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Background: Septic shock is a high-mortality syndrome, particularly in patients aged 50 and older. Predicting mortality in this 
population is challenging due to clinical heterogeneity and limitations of traditional scoring systems like SOFA and APACHE II. This 
study aimed to develop and validate a predictive model using norepinephrine index (NEI)—a novel biomarker defined as the 
norepinephrine dose administered within the first 24 hours of ICU admission divided by BMI and 24 hours—and procalcitonin 
(PCT) to improve risk stratification and clinical decision-making.
Methods: A retrospective cohort of 94 patients aged ≥50 years with septic shock was analyzed. Key clinical variables within the first 
24 hours were collected, and univariate and stepwise logistic regression identified predictors of 28-day mortality. The model’s 
performance was evaluated with ROC curves, AUC, and confusion matrices, alongside internal validation through stratified analysis, 
bootstrap resampling, and training-test splits. External validation was conducted in an independent cohort of 57 patients.
Results: The final model incorporating NEI and PCT achieved an AUC of 0.91, outperforming individual biomarkers (NEI: AUC = 
0.86; PCT: AUC = 0.69). Nonlinear analysis identified NEI > 4mg· m² / (kg· 24h) and PCT < 50 ng/mL as critical thresholds for high 
mortality risk.
Conclusion: The NEI and PCT-based prognostic model provides a reliable tool for predicting 28-day mortality in septic shock 
patients aged 50 and above. However, as a single-center study with a relatively small sample size, the generalizability of these findings 
may be limited. Future multicenter studies with larger sample sizes are necessary to validate this model’s applicability across 
populations. This model holds potential to optimize clinical management, enabling timely interventions such as more intensive 
hemodynamic support and infection control.
Keywords: septic shock, mortality prediction, norepinephrine index, procalcitonin, machine learning, risk stratification

Introduction
Septic shock is an exceedingly complex clinical syndrome, typically characterized by acute inflammatory responses, 
immune system dysregulation, microvascular dysfunction, and alterations in tissue perfusion physiology.1,2 Its manage
ment requires prompt anti-infective therapy, fluid resuscitation, and hemodynamic support.3 However, the high clinical 
heterogeneity of septic shock makes it particularly challenging to predict patient mortality risk accurately, as presenta
tions vary significantly across individuals.4

Septic shock is associated with high mortality rates and a complex clinical course, with prognosis influenced by 
numerous factors including age, comorbidities, site of infection, and the promptness of treatment.3,5 Notably, immune 
function progressively declines with age, particularly in the middle-aged and elderly populations, and is frequently 
accompanied by chronic diseases, resulting in a greater physiological burden, poorer treatment responses, and more 
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complicated prognoses in these patients with septic shock.6,7 The United Nations projects that by 2050, the global elderly 
population will reach 2.1 billion, constituting 22% of the world population.8 Additionally, studies have shown that 
mortality rates for septic shock significantly increase in individuals aged 50 and above, with inpatient mortality rates for 
patients over 80 being twice as high as those for patients under 50.9 Concurrently, economic development and 
advancements in medical care have led to a rising proportion of middle-aged and elderly patients in intensive care 
units and critical care settings. Consequently, the treatment and prognosis of septic shock patients aged 50 and above 
have become major clinical and societal challenges. Despite the increasing prevalence of middle-aged and elderly 
patients, particularly those aged 50 and above, in critical care settings, research on predictive models for sepsis in this 
population remains scarce.10 Therefore, accurately assessing mortality risk in patients aged 50 and above with septic 
shock is crucial for developing personalized treatment strategies and improving survival outcomes.

Although biomarkers like procalcitonin (PCT) and C-reactive protein (CRP) have been widely used in septic shock 
diagnosis and prognosis, they have notable limitations. These traditional biomarkers often lack sufficient sensitivity and 
specificity, making them unreliable in immunosuppressed individuals, where their levels may not correlate with infection 
severity.11 Additionally, current biomarkers primarily assess inflammatory responses or metabolic disturbances but fail to 
capture the full complexity of septic shock, especially in elderly patients who often present with subtle inflammatory 
responses and altered immune functions.1 Single biomarkers like PCT are insufficient for comprehensive risk stratifica
tion, as they do not address the multifactorial nature of sepsis, including hemodynamic instability, immune dysfunction, 
and metabolic derangements.12 Despite the utility of biomarkers like CRP and PCT, these markers often fail to provide 
accurate mortality risk predictions in elderly septic shock patients due to their inability to capture the multi-dimensional 
nature of sepsis, such as immune dysfunction and metabolic disturbances, as highlighted in previous studies.13 These 
limitations highlight the need for more integrated and dynamic biomarkers, capable of offering a personalized assessment 
of mortality risk, particularly in the elderly.

However, traditional scoring systems like the Sequential Organ Failure Assessment (SOFA) and the Acute Physiology 
and Chronic Health Evaluation II (APACHE II),14,15 despite incorporating multiple laboratory indicators, have 
limitations.16 These systems primarily assess organ dysfunction and inflammatory markers but fail to account for age- 
related changes, such as immune senescence and chronic comorbidities, common in older adults.1 This makes them less 
accurate for mortality prediction in the elderly, as they do not capture the altered immune and metabolic responses that 
are crucial in this population.9 Additionally, comorbidities like diabetes, hypertension, cardiovascular diseases, and renal 
insufficiency further complicate the interpretation of these models, as they impair organ function and hinder the body’s 
ability to cope with critical illness, leading to worse outcomes that are not fully captured by SOFA or APACHE II.5

Norepinephrine (NE) is a widely used vasopressor for treating septic shock, with its dosage closely linked to patient 
mortality risk. High doses of NE indicate severe illness, requiring stronger vasoconstrictive effects to maintain 
hemodynamic stability, reflecting intense stress responses and cardiovascular dysfunction.17,18 Unlike traditional bio
markers such as lactate or CRP, which primarily assess metabolic derangements or inflammation, the Norepinephrine 
Index (NEI) incorporates the dose of norepinephrine, body mass index (BMI), and the duration of norepinephrine 
administration. These variables offer a more dynamic and personalized understanding of circulatory and metabolic 
function, particularly in elderly patients, who often present with subtle inflammatory responses and are more prone to 
circulatory and metabolic dysfunction.1 This makes NEI a more suitable marker for assessing the complex pathophy
siological status of older patients with septic shock.

The Norepinephrine Index (NEI), which reflects both norepinephrine dosage and metabolic response, offers 
a comprehensive approach to mortality prediction in septic shock, especially when combined with procalcitonin 
(PCT), a well-established biomarker for bacterial infections,19,20 PCT indicates infection severity, while NEI provides 
insights into hemodynamic and metabolic responses, which are critical in septic shock, particularly in older adults with 
immune senescence and reduced inflammatory responses.21 Together, these biomarkers improve risk stratification by 
capturing both infection severity and physiological stability, enhancing mortality prediction accuracy.

Machine learning (ML) effectively handles complex interactions and non-linearities, improving predictive accuracy 
and model interpretability.22 Unlike traditional models, ML algorithms utilize large, high-dimensional datasets to capture 
complex relationships among clinical, demographic, and biomarker data.23 For example, biomarkers like Norepinephrine 
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Index (NEI) and Procalcitonin (PCT) may have non-linear effects on mortality prediction, which traditional models 
cannot account for. By integrating diverse biomarkers and accounting for interactions between age-related factors, 
immune dysfunction, and comorbidities, ML improves risk stratification and prediction accuracy beyond the linear 
assumptions of traditional models like SOFA and APACHE II. Techniques like random forests, support vector machines, 
and neural networks allow ML models to learn from data without predefined assumptions, enabling more robust 
modeling of septic shock mortality and better personalized predictions.24 By incorporating NEI, PCT, and other clinical 
data, ML models can identify subtle patterns, improving mortality predictions, especially when traditional scoring 
systems fall short. Integrating novel biomarkers, reconstructing existing models, and validating them externally are 
crucial to enhancing the accuracy and reliability of mortality prediction in septic shock patients.25–28

Effective mortality prediction requires multiple validation methods to assess a model’s generalizability and clinical 
applicability. Methods like stratified validation, bootstrap validation, training-test partitioning, and external dataset 
validation strengthen the model’s reliability and robustness.29–32 External dataset validation, in particular, is essential 
for evaluating a model’s adaptability across diverse datasets, ensuring its generalizability and clinical utility.33

Current sepsis management faces challenges, including limited attention to middle-aged and elderly patients, the low 
predictive accuracy of single biomarkers, and inadequate validation methods. This study aims to develop a mortality risk 
prognostic model for septic shock patients aged 50 and above by integrating multiple biomarkers and rigorously 
validating its clinical utility. We will construct the prediction model using retrospective clinical data, applying univariate 
analysis and stepwise logistic regression. The model’s performance will be evaluated using metrics such as AUC, ROC 
curves, and calibration curves. To ensure robustness and clinical applicability, we will employ multiple validation 
techniques, including stratified, bootstrap, training-testing splits, and external dataset validation. Ultimately, this study 
aims to create a precise tool for mortality risk assessment in middle-aged and elderly septic shock patients, enabling 
personalized treatment strategies and improving survival outcomes.

Materials and Methods
Study Design and Patients
This retrospective cohort study aims to develop a predictive model for septic shock outcomes. The study includes ICU 
patients aged ≥50 years at Jining No. 1 People’s Hospital, between January 2022 and July 2024, diagnosed with septic 
shock and with a length of stay >24 hours. The external validation cohort consists of septic shock patients hospitalized 
for >24 hours between August and October 2024, with no age restrictions. Patient data were extracted from anonymized 
electronic medical records, with sepsis and septic shock diagnoses based on the Third International Consensus 
Definition.34 Exclusion criteria were: 1) admission <24 hours; 2) missing information; 3) long-term use of anticoagulants, 
corticosteroids, or medications that induce inflammatory mediator release; 4) concurrent hematologic disorders or severe 
conditions (eg, Child-Pugh Class C liver disease, end-stage renal disease, or NYHA Class IV heart failure); 5) cancer 
patients. Based on the inclusion and exclusion criteria, 151 out of 932 septic shock patients were eligible and enrolled in 
the study (Figure 1). The study was approved by the Ethics Committee of the Jining No. 1 People’s Hospital (Approval 
No. 2024-IIT-074), and informed consent was waived due to its retrospective design.

Data Collection and Definition
Demographic and clinical data were collected, including sex, age, and clinical parameters within the first 24 hours 
following septic shock diagnosis. These parameters included the Glasgow Coma Scale (GCS), SOFA score, APACHE II 
score, oxygenation index (OI), and biochemical markers (eg, CRP, WBC, PLT, lymphocyte count, neutrophil count, 
hemoglobin, IL-6, PCT, creatinine, total bilirubin, albumin, prothrombin time, APTT, fibrinogen, D-dimer), as well as 
lactate levels measured before and 24 hours after initial resuscitation (LAC, LAC24) and lactate clearance rate (LCR). 
Norepinephrine use was recorded, including the total norepinephrine dose (D) and the calculated norepinephrine index 
(NEI). NEI was defined as: NEI = D / (BMI × T), where D is the cumulative norepinephrine dose administered within the 
first 24 hours of ICU admission, expressed in micrograms (mg); BMI is calculated in kilograms per square meter (kg/m²); 
and T represents the duration of norepinephrine administration, which was fixed at 24 hours for all patients; and its unit 
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is mg· m² / (kg· 24h). This fixed 24-hour window was selected to reflect the early-phase hemodynamic instability of 
septic shock—when vasopressor requirements are most indicative of illness severity—and to standardize NEI calculation 
across the cohort. The primary outcome was 28-day mortality, defined as death within 28 days of septic shock diagnosis, 
irrespective of discharge status. Patients who died within this period were classified as deceased, while those who 
survived were classified as survivors.

Statistical Analysis
For normally distributed continuous data, values are expressed as mean ± standard deviation (x ± s), and comparisons are 
made using the t-test. For non-normally distributed data, values are presented as median (interquartile range) [M (QL, QU)], 
with comparisons using the Mann–Whitney U-test. Categorical data are expressed as frequencies (percentages), with 
comparisons performed using the chi-square test or Fisher’s exact test. All analyses were conducted using R software 
version 4.2.2 (http://www.r-project.org/) and SPSS Statistics version 26.0 (IBM Corp, Armonk, NY, USA), with p-values 
< 0.05 considered statistically significant. To assess whether the sample sizes of the internal (n = 94) and external (n = 57) 
validation cohorts were sufficient to detect the observed predictive performance, a post hoc power analysis was performed. 
DeLong’s method for AUC-based power estimation was used to calculate the power for each cohort. This analysis was 
conducted to ensure that the study was statistically well-powered to detect meaningful predictive performance.

Variable Selection and Model Construction
We performed univariate logistic regression to identify variables significantly associated with 28-day mortality 
(P < 0.05), and significant variables were entered into a stepwise logistic regression model using forward selection. 
Key variables were selected based on the Akaike Information Criterion (AIC) and Bayesian Information Criterion 

Figure 1 Study flowchart.
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(BIC),35 which balance model fit with complexity. During stepwise regression, variables with P < 0.05 or those reducing 
AIC/BIC were retained, while variables with P > 0.10 or improving AIC/BIC upon exclusion were removed, resulting in 
a preliminary 28-day mortality risk model. To assess model stability, multicollinearity was tested using variance inflation 
factors (VIF) and tolerance,36 with variables having VIF > 10 or tolerance < 0.1 being considered highly collinear and 
reevaluated. To address complete separation and enhance model stability, stepwise regression was combined with Lasso 
regression, which uses L1 regularization to shrink coefficients of less important variables and mitigate overfitting.37 The 
optimal λ value was determined via 10-fold cross-validation,38 and validate the model optimization effectiveness with 
AIC/BIC variation plots. This approach validated the stability of the selected variables, ensuring a reliable and stable 
final model.39

We chose logistic regression with stepwise selection for variable selection due to its simplicity, interpretability, and 
clinical applicability. Logistic regression provides clear insights into the relationship between predictors and outcomes, 
which is essential for clinical decision-making, especially in high-stakes situations like septic shock management. While 
more complex machine learning models, such as random forests or XGBoost, could offer higher predictive accuracy, they 
tend to be less interpretable and may not be as useful in clinical settings where understanding predictor-outcome 
relationships is crucial. Additionally, logistic regression is robust to overfitting, especially in small datasets like ours, 
and the stepwise selection process helps to avoid overfitting while focusing on the most clinically relevant variables.

Model Performance Evaluation
ROC Curve and Confusion Matrix
Model performance was evaluated using the ROC curve and area under the curve (AUC). The ROC curve illustrates the 
relationship between false positive rate (FPR) and true positive rate (TPR), while the AUC quantifies overall perfor
mance. An AUC ≥ 0.9 indicates excellent performance, 0.8–0.9 good, 0.7–0.8 moderate, and < 0.6 poor, requiring further 
evaluation.40

The confusion matrix provides key metrics for model evaluation. Sensitivity is the proportion of correctly predicted 
positive cases (TP / [TP + FN]), while Specificity represents the proportion of correctly predicted negative cases (TN / 
[TN + FP]). Accuracy measures overall classification performance and is calculated as (TP + TN) / (TP + FP + TN + 
FN). These metrics allow for a comprehensive assessment of the model’s ability to distinguish between high-risk (eg, 
mortality) and low-risk (eg, survival) patients.

Feature Importance Analysis
Variable importance was assessed based on the standardized regression coefficients of the logistic regression model. The 
magnitude of each coefficient reflects the impact of the corresponding variable on predictions.41

SHAP Analysis
To enhance model interpretability, SHAP (SHapley Additive exPlanations) values were applied. SHAP values quantify 
each variable’s contribution to the model’s prediction, revealing both the direction and magnitude of its influence.42

Model Validation Methods
To ensure model reliability and stability, we employed the following validation techniques.

Age-Stratified Validation
The sample was divided into three age groups: 50–65, 65–80, and >80 years. ROC curves and AUC values were 
calculated for each group to assess model performance across age ranges, ensuring stability and generalizability.

Bootstrap Validation
We performed 1000 bootstrap resampling iterations to generate datasets and calculate the average AUC with 95% 
confidence intervals (CI). This assessed the model’s robustness and adaptability to random variations.43 Additionally, 
varying noise levels (0.01–0.08) were introduced to test model stability under noise.44
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Internal Training and Test Set Split
The dataset was randomly split into a 70% training set and 30% test set. Ten-fold cross-validation was used to calculate 
the average AUC for the training set. ROC curves, confusion matrices, and precision-recall (PR) curves were compared 
between the training and test sets to assess consistency.45

External Validation
An independent external validation cohort (n = 57) was used to assess model performance. AUC, 95% CI, calibration 
curves (1000 bootstrap iterations), and decision curve analysis (DCA) were performed to evaluate model reliability and 
clinical applicability.46

Decision Tree and Nonlinear Effect Analysis
We used recursive partitioning to construct decision trees,47 selecting the variable that maximized data purity at each 
split. To prevent overfitting, we set the minimum sample size to 10 and adjusted the complexity parameter (cp = 0.01). 
The decision tree stratified patients into risk groups and identified key cutoff values for clinical risk assessment. For 
nonlinear effect analysis, we applied a natural cubic splines regression model.39 Independent variables were log- 
transformed to reduce skewness and express predicted probabilities as log-odds for interpretability. Other variables 
were fixed at their median values to control for confounding. The nonlinear effects of each variable were visualized to 
highlight their curvilinear relationships with the outcome.

Results
Population Characteristics
This study included 94 patients with septic shock for model development (internal set), comprising 66 males (70.21%) 
and 28 females (29.79%). Based on their 28-day outcomes, patients were stratified into the survival group (n = 48) and 
the mortality group (n = 46). Statistically significant differences (P < 0.05) were observed between the two groups in 
terms of OI, SOFA, PCT, LCR, and NEI. Detailed data are provided in Table 1.

Predictive Model for Mortality Risk: Logistic Regression and Regularization
Univariate logistic regression identified OI, SOFA, PCT, LCR, and NEI as significant predictors of mortality risk (P < 0.05). 
Stepwise logistic regression (PIN = 0.05, POUT = 0.10) refined the model, retaining NEI and PCT as the strongest predictors 
of 28-day mortality, while excluding SOFA, LCR, and OI due to minimal contributions (Table 2).

Collinearity diagnostics (VIF and tolerance) confirmed no significant issues for NEI and PCT, supporting their inclusion. To 
address complete separation and enhance model stability, L1 regularization (Lasso) was applied. Using 10-fold cross-validation, 
λ.min was selected as the optimal regularization parameter, minimizing AIC (74.40) and BIC (79.48) (Figure 2A and B). L1 
regularization progressively shrank weaker variable coefficients to zero, preserving the stability of NEI and PCT as key predictors 
(Figure 2C). The final model, focused on NEI and PCT as key predictors, provided stable and optimized predictions for 28-day 
mortality risk, highlighting their critical role in septic shock risk assessment.

Model Performance Evaluation: ROC, Feature Importance, and SHAP
The model’s predictive performance was evaluated using the ROC curve and AUC with 95% confidence intervals (CI) 
(Figure 3A). The final model (NEI + PCT) achieved an AUC of 0.91 (95% CI: 0.86–0.97), outperforming NEI 
(AUC = 0.86, 95% CI: 0.79–0.93) and PCT (AUC = 0.69, 95% CI: 0.59–0.80). The multivariable model (NEI + 
PCT) enhanced 28-day mortality prediction accuracy by 5.3% and 32.0% compared to NEI and PCT alone, respectively.

Confusion matrix analysis revealed an overall accuracy of 85.11%, sensitivity of 86.96%, and specificity of 83.33% 
(Figure 3B), In the model, false positives refer to patients who were incorrectly predicted to die but ultimately survived, 
while false negatives are those predicted to survive but who died. The relatively low false negative rate indicates that the 
model has high sensitivity in identifying high-risk patients, making it effective in assisting early interventions in clinical 
practice and reducing the chance of missing critically ill patients. Standardized regression coefficients identified NEI as 
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the dominant predictor of 28-day mortality (Figure 3C). SHAP analysis confirmed NEI’s primary contribution and 
revealed PCT’s moderating role in specific cases, validating the multivariable approach (Figure 3D).

Model Validation
Stratified Validation
Stratified analysis across age groups (50–64, 65–79, and ≥80 years) yielded AUC values of 0.89, 0.89, and 0.99, 
respectively (Figure 4A). The ≥80 years group showed significantly better classification performance, highlighting the 
model’s enhanced accuracy in older populations, while the other age groups maintained strong discriminatory ability.

Bootstrap Validation
Robustness was assessed using 1000 bootstrap iterations, yielding an average AUC of 0.91 (95% CI: 0.86–0.95) with 
a near-normal distribution, indicating stable classification performance (Figure 4B). Feature analysis (Figure 4C) showed 
NEI alone achieved an AUC of 0.86, PCT alone 0.69, and their combination significantly improved the AUC to 0.92, 
highlighting the synergistic predictive power of integrated features.

Table 1 Characteristics of Septic Shock Patients, Including Demographic and Clinical Parameters, for the Total 
Population, Survivors, and Non-Survivors

Characteristics Total Survivors Non-survivors χ2/t/U/Z Value P-value

Male 66 (70.21%) 30 (62.5%) 36 (78.26%) 0.545 0.460

Female 28 (29.78%) 18 (37.5%) 10 (21.74%) 2.286 0.131

Age 73.26 ± 12.03 72.52 ± 12.71 74.02 ± 11.37 −0.602 0.548
BMI 22.81 ± 3.7 22.82 ± 3.85 22.79 ± 3.59 0.032 0.975

APACHE II 24.28 ± 7.88 23.75 ± 6.96 24.83 ± 8.78 −0.660 0.511

SOFA 9.61 ± 2.9 8.85 ± 3.07 10.39 ± 2.51 −2.650 0.009
GCS 10 (5.25, 14) 12.0 (6.0, 15.0) 9.0 (5.0, 14.0) 895 / −1.596 0.110

OI 224.76 ± 92.07 247.08 ± 85.43 201.46 ± 93.87 2.466 0.015
WBC 14.32 (7.93, 21.56) 15.14 (7.50, 22.31) 13.84 (8.43, 20.31) 1086.5 / −0.132 0.895

N 14.69 ± 9.34 15.13 ± 10.34 14.24 ± 8.25 0.459 0.459

L 0.59 (0.32, 0.91) 0.665 (0.31, 0.89) 0.57 (0.40, 0.90) 1083 / −0.159 0.874
M 0.48 (0.2, 0.86) 0.515 (0.20, 0.92) 0.435 (0.23, 0.74) 1011 / −0.704 0.482

HB 109 (91.5, 132.75) 108.0 (97.5, 128.5) 109.5 (88.0, 138.8) 1093 / −0.083 0.934

PLT 164.37±115.55 170.48 ± 125.88 158.00 ± 104.72 0.521 0.521
CRP 119.14 (67.19, 207.05) 139.52 (66.95, 216.52) 106.67 (67.32, 196.55) 1051 / −0.401 0.689

PCT 5.89 (1.52, 39.02) 14.94 (3.78, 65.97) 2.25 (1.15, 9.25) 678.5 / −3.219 0.001

LAC 3.25 (2.4, 5.4) 3.05 (2.40, 4.70) 3.55 (2.43, 5.57) 1046 / −0.439 0.661
LCR 45.28 (27.48, 56.69) 47.41 (37.5, 57.63) 37.27 (11.58, 52.94) 784 / −2.421 0.015

PT 14.2 (13.2, 16.3) 14.25 (12.90, 16.42) 14.20 (13.45, 15.70) 1079.5 / −0.185 0.853

APTT 33.85 (29.45, 38.58) 33.85 (30.63, 38.20) 33.65 (28.58, 40.93) 1082.5 / −0.163 0.871
Fib 4.09±1.71 4.18 ± 1.77 3.99 ± 1.66 0.538 0.538

D-dimer 5.04 (2.66, 13.92) 6.36 (2.88, 15.20) 4.48 (1.79, 7.24) 903 / −1.520 0.128

ALB 27.36±5.09 27.89 ± 4.27 26.82 ± 5.83 1.025 1.025
TBiL 18.15 (12.27, 32.65) 18.15 (12.65, 34.18) 18.45 (11.83, 32.35) 1044.5 / −0.045 0.653

CR 108.5 (73.5, 172.18) 106.5 (74.03, 178.33) 112.45 (74.20, 157.53) 1094.5 / −0.072 0.943

IL-6 255.73 (73.6, 1211.34) 228.04 (63.26, 1759.90) 265.41 (82.04, 746.56) 1097.5 / −0.049 0.961
NEI 1.75 (0.81, 2.83) 0.88 (0.65, 1.70) 2.59 (1.93, 4.40) 306 / −6.036 <0.001

Notes: NEI = D / (BMI × T), with units of mg· m² / (kg· 24h); D = cumulative norepinephrine dose within the first 24 hours of ICU admission (mg); T = 24h. 
Abbreviations: BMI, Body Mass Index; APACHE II, Acute Physiology and Chronic Health Evaluation II; SOFA, Sequential Organ Failure Assessment; 
GCS, Glasgow Coma Scale; OI, oxygenation index; WBC, white blood cell; N, neutrophil; L, lymphocyte; M, monocyte; HB, hemoglobin; PLT, platelet; 
CRP, C-reactive protein; PCT, procalcitonin (ng/mL); LAC, lactate; LCR, 24-hour lactate clearance rate; PT, prothrombin time; APTT, activated partial 
thromboplastin time; Fib, fibrinogen; ALB, albumin; TBiL, total bilirubin; CR, creatinine; IL-6, interleukin-6.
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Table 2 Significant Variables From Univariate Logistic Analysis and Stepwise Logistic Regression in Patients with Septic Shock

Variable Regression 
Coefficient 
(Univariate)

SE 
(Univariate)

OR 
(Univariate)

95% CI OR 
(Univariate)

P-value 
(Univariate)

Regression 
Coefficient 
(Stepwise)

OR 
(Stepwise)

95% CI OR 
(Stepwise)

P-value 
(Stepwise)

Tolerance VIF

OI −0.006 0.002 0.994 (0.990, 0.999) 0.018 – – – – – –

SOFA 0.198 0.079 1.218 (1.044, 1.423) 0.012 – – – – – –
PCT −0.017 0.007 0.983 (0.970, 0.996) 0.01 −0.04 0.961 (0.937, 0.984) 0.001 0.998 1.002

LCR −0.022 0.009 0.987 (0.962, 0.995) 0.009 – – – – – –

NEI 1.351 0.293 3.862 (2.174, 6.861) <0.001 1.737 5.678 (2.741, 11.762) <0.001 0.998 1.002
Constant – – – – – −2.496 0.082 – <0.001 – –

Notes: D / (BMI × T), unit: mg· m² / (kg· 24h); D = cumulative norepinephrine dose within the first 24 hours of ICU admission (mg); T = 24h. 
Abbreviations: OI, oxygenation index; SOFA, Sequential Organ Failure Assessment; PCT, procalcitonin (ng/mL); LCR, 24-hour lactate clearance rate; NEI, norepinephrine index; SE, standard error; OR, odds ratio; CI, confidence 
interval.
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Figure 2 Development of the predictive model for mortality risk. (A) Selection of optimal regularization parameters (λ.min and λ.1se) using 10-fold cross-validation based on 
binomial deviance. (B) AIC and BIC reach their lowest values at λ.min (AIC = 74.40, BIC = 79.48). (C) Coefficient shrinkage with increasing regularization strength (λ), where 
weaker variables are progressively compressed to zero, while key predictors (NEI and PCT) remain stable. The final model highlights NEI and PCT as critical predictors of 28-day 
mortality risk in septic shock patients. Cumulative norepinephrine dose within the first 24 hours of ICU admission (mg) / (BMI × 24h), unit: mg· m² / (kg· 24h). 
Abbreviations: NEI, norepinephrine index; PCT, procalcitonin (ng/mL).

Figure 3 Performance evaluation of the predictive model for mortality risk. (A) ROC curves comparing the multivariable model (NEI + PCT) with NEI and PCT alone, showing 
the highest AUC for the multivariable model (AUC = 0.91, 95% CI: 0.86–0.97). (B) Confusion matrix analysis illustrating overall accuracy (85.11%), sensitivity (86.96%), and 
specificity (83.33%). False positives indicate patients incorrectly predicted to die, while false negatives represent missed high-risk cases. (C) Standardized regression coefficients 
indicating NEI as the dominant predictor of 28-day mortality. (D) SHAP analysis confirming NEI’s primary contribution and PCT’s moderating role, supporting the multivariable 
model’s predictive robustness. Cumulative norepinephrine dose within the first 24 hours of ICU admission (mg) / (BMI × 24h); unit: mg· m² / (kg· 24h). 
Abbreviations: NEI, norepinephrine index; PCT, procalcitonin (ng/mL).
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To evaluate noise resilience, random noise levels (0.01–0.08) were introduced. The model maintained an AUC above 
0.91 with noise ≤0.05, with a slight decline observed beyond this threshold (Figure 4D). These results demonstrate the 
model’s robustness under moderate noise interference, ensuring reliable performance within acceptable ranges.

While the bootstrap validation results demonstrate robust performance, we acknowledge that overfitting is always 
a potential concern, especially given the relatively small sample size. We addressed this by employing L1 regularization 
(Lasso) during model construction to minimize overfitting, and our validation results, including in the test set, suggest 
that the model remains stable and generalizable.

Performance Evaluation on Internal Training and Test Sets
The internal set were stratified by survival and mortality proportions and divided into a training set (n = 66) and a test set 
(n = 28) at a 7:3 ratio. Model stability was evaluated using 10-fold cross-validation on the training set, achieving an AUC 
of 0.94 (95% CI: 0.89–0.98), while the test set reached an AUC of 0.85 (95% CI: 0.69–0.97), demonstrating strong 
generalization performance (Figure 4E). Confusion matrix analysis showed training set accuracy, sensitivity, and 
specificity of 87.88%, 87.50%, and 88.24%, respectively, compared to 75.00%, 76.92%, and 73.33% for the test set 
(Figure 4F). In the training set, the model showed a low false negative rate, indicating good ability to identify high-risk 
patients. In contrast, in the test set, a slight increase in false negatives was observed, which suggests a slight decrease in 
sensitivity when applied to unseen data. This highlights the need for clinical judgment when predicting borderline-risk 
patients using the model, to avoid potential undertreatment.

The precision-recall curve yielded AUC-PR values of 0.93 for the training set and 0.89 for the test set, indicating 
stable classification performance (Figure 4G). Prediction probability distributions demonstrated strong classification 
performance across datasets. In the training set, positive and negative samples showed near-complete separation, with 
positive samples clustering within the 75–100% range and negative samples within the 0–25% range. A slight overlap 
was observed in the test set, indicating a modest decline in classification capability for unseen data (Figure 4H). Overall, 
the model demonstrated excellent classification performance on the training set and strong generalization on the test set. 
Despite minor differences, the robust predictive capability affirms its reliability for unseen data.

Figure 4 Model validation for predicting septic shock mortality. (A) Stratified analysis showing AUC values across age groups (50–64, 65–79, and ≥80 years), with enhanced 
performance in the ≥80 years group. (B) Bootstrap validation demonstrating robust classification performance with an average AUC of 0.91 (95% CI: 0.86–0.95). 
(C) Feature-specific analysis highlighting the synergistic predictive power of NEI and PCT combined (AUC = 0.92). (D) Noise resilience testing showing consistent 
AUC >0.91 under noise levels ≤0.05. (E) Internal training and test set performance with AUC values of 0.94 (training) and 0.85 (test). (F) Confusion matrix analysis 
comparing accuracy, sensitivity, and specificity between training and test sets. False negative rates were slightly higher in the test set, suggesting more missed high-risk cases. 
(G) Precision-recall curves indicating stable classification performance (AUC-PR = 0.93 for training, 0.89 for test). (H) Prediction probability distributions revealing near- 
complete separation of positive (75–100%) and negative samples (0–25%) in the training set and slight overlap in the test set. Overall, these results confirm the model’s 
strong predictive performance, robustness, and generalizability for mortality risk in septic shock patients. NEI and PCT were used as predictive biomarkers. NEI was 
measured in mg· m² / (kg· 24h), and PCT in ng/mL.
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External Validation
To validate the model’s generalizability, an independent external validation cohort (n = 57) was utilized. A comparison of 
baseline characteristics (Table 3) revealed no significant differences in gender distribution, BMI, GCS, SOFA scores, 
APACHE II scores, or key biomarkers (PCT and NEI) between the two datasets (all P > 0.05). However, the external 
validation dataset had a slightly younger median age compared to the training dataset (69 years vs 75 years, P = 0.037). 
These findings indicate that the external dataset is comparable to the internal dataset, supporting the model’s applicability 
to independent patient cohorts.

In external validation cohort (n = 57), the model achieved an AUC of 0.90 (95% CI: 0.83–0.98) (Figure 5A), with 
sensitivity and specificity of 88.0% and 75.0%, respectively (Figure 5B). The confusion matrix analysis revealed 
a relatively low number of false negatives, suggesting that the model maintains high sensitivity and can effectively 
identify most patients at high risk of mortality. While some false positives exist, the high sensitivity in the prediction 
ensures that critically ill patients are identified and receive timely interventions, which is crucial in sepsis management. 
Bootstrap resampling (1000 iterations, Figure 5C) confirmed the model’s robustness, yielding a near-normal AUC 
distribution (mean AUC = 0.877, 95% CI: 0.850–0.903).

Table 3 Comparison of Baseline Characteristics Between the Internal Dataset and External Validation Dataset

Age Gender BMI GCS SOFA APACHE II PCT NEI

Internal Set 75 
(62.25, 83.00)

Male: 66 
Female: 28

22.85 
(20.51, 24.50)

10.00 
(5.25, 14.00)

9.6 ± 2.9 23.00 
(18, 28)

5.89 
(1.52, 39.02)

1.75 
(0.81, 2.83)

External-Validation-Set 69 

(58, 80)

Male: 36 

Female: 21

23.44 

(19.49, 25.95)

11.00 

(5.00, 14.00)

9.0 ± 2.6 21.00 

(18, 26)

9.81 

(2.03, 56.06)

1.63 

(1.00, 4.15)
P-value 0.037 1.000 0.511 0.857 0.196 0.213 0.377 0.435

Abbreviations: BMI, Body Mass Index; GCS, Glasgow Coma Scale; SOFA, Sequential Organ Failure Assessment; APACHE II, Acute Physiology and Chronic Health Evaluation II; 
PCT, procalcitonin (ng/mL); NEI = D / (BMI × T), unit: mg· m² / (kg· 24h); D= cumulative norepinephrine dose within the first 24 hours of ICU admission (mg); T = 24h.

Figure 5 External validation of the predictive model. (A) ROC curve showing an AUC of 0.90 (95% CI: 0.83–0.98). (B) Confusion matrix analysis illustrating overall accuracy 
(80.70%), sensitivity (88.0%), and specificity (75.0%). The low false negative count supports reliable detection of high-risk patients. (C) Bootstrap validation (1000 iterations) 
confirming robustness with a near-normal AUC distribution (mean AUC = 0.877, 95% CI: 0.850–0.903). (D) Calibration curve indicating strong agreement between 
predicted and observed probabilities, particularly in the mid-range (0.4–0.7). (E) Decision curve analysis demonstrating higher net benefit for high-risk screening at low 
threshold probabilities (≤0.05). The results confirm the model’s stability, robustness, and clinical applicability in an independent external cohort. 
Abbreviations: PCT, procalcitonin (ng/mL); NEI, norepinephrine index (mg· m² / (kg· 24h)).
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The calibration curve (Figure 5D) showed good agreement between predicted and observed probabilities, particularly 
in the mid-range interval (0.4–0.7). The mean absolute error (MAE) and Brier score were 0.243 and 0.154, respectively.

Decision curve analysis (Figure 5E) demonstrated a significantly higher net benefit for high-risk screening compared 
to a “no screening” strategy, especially at low threshold probabilities (≤0.05).

To further assess the adequacy of the sample sizes used in the internal and external validation cohorts, a post hoc 
power analysis was performed using DeLong’s method for AUC-based inference. The internal cohort (AUC = 0.91, 
n = 94) yielded a standard error of 0.0205 and a statistical power of 1.00. Similarly, the external validation cohort 
(AUC = 0.90, n = 57) achieved a standard error of 0.0276 and a power of 1.00. These results suggest that, despite 
relatively modest sample sizes, the study was sufficiently powered to detect statistically significant predictive perfor
mance in both internal and external datasets. This provides additional statistical assurance regarding the robustness and 
clinical applicability of the proposed model.

Decision Tree and Nonlinear Effect Analysis
Nonlinear Relationship Analysis
Natural cubic spline regression revealed significant nonlinear relationships between NEI, PCT, and mortality risk 
(Figure 6). Mortality risk for NEI rose gradually below 4 mg· m² / (kg· 24h), increased sharply above 4 mg· m² / (kg·  
24h), and plateaued thereafter (Figure 6A). For PCT, risk declined rapidly below 50 ng/mL and stabilized beyond this 
threshold (Figure 6B). These critical values (NEI > 4mg· m² / (kg· 24h), PCT < 50 ng/mL) offer key insights for risk 
stratification and clinical decisions.

Decision Tree Model
A decision tree model (Figure 6C) identified NEI and PCT as pivotal variables for risk stratification. Patients with NEI < 
1.5mg· m² / (kg· 24h) were classified as low-risk (87% survival), while those with NEI ≥ 3.6 mg· m² / (kg· 24h) were 
categorized as high-risk (100% mortality). For intermediate-risk patients (NEI 1.5–3.6mg· m²/ (kg· 24h)), further 
stratification based on PCT levels revealed distinct patterns: PCT ≥ 45ng/mL indicated higher survival, PCT between 
4.2ng/mL and 45ng/mL indicated a mortality rate of 59%, reflecting a moderately high-risk category with a relatively low 
survival rate (41%), and PCT < 4.2ng/mL indicated a significantly worse prognosis with an 89% mortality rate. These 
findings underscore the clinical significance of NEI and PCT in guiding mortality risk assessment.

The spline analysis identified 50ng/mL for PCT and 4mg· m²/(kg· 24h) for NEI as non-linear inflection points, 
reflecting the overall non-linear trends in mortality risk. However, the decision tree model identified specific NEI and 
PCT thresholds that are clinically meaningful for mortality risk stratification. An NEI value above 3.6 mg· m²/(kg· 24h) 
indicated a high-risk group with a 100% mortality rate, which aligns with clinical understanding that high norepinephrine 
requirements are associated with severe circulatory dysfunction and poor prognosis in septic shock. The 4.2ng/mL PCT 
threshold identified in the decision tree model further refines the prognosis, indicating a significantly worse outcome for 

Figure 6 Decision tree and nonlinear relationship analysis. (A) Natural cubic spline regression showing a nonlinear relationship between NEI and mortality risk, with risk 
increasing sharply above NEI > 4mg· m² / (kg· 24h) and plateauing thereafter. The NEI axis is labeled in mg· m² / (kg· 24h). (B) Nonlinear effect of PCT on mortality risk, where 
risk decreases rapidly below PCT < 50ng/mL and stabilizes beyond this threshold. The PCT axis is labeled in ng/mL. (C) Decision tree model identifying NEI and PCT as key 
variables for risk stratification, delineating low-risk (NEI < 1.5mg· m² / (kg· 24h)), intermediate-risk (NEI 1.5–3.6mg· m² / (kg· 24h)), and high-risk (NEI ≥ 3.6mg· m² / (kg· 24h)) 
patient groups. The decision tree also identifies PCT < 4.2ng/mL as a significant threshold within a specific NEI subgroup. Notably, the spline regression identified 50ng/mL as 
the nonlinear inflection point for PCT, whereas the decision tree identified 4.2ng/mL as the optimal threshold within a specific NEI subgroup. These thresholds are 
complementary, reflecting population-level and subgroup-specific risk stratification, respectively. NEI is expressed as mg· m² / (kg· 24h); PCT in ng/mL.
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patients with lower PCT levels. These thresholds have direct clinical relevance, helping to identify patients who need 
urgent intervention and intensive monitoring to improve survival chances.

Discussion
In this study, we developed and validated an innovative predictive model for 28-day mortality risk in septic shock 
patients aged 50 years and above, emphasizing NEI and PCT as core predictors. The model demonstrated excellent 
predictive accuracy, stability, and clinical applicability through rigorous construction, internal and external validation, 
and multidimensional analyses. These findings establish NEI and PCT as critical biomarkers for mortality risk assessment 
in septic shock, with nonlinear analysis identifying NEI > 4mg· m²/(kg· 24h) and PCT < 50ng/mL as pivotal thresholds. 
Decision tree analysis further validated these thresholds, highlighting their utility in clinical risk stratification. Compared 
to traditional assessment methods primarily based on APACHE II or SOFA scores,16,25 our model achieved superior 
predictive accuracy and calibration in both internal and external validation cohorts, reflecting its ability to intuitively 
capture hemodynamic status and infection/immune responses.

NEI provides a novel lens for assessing hemodynamic stress and microvascular function by integrating norepinephrine 
dosage, BMI, and duration of administration. It quantifies the severity of microcirculatory perfusion insufficiency and the 
patient’s reliance on hemodynamic support.48,49 Conversely, PCT < 50ng/mL was significantly correlated with higher 
mortality, challenging the conventional notion that elevated PCT levels always predict worse outcomes. This phenomenon 
likely reflects immune suppression or dysfunction, where impaired cytokine secretion diminishes PCT elevation.50 

Specifically, patients who are immunocompromised—such as those receiving immunosuppressive therapy, organ transplant 
recipients, or elderly patients—may exhibit lower or unchanged PCT levels despite the presence of severe infection. This 
suggests that immune suppression can result in a blunted inflammatory response, which may impair the production and release 
of PCT, making it less reliable as a marker of infection severity in these individuals. Several studies have reported similar 
findings. Lombardi et al23 found that PCT levels were significantly lower in immunosuppressed patients compared to 
immunocompetent septic patients, indicating that immune status can modulate PCT production and its diagnostic utility. 
Furthermore, Nicolas Bele et al24 showed that in critically ill immunocompromised patients, PCT was less sensitive as 
a marker of infection, particularly in the early stages of sepsis, due to the weakened immune response. These findings 
underscore the importance of considering a patient’s immune status when interpreting PCT levels in clinical practice. While 
PCT remains a useful biomarker in many cases, its diagnostic utility may be compromised in immunocompromised patients, 
and clinicians should use additional diagnostic tools and clinical judgment to assess the severity of infection.

This model offers three key clinical advantages: (1) Efficient risk stratification: The NEI- and PCT-based model 
effectively distinguishes low-, medium-, and high-risk groups. Nonlinear analysis revealed that when NEI > 4mg· m² / 
(kg· 24h), mortality risk rises sharply; similarly, PCT < 50ng/mL indicates a poorer prognosis. Notably, decision tree 
analysis further validated these critical thresholds, aiding in the clinical identification of high-risk patients who require 
intensified hemodynamic support or more aggressive infection control strategies.51 For example, patients with NEI ≥ 
3.6 mg· m² / (kg· 24h) represent the highest-risk group, requiring intensive hemodynamic support and infection control, 
whereas those with NEI < 1.5 mg· m² / (kg· 24h) can avoid unnecessary interventions, optimizing resource utilization. (2) 
Real-time dynamic monitoring: By incorporating dynamic variables, the model captures real-time changes in patient 
status, outperforming traditional static scoring systems such as APACHE II and SOFA. External validation achieved an 
AUC of 0.90, surpassing the typical < 0.80 AUC of conventional systems,16,25 underscoring its superiority in dynamic 
monitoring. In addition, when directly compared with traditional scoring systems in the same cohort, the NEI + PCT 
model consistently outperformed both SOFA and APACHE II. In the internal validation dataset, the model achieved an 
AUC of 0.91, significantly higher than SOFA (AUC = 0.64) and APACHE II (AUC = 0.52). In the external validation 
cohort, the model maintained its superior performance with an AUC of 0.90, compared to SOFA (AUC = 0.70) and 
APACHE II (AUC = 0.50). These findings reinforce the robustness and clinical relevance of the NEI + PCT model, 
particularly in its ability to capture hemodynamic instability and immune response, which are critical determinants of 
outcome in septic shock. The enhanced discrimination over traditional systems highlights the value of integrating 
dynamic biomarkers into risk stratification tools. (3) Clinical practicality: Decision tree analysis provides an intuitive 
and user-friendly stratification tool, enabling rapid identification of high-risk patients in resource-limited settings, thereby 
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facilitating precision treatment strategies. The decision tree further refines our core findings—namely, NEI > 3.6mg· m² / 
(kg· 24h) and PCT < 4.2ng/mL as key mortality risk thresholds—by delineating more granular subgroups for clinical 
decision-making. While logistic regression underscored these two cutoffs as pivotal, the tree reveals that NEI ≥ 3.6mg·  
m² / (kg· 24h) substantially increases the likelihood of fatal outcomes, signifying the need for intensified hemodynamic 
support and infection control. Conversely, NEI < 1.5mg· m² / (kg· 24h) generally corresponds to a lower-risk profile, 
suggesting less aggressive intervention. PCT levels provide additional specificity for risk stratification: patients with PCT 
within certain cutoffs (eg, < 4.2ng/mL) exhibit a markedly higher mortality risk. These results emphasize that the 
interaction between NEI and PCT is critical for early identification of high-risk septic shock patients, while also 
highlighting the need for tailored resource allocation and treatment strategies across different threshold ranges in clinical 
practice. Taken together, these findings validate our model’s primary thresholds while offering a practical, stepwise 
pathway to tailor therapy and resource allocation in managing septic shock.

This study rigorously evaluated the model’s robustness and clinical applicability through stratified validation, boot
strap resampling, and external validation. In the external validation cohort, the model achieved an AUC of 0.90, with 
sensitivity and specificity of 88.0% and 75.0%, respectively, demonstrating its reliability on independent datasets. 
Bootstrap resampling (mean AUC: 0.877; 95% CI: 0.850–0.903) and calibration curve analysis (Brier score: 0.154) 
confirmed a strong concordance between predicted probabilities and actual outcomes. SHAP analysis further elucidated 
the dynamic contributions of NEI and PCT to individual risk predictions, enhancing the model’s interpretability and 
fostering clinician trust. Additionally, the decision tree simplified complex predictive patterns into clear, actionable rules, 
providing a robust framework for developing clinical decision support systems.

The predictive roles of NEI and PCT align with their established pathophysiological mechanisms in septic shock. 
NEI, which incorporates norepinephrine dosage, BMI, and duration of use, serves as an indicator of hemodynamic and 
microcirculatory status. Nonlinear analyses show that NEI > 4mg· m² / (kg· 24h) significantly increases mortality risk, 
linking high-dose norepinephrine to severe hemodynamic instability and microcirculatory dysfunction,18,52,53 and under
scoring its prognostic value. Notably, PCT levels below 50ng/mL are correlated with higher mortality, challenging the 
conventional understanding that higher PCT levels are always associated with worse outcomes.54–57 In the decision tree 
model subgroup, patients with PCT < 4.2ng/mL demonstrated significantly increased mortality risk, likely reflecting 
a state of immune suppression or paralysis, where the body fails to mount an adequate response to infection.58 This is 
particularly relevant in elderly patients, who are often affected by immunosenescence and impaired inflammatory 
responses.58 Additionally, NEI in the range of 1.5–3.6mg· m²/ (kg· 24h) may indicate an immune-inflammatory 
imbalance, representing a transition phase between hyperinflammation and immune exhaustion. Integrating immune 
assessments, such as monocyte HLA-DR expression or lymphocyte profiling, could be valuable for identifying high-risk 
individuals in this subgroup.59,60 Future research should investigate the role of immune dysfunction in this population 
and evaluate the potential of immunomodulatory therapies to improve outcomes.

While this study offers valuable insights, it has several limitations: (1) The relatively small, single-center sample may 
limit the generalizability of the findings. Future research should expand the sample size and incorporate multicenter data 
for more robust validation. (2) The accurate and reproducible measurement of NEI and PCT requires strict standardiza
tion of norepinephrine dosing documentation and laboratory protocols. Inconsistencies across centers may introduce 
variability, thus posing challenges for large-scale application. Future multicenter studies must ensure harmonized data 
collection and biomarker quantification protocols to preserve model accuracy and reliability. (3) Slight discrepancies in 
stratification outcomes were observed between thresholds derived from nonlinear analysis and decision tree methods. 
Integrating these approaches in future studies could enhance the practicality of stratification rules. Future studies should 
also explore incorporating dynamic biomarkers (eg, IL-6, lactate, immune indicators) to enrich the model’s variable 
structure, applying advanced machine learning algorithms (eg, random forest, XGBoost) to improve model performance 
and interpretability, and developing clinical decision support tools by integrating the model into electronic medical record 
systems for real-time and precise mortality risk assessment. (4) Despite the inclusion of external validation, we 
acknowledge the limitations inherent in our retrospective cohort. While retrospective studies are valuable for hypothesis 
generation, they inherently carry risks of bias, such as selection bias, information bias, and unmeasured confounding, 
particularly in real-world clinical settings. For instance, variations in treatment protocols, documentation quality, or 
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comorbidity burden may not be fully captured in retrospective data, potentially influencing model performance and 
limiting generalizability. For example, patients with incomplete data or those excluded from initial assessments may not 
represent the general population, which could impact the study’s findings. Additionally, we recognize the potential for 
unmeasured confounding factors, such as comorbidities or treatment protocols, that could influence the outcomes. Future 
studies should consider prospective, multicenter trials to further validate our findings across different patient populations 
and clinical settings, which would help confirm the model’s external validity and enhance its applicability in real-world 
clinical practice.

While our model demonstrates promising results in predicting mortality in septic shock, several areas for future 
research and improvements remain.

One important next step is to validate the model in multicenter settings. While our study included external validation, 
a larger and more diverse cohort from multiple centers would provide further validation of the model’s performance 
across different populations and healthcare settings. This would also enhance its generalizability and external validity, 
which is crucial for real-world clinical applications.

Another exciting avenue for future research is the dynamic monitoring of NEI trends. As NEI reflects both 
hemodynamic and metabolic status, continuous monitoring of this marker could provide real-time insights into patient 
progression and enable early detection of deteriorating conditions. Integrating such dynamic monitoring into clinical 
practice could significantly improve patient outcomes by facilitating timely interventions, particularly for patients at high 
risk of deterioration.

By addressing these future improvements, we believe that our model can evolve to provide more personalized, real- 
time support for clinical decision-making, ultimately improving sepsis management and prognosis.

Conclusion
This study developed a dynamic risk prediction model for 28-day mortality in septic shock patients aged 50 and above, 
with NEI and PCT as the core predictive factors. By identifying NEI > 4mg· m² / (kg· 24h) and PCT < 50ng/mL as 
critical thresholds, the model facilitates accurate patient stratification and supports personalized treatment strategies. 
While the findings are promising, but the model’s application is currently limited by the relatively modest sample size, 
and caution should be exercised when interpreting the results.

To fully validate the predictive potential of this model, future research should involve prospective validation across larger, 
more diverse patient populations from multiple centers. A well-designed prospective cohort study will help establish the 
model’s generalizability, real-time performance, and clinical utility. Importantly, multicenter validation will provide insights 
into how the model performs across various healthcare settings, ensuring that it is robust and applicable in different clinical 
environments. This validation step will also enhance predictive precision and further confirm the model’s effectiveness.

Integrating this model into clinical workflows represents a critical next step in improving patient outcomes. 
Embedding the model within Electronic Health Record (EHR) systems will enable real-time risk predictions based on 
incoming patient data, thereby supporting clinicians in making timely and informed decisions. Additionally, future 
interventional trials could assess the impact of the model on clinical decision-making, early intervention strategies, and 
patient outcomes. With external validation and successful clinical implementation, this model could become a valuable 
tool in sepsis management guidelines, enabling more targeted, efficient, and evidence-based care for septic shock 
patients.
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total bilirubin; CR, creatinine; IL-6, interleukin-6; NEI, norepinephrine index; NEI = D / (BMI × T); D, cumulative 
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