous Cell Carcinoma Patients. Journal of Inflamma-
tion Research. 2025; 18: 325–345. https://doi.org/10.2147/JIR.
S500518.

[22] Xu XL, Wu CC, Cheng H. Prognostic significance of pre-
operative Naples prognostic score for disease-free and over-
all survival in oral cavity squamous cell carcinoma post-
surgery. BMC Cancer. 2025; 25: 757. https://doi.org/10.1186/
s12885-025-14146-4.

[23] Vincent JL, Moreno R, Takala J, Willatts S, De Mendonça
A, Bruining H, et al. The SOFA (Sepsis-related Organ Fail-
ure Assessment) score to describe organ dysfunction/failure.
On behalf of the Working Group on Sepsis-Related Problems
of the European Society of Intensive Care Medicine. Intensive
Care Medicine. 1996; 22: 707–710. https://doi.org/10.1007/BF
01709751.

[24] Knaus WA, Draper EA, Wagner DP, Zimmerman JE. APACHE
II: a severity of disease classification system. Critical Care
Medicine. 1985; 13: 818–829.

[25] Hu B, Yang XR, Xu Y, Sun YF, Sun C, Guo W, et al. Systemic
immune-inflammation index predicts prognosis of patients after
curative resection for hepatocellular carcinoma. Clinical Can-

cer Research. 2014; 20: 6212–6222. https://doi.org/10.1158/
1078-0432.CCR-14-0442.

[26] Galizia G, Lieto E, Auricchio A, Cardella F, Mabilia A,
Podzemny V, et al. Naples Prognostic Score, Based on Nutri-
tional and Inflammatory Status, is an Independent Predictor of
Long-term Outcome in Patients Undergoing Surgery for Col-
orectal Cancer. Diseases of the Colon and Rectum. 2017; 60:
1273–1284. https://doi.org/10.1097/DCR.0000000000000961.

[27] Zhang L, Liu L, Yan G, Ma X, Zhu G, Dong X, et al. Pre-
dictive Value of the Systemic Immune-Inflammation Index in
the 28-Day Mortality for Patients with Sepsis-Associated Acute
Kidney Injury and Construction of a Prediction Model. Jour-
nal of Inflammation Research. 2024a; 17: 8727–8739. https:
//doi.org/10.2147/JIR.S488900.

[28] Erdoğan O, Erdoğan T, Panç C, Gürbak İ, Ertürk M. Naples
prognostic score as a predictor of mortality in surgical aortic
valve replacement. Biomarkers inMedicine. 2024; 18: 675–683.
https://doi.org/10.1080/17520363.2024.2389035.

[29] Song C, Yu D, Li Y, Liu M, Zhang H, He J, et al. Predictive
value of the Naples prognostic score on postoperative delirium
in the elderly with gastrointestinal tumors: a retrospective cohort
study. BMC Geriatrics. 2024; 24: 535. https://doi.org/10.1186/
s12877-024-05113-y.

[30] Cajander S, KoxM, Scicluna BP,WeigandMA,Mora RA, Flohé
SB, et al. Profiling the dysregulated immune response in sep-
sis: overcoming challenges to achieve the goal of precision
medicine. The Lancet. Respiratory Medicine. 2024; 12: 305–
322. https://doi.org/10.1016/S2213-2600(23)00330-2.

[31] Gao Q, Cheng Y, Li Z, Tang Q, Qiu R, Cai S, et al. Associ-
ation Between Nutritional Risk Screening Score and Prognosis
of Patients with Sepsis. Infection andDrug Resistance. 2021; 14:
3817–3825. https://doi.org/10.2147/IDR.S321385.

[32] Wang B, Chen J, Pan X, Xu B, Ouyang J. A nomogram for pre-
dicting mortality risk within 30 days in sepsis patients admitted
in the emergency department: A retrospective analysis. PLoS
ONE. 2024; 19: e0296456. https://doi.org/10.1371/journal.pone
.0296456.

[33] Yang Y, Zhao H, Ling G, Liu S, Sun Y, Peng H, et al. Con-
struction and verification of a nomogram model for the risk of
death in sepsis patients. Scientific Reports. 2025; 15: 5078.
https://doi.org/10.1038/s41598-025-89442-x.

8

https://doi.org/10.1186/s12885-024-12448-7
https://doi.org/10.2147/JIR.S472917
https://doi.org/10.1016/j.oooo.2024.08.014
https://doi.org/10.1016/j.oooo.2024.08.014
https://doi.org/10.1186/s40001-025-02613-4
https://doi.org/10.1186/s40001-025-02613-4
https://doi.org/10.2147/JIR.S500518
https://doi.org/10.2147/JIR.S500518
https://doi.org/10.1186/s12885-025-14146-4
https://doi.org/10.1186/s12885-025-14146-4
https://doi.org/10.1007/BF01709751
https://doi.org/10.1007/BF01709751
https://doi.org/10.1158/1078-0432.CCR-14-0442
https://doi.org/10.1158/1078-0432.CCR-14-0442
https://doi.org/10.1097/DCR.0000000000000961
https://doi.org/10.2147/JIR.S488900
https://doi.org/10.2147/JIR.S488900
https://doi.org/10.1080/17520363.2024.2389035
https://doi.org/10.1186/s12877-024-05113-y
https://doi.org/10.1186/s12877-024-05113-y
https://doi.org/10.1016/S2213-2600(23)00330-2
https://doi.org/10.2147/IDR.S321385
https://doi.org/10.1371/journal.pone.0296456
https://doi.org/10.1371/journal.pone.0296456
https://doi.org/10.1038/s41598-025-89442-x
https://www.imrpress.com

	1. Introduction
	2. Methods
	2.1 Study Design and Population
	2.2 Data Collection
	2.3 Statistical Analysis

	3. Results
	3.1 Comparison of Demographic and Clinical Characteristics Between the Survivor and Non-Survivor Groups
	3.2 SII Categorization and Collinearity Diagnostics
	3.3 Logistic Regression Analysis
	3.4 Comparison of Predictive Models
	3.5 Nomogram Construction and Validation

	4. Discussion
	5. Conclusion
	Key Points
	Availability of Data and Materials
	Author Contributions
	Ethics Approval and Consent to Participate
	Acknowledgement
	Funding
	Conflict of Interest

