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Background: Early identification of high-risk patients is crucial for improving outcomes. This study aims to develop and validate 
a machine learning (ML) model to predict early 7-day mortality in sepsis patients based on routine clinical data obtained immediately 
after diagnosis.
Methods: Data were collected from four tertiary hospitals across diverse regions in China. Seven ML algorithms were employed to 
construct the prediction model. Model performance was evaluated using Area Under the Receiver Operating Curve (AUROC), 
calibration curves, Decision Curve Analysis (DCA), and clinical application. The SHapley Additive exPlanations (SHAP) method was 
used to interpret the model and identify key predictors.
Results: Among 8729 patients, 752 (8.6%) died within 7 days after admission. The Artificial Neural Network (ANN) model 
demonstrated superior predictive performance, achieving an AUROC of 0.767 (95% CI: 0.748–0.787) in training set, outperforming 
traditional scoring systems such as APACHE II (AUROC: 0.710, 95% CI: 0.698–0.721) and SOFA (AUROC: 0.718, 95% CI: 
0.707–0.729). This performance was consistent in the test set. Key predictors of early mortality included Glasgow Coma Scale (GCS), 
blood chloride, and albumin levels. The SHAP analysis provided interpretable insights into the model.
Conclusion: We developed a machine learning model to predict the risk of early 7-day mortality in sepsis patients based on routine 
clinical data obtained immediately after diagnosis and validated its potential as a clinically reliable tool, achieving an AUROC of 
0.767 in the training set. The use of SHAP-based interpretation enhances model interpretability, enabling clinicians to better under
stand the factors influencing mortality, identify high-risk patients early, and implement timely interventions to improve outcomes.
Keywords: sepsis, early mortality, machine learning, predictive models, SHAP, critical care

Introduction
Sepsis, a life-threatening systemic inflammatory response syndrome triggered by infection, is a leading cause of mortality 
in intensive care units (ICUs) worldwide.1 Annually, there are an estimated 48.9 million cases and 11 million deaths 
related to sepsis worldwide.2 In China, the incidence and mortality rates of sepsis are similarly alarming, with hospital 
mortality rates ranging from 30% to 50%, and exceeding 50% in cases of severe sepsis and septic shock.3 Beyond its 
devastating impact on patient survival, sepsis imposes a significant economic burden on healthcare systems, with annual 
costs exceeding tens of billions of dollars.4
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Early identification and intervention are critical to improving outcomes in septic patients. Studies have demonstrated 
that patients who receive standardized treatment within the first hours of sepsis onset experience significantly lower 
mortality rates.5 However, the heterogeneous clinical manifestations of sepsis and the lack of specific biomarkers make 
early diagnosis and risk stratification particularly challenging.6 In the clinical scenario, several hours often elapse by the 
time routine laboratory test results become available following a patient’s initial admission. Therefore, predicting 
mortality in septic patients based on existing test results and medical history is critical for early risk stratification and 
subsequent therapeutic decision-making.

The Sequential Organ Failure Assessment (SOFA) score serves as a fundamental component of the Sepsis-3 
diagnostic criteria. While multiple studies have explored its utility in predicting outcomes for septic patients, the 
performance of the SOFA score in forecasting short-term mortality has demonstrated notable variability across different 
investigations.7,8 With the rapid advancement of computer technology, machine learning (ML) has increasingly captured 
the attention and gained recognition within the clinical community. Recent ML-based studies have demonstrated 
significant potential in predicting sepsis mortality, offering clinicians a powerful tool to identify high-risk patients and 
facilitate timely, targeted therapeutic interventions.9–11 Despite advances in sepsis research, a critical gap remains: when 
a patient is diagnosed with sepsis in the emergency setting, can we reliably predict early mortality based on immediately 
available clinical data to facilitate timely risk stratification and intervention? Current models often rely on delayed 
laboratory results, limiting their utility in the crucial “golden hour” of sepsis management. Moreover, previous ML 
models in sepsis prediction have faced notable limitations, particularly in terms of interpretability. Many models operate 
as “black boxes”, providing predictions without clear explanations of the underlying decision-making process. This lack 
of transparency hinders clinical adoption, as clinicians require interpretable insights to trust and act on model outputs. 
SHapley Additive exPlanations (SHAP) addresses this critical limitation by offering feature attribution with local 
interpretability, facilitating the integration of ML into evidence based decision-making processes.12

Therefore, this study aims to develop an interpretable machine learning model for early sepsis mortality prediction 
using multicenter data to enable timely clinical interventions.

Methods
Participants
This retrospective study draws its cohort from four leading academic medical centers across China’s major metropolitan 
areas: representing Western China, the study includes the Daping Hospital, Army Medical University; and the Chongqing 
University Central Hospital, Chongqing Emergency Medical Center; from Central China: the Central Hospital of Wuhan, 
Tongji Medical College, Huazhong University of Science and Technology; and from Eastern China: the Ruijin Hospital, 
Shanghai Jiao Tong University School of Medicine. The study protocol was approved by the respective ethics boards of 
each participating hospital (Daping Hospital, 2024-384; Central Hospital of Wuhan, WHZXKYL2023-097-02; 
Chongqing University Central Hospital, 2025-24; and Ruijin Hospital, 2025-138). The requirement for informed consent 
was waived due to the retrospective and non-interventional nature of the study. Data analysis adhered to the principles of 
the 1964 Declaration of Helsinki.

The study screened consecutive adult inpatients diagnosed with sepsis on admission during the periods of 
January 2016 to December 2023 at the Daping Hospital, January 2017 to July 2023 at the Central Hospital of Wuhan, 
January 2017 to September 2023 at the Chongqing Emergency Medical Center, and January 2012 to May 2022 at the 
Ruijin Hospital. The diagnosis of sepsis is defined as SOFA score ≥2 points consequent to the infection (Sepsis-3).13 All 
patients received treatment in accordance with established guidelines. Exclusion criteria included: (1) Patients were 
younger than 18 years; (2) The hospital stay duration less than 2 days; (3) Death occurred within 7 days following 
withdrawal of treatment; (4) Discharged within 7 days with an unknown outcome; (5) Active malignancy or immuno
suppressed state; (6) Missing indicators ≥ 30%.
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Data Collection and Outcomes
Clinical variables were extracted from both paper-based and electronic medical records for each patient. The variables 
extracted in this study were: (1) Baseline demographic information: gender, age; (2) Infection source: Respiratory 
system, gastrointestinal tract, urinary system, and other infections; (3) Comorbidities: hypertension, diabetes, heart 
failure, acute coronary syndrome (ACS), cirrhosis, renal dysfunction, chronic dialysis, brain injury, respiratory dysfunc
tion, and home oxygen therapy (HOT); (4) Vital signs: temperature, heart rate, respiratory rate, and mean arterial pressure 
(MAP); (5) Laboratory indicators collected the first result within 24 hours after admission: Arterial pH, oxygenation 
index (PaO2/FiO2), white blood cell (WBC), neutrophils, neutrophil percentage, lymphocytes, lymphocyte percentage, 
hemoglobin, hematocrit, platelets, blood chloride, sodium, potassium, C-reactive protein (CRP), blood urea nitrogen 
(BUN), creatinine, alanine aminotransferase (ALT), aspartate aminotransferase (AST), total bilirubin (TBIL), direct 
bilirubin (DBIL), albumin, prothrombin time (PT), activated partial thromboplastin time (APTT), Thrombin time (TT), 
international normalized ratio (INR), Ddimers, lactate and procalcitonin. (6) Interventions: mechanical ventilation and 
Vasoactive drugs on admission; (7) The Glasgow Coma Scale (GCS); (8) Previous studies demonstrated that biomarker 
combinations have prognostic value.14 In this study, CRP-albumin-lymphocyte ratio (CALLY), neutrophil-to-lymphocyte 
ratio (NLR), CRP-to-albumin ratio (CAR), platelet-to-lymphocyte ratio (PLR), platelet-to-albumin ratio (PAR), and 
neutrophil-to-albumin ratio (NAR) are included. To reduce the impact of missing data on model construction, the 
MissForest technique was employed to address datasets with less than 20% missing values, while datasets exceeding 
a 20% missing rate were excluded from the analysis (Table S1).

The primary outcome was 7-day mortality after admission.

Machine Learning Model Development and Statistical Analysis
Baseline characteristics as continuous and categorical variables were presented as median (interquartile range) and n (%), 
respectively. Continuous variables will be compared using the t-test for normally distributed variables or Wilcoxon rank- 
sum test for non-normally distributed variables. For categorical variables, either the Chi-squared test or Fisher’s exact test 
was employed.

The dataset was partitioned into a training set and a test set with a 7:3 ratio. The training set was further partitioned 
into an internal training set for model construction and a tuning set for hyperparameters tuning with a 7:3 ratio. The Least 
Absolute Shrinkage and Selection Operator (LASSO) was employed for feature selection. This method incorporates L1 
regularization to compress coefficients, thereby selecting salient features and reducing dimensionality by identifying 
features with significant contributions and eliminating redundant ones. In this study, seven ML algorithms, logistic 
regression, decision tree, random forest, extreme gradient boosting (XGBoost), light gradient boosting machine 
(LightGBM), support vector machine (SVM), and artificial neural network (ANN), were used to construct the prediction 
model. To optimize the hyperparameters for each algorithm, a grid search methodology was employed. The hyperpara
meter exhibiting the highest Area Under the Receiver Operating Curve (AUROC) was selected as the optimal one. The 
predictive performance of the model was evaluated using the AUC of the ROC curve. The predictive value of the model 
was compared with the APACHE II (Acute Physiology and Chronic Health Evaluation II) score and the SOFA 
(Sequential Organ Failure Assessment) score on admission. Additionally, calibration curves and Decision Curve 
Analysis (DCA) were generated to assess the clinical utility. Calibration performance will be evaluated using Brier 
score, integrated calibration index, and visual examination of non-parametric calibration curve. To quantify the clinical 
utility of the models, the net benefit of each model was shown across a range of threshold probabilities (10–30%). The 
predictive performance of selected optimal model will undergo final validation across datasets from each center. To 
evaluate the interpretability of the constructed model, SHAP (Version: 0.46.0) was utilized to assess the contribution of 
each variable to the final predictive outcome, with the background data for SHAP value calculation derived from the 
internal training set. SHAP values provide a quantitative measure of the extent to which a specific input variable either 
positively or negatively influences the final prediction, thereby elucidating the impact of individual features on the 
model’s decision-making process. All statistical analyses were conducted using Python software (version 3.12.3), with 
a two-sided p-value less than 0.05 was considered significant.

Journal of Inflammation Research 2025:18                                                                                          https://doi.org/10.2147/JIR.S553042                                                                                                                                                                                                                                                                                                                                                                                                 15005

Sun et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx


Results
Baseline Characteristics of the Study Patients
After screening, a total of 8729 patients diagnosed with sepsis on admission were finally included in analysis, and 752 (8.6%) 
died within 7 days. The screening process was illustrated in Figure 1. The dataset was partitioned into a training set and a test 
set with a 7:3 ratio. Baseline characteristics between training set and test set were balanced and shown in Table S2.

Table 1 showed baseline information of all patients enrolled in the training set. Comparative analysis between the 
non-survivor group (patients who expired within 7 days post-admission) and the survivor group revealed no statistically 
significant differences in median age (69 years vs 71 years, p = 0.141) or gender distribution (male: 61.5% vs 63.5%, p = 
0.375). However, the non-survivor cohort demonstrated significantly higher prevalence rates of comorbidities, including 
hypertension, diabetes, heart failure, and ACS. On admission, non-survivor patients more frequently required mechanical 
ventilation, and vasoactive drugs. Vital signs revealed that non-survivor patients had lower levels of MAP, but elevated 
heart rate and respiratory rate. Comprehensive laboratory investigations demonstrated marked impairment in hepatic, 
renal, respiratory, and coagulation functions among non-survivors. Biomarker combinations showed significant differ
ences on CALLY, CAR, PLR, PAR and NAR between the two groups. However, no significant difference was observed 
in the NLR.

Feature Selection
LASSO regression was employed to perform feature selection on the internal training set. The trajectory of variable 
coefficients was illustrated in Figure 2 The process of selecting the optimal parameter λ value in the lasso regression 
model is carried out by the fivefold cross-validation method. LASSO regression identified 28 clinically significant 
variables strongly associated with 7-day mortality: age, GCS, respiratory rate, heart rate, MAP, hemoglobin, neutrophil 

Figure 1 Patient screening flow.

https://doi.org/10.2147/JIR.S553042                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2025:18 15006

Sun et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx


Table 1 Comparison of Baseline Characteristics in the Survivor and Non-Survivor Group in the Training Set

Total (N = 6110) Survivor (N = 5584) Non-Survivor (N = 526) p Value

Demographic information
Gender, (male %) 3770 (61.7) 3436 (61.5) 334 (63.5) 0.375

Age 69 (56–81) 69 (56–81) 71 (57–82) 0.141

Infection source
Respiratory system 3556 (58.2) 3212 (57.5) 344 (65.4) <0.001*

Gastrointestinal tract 1455 (23.8) 1335 (23.9) 120 (22.8) 0.573

Urinary system 937 (15.3) 921 (16.5) 16 (3.0) <0.001*
Other infections 885 (14.5) 805 (14.4) 80 (15.2) 0.621

Comorbidities
Hypertension 2480 (40.6) 2299 (41.2) 181 (34.4) 0.003*

Diabetes 1813 (29.7) 1682 (30.1) 131 (24.9) 0.012*

Heart failure 1189 (19.5) 1051 (18.8) 138 (26.2) <0.001*
ACS 490 (8.0) 431 (7.7) 59 (11.2) 0.005*

Cirrhosis 203 (3.3) 180 (3.2) 23 (4.4) 0.16

Renal dysfunction 605 (9.9) 564 (10.1) 41 (7.8) 0.091
Chronic dialysis 123 (2.0) 110 (2.0) 13 (2.5) 0.434

Brain injury 1288 (21.1) 1187 (21.3) 101 (19.2) 0.269

Respiratory dysfunction 876 (14.3) 804 (14.4) 72 (13.7) 0.657
HOT 30 (0.5) 29 (0.5) 1 (0.2) 0.48

Vital signs
Temperature 36.8 (36.5–37.6) 36.8 (36.5–37.6) 36.7 (36.4–37.58) 0.016*
Heart rate 99 (84–115) 98 (84–114) 109 (89–125) <0.001*

Respiratory rate 20 (19–24) 20 (19–24) 21 (19–26) 0.001*

MAP 88 (75–99) 88 (75–99) 83 (70–95) <0.001*
Laboratory indicators

Arterial pH 7.4 (7.35–7.44) 7.4 (7.36–7.45) 7.37 (7.27–7.42) <0.001*

Oxygenation index 266 (197–345) 269 (200–345) 227 (145–292) <0.001*
WBC 10.85 (7.36–15.84) 10.84 (7.42–15.69) 11.16 (6.6–17.5) 0.919

Neutrophils 9.33 (5.96–14.02) 9.3 (6.02–13.9) 9.53 (5.31–15.15) 0.869

Neutrophil percentage 87.5 (80.8–92.0) 87.5 (80.8–92.0) 88.2 (80.43–92.8) 0.125
Lymphocytes 0.7 (0.43–1.11) 0.71 (0.44–1.11) 0.66 (0.37–1.11) 0.006*

Lymphocyte percentage 6.7 (3.9–11.5) 6.8 (3.9–11.5) 6.45 (3.5–12.2) 0.86

Hemoglobin 110 (89–128) 110 (89–127) 110(86–133) 0.766
Hematocrit 33.2 (27.0–38.5) 33.2 (27.1–38.3) 33.1 (26.4–40.4) 0.669

Platelets 153 (98–221) 154 (101–223) 132 (70–199) <0.001*

Blood chloride 104 (100–107) 104 (100–107) 103 (98–107) 0.011*
Blood sodium 138 (135–141) 138 (135–141) 138 (135–142) 0.001*

Blood potassium 3.9 (3.54–4.28) 3.9 (3.53–4.26) 4.02 (3.68–4.5) <0.001*

CRP 77.6 (25.1–145.8) 76.6 (24.6–143.6) 87.7 (32.5–163.7) 0.003*
BUN 8.9 (5.9–14.6) 8.6 (5.8–14.1) 12.4 (7.8–19.2) <0.001*

Creatinine 93 (64–166) 90 (63–158) 139 (82–220) <0.001*

ALT 27 (15–54) 26 (15–51) 41 (21–104) <0.001*
AST 37 (22–75) 35 (21–69) 64 (34–214) <0.001*

TBIL 15.2 (9.9–24.6) 15.1 (9.8–23.9) 17.4 (10.8–32.7) <0.001*

DBIL 4.7 (2.5–9.2) 4.6 (2.5–8.8) 6.0 (2.8–14.5) <0.001*
Albumin 30.8 (26.6–35.3) 31.0 (26.9–35.5) 28.6 (24.2–33.7) <0.001*

PT 14.2 (12.9–15.8) 14.1 (12.8–15.6) 15.5 (13.7–18.7) <0.001*

APTT 35.5 (30.4–42.4) 35.2 (30.3–41.8) 38.7 (32.6–48.2) <0.001*
TT 16.3 (14.9–17.8) 16.2 (14.9–17.7) 16.9 (15.1–20.2) <0.001*

INR 1.17 (1.07–1.32) 1.16 (1.06–1.3) 1.3 (1.13–1.58) <0.001*

(Continued)
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percentage, neutrophils, lymphocyte percentage, platelets, creatinine, BUN, AST, PT, APTT, TT, oxygenation index, 
albumin, ALT, TBIL, Ddimers, blood sodium, blood chloride, procalcitonin, CRP, CALLY, NLR and PLR.

Machine Learning Model Performance
Seven ML models were constructed to predict the risk of 7-day mortality of septic patients. Figure 3 and Table S3 
illustrate the discriminative performance of these models using ROC curves. Six of the seven models, except for decision 
tree model, demonstrated substantial predictive capabilities for 7-day mortality of septic patients compared with 
APACHEII or SOFA. In training set, the random forest and LightGBM model achieve the highest performance, with 
an AUC of 0.790 [95% confidence interval (CI): 0.771–0.808], and 0.790 (95% CI: 0.771–0.809), respectively. The 
XGBoost model closely followed, exhibiting comparable efficacy with an AUC of 0.789 (95% CI: 0.770–0.808), 
surpassing the remaining algorithms. The other models also exhibited good predictive power but ranked lower in 
descending order of performance: ANN (AUC = 0.767, 95% CI: 0.748–0.787), SVM (AUC = 0.753, 95% CI: 
0.733–0.772), and logistic regression (AUC = 0.752, 95% CI: 0.741–0.762). In test set, these models also demonstrated 
robust generalizability. The XGBoost model achieves the highest performance, with an AUC of 0.769 (95% CI: 
0.752–0.784).

The calibration curves for all seven models showed deviation at certain points, which highlighting the importance of 
selecting the most appropriate model based on the specific clinical scenario (Figure S1). In terms of clinical applicability, five 
of the seven models, excluding decision tree and random forest models, showed robust net benefit across a wide range of 
threshold probabilities (Figure S2). After comprehensively considering the AUC values, calibration, and net benefit of each 
model, ANN was selected as the optimal model for predicting early mortality in septic patients. ANN model showed lowest 
Brier Score in training set and ICI in test set (Table S4). Table S4 summarized the net benefit of each model in both the training 
and test sets across the clinically relevant threshold range (10–30%). The results demonstrated that ANN consistently performs 
well compared to other models, particularly in terms of stability and generalizability (Table S5). The calibration curve and 
DCA for the ANN model in training set and test set were shown in Figure S3.

The findings from the multicenter validation study provide a more robust assessment of the predictive performance of 
the ANN model, while also highlighting inherent heterogeneity across different datasets. The predictive performance of 
ANN model underwent final validation across datasets from each center. In most studies, the predictive efficacy on 
multicenter data is generally observed to be lower compared to the internal validation set. However, in the present study, 

Table 1 (Continued). 

Total (N = 6110) Survivor (N = 5584) Non-Survivor (N = 526) p Value

Ddimers 2.4 (1.03–4.94) 2.33 (1.0–4.75) 3.5 (1.59–7.78) <0.001*

Procalcitonin 3.07 (0.46–16.66) 2.83 (0.42–15.49) 7.17 (1.26–29.28) <0.001*
GCS 15 (12–15) 15 (12–15) 13 (8–15) <0.001*

Biomarker combinations
CALLY 0.3 (0.11–1.04) 0.3 (0.12–1.07) 0.24 (0.07–0.72) <0.001*
NLR 13.01 (7.08–23.49) 12.93 (7.11–23.31) 14.18 (6.79–25.98) 0.3

CAR 2.58 (0.79–5.16) 2.53 (0.77–5.04) 3.27 (1.12–6.4) <0.001*

PLR 212.55 (119.62–365.21) 213.56 (122.49–363.54) 192.33 (89.74–382.16) 0.014*
PAR 4.8 (3.12–7.31) 4.84 (3.16–7.34) 4.4 (2.56–6.96) <0.001*

NAR 0.31 (0.19–0.47) 0.3 (0.19–0.47) 0.33 (0.18–0.55) 0.042*

Interventions
Mechanical ventilation 1331 (21.8) 1115 (20.0) 216 (41.1) <0.001*

Vasoactive drugs 586 (9.6) 456 (8.2) 130 (24.7) <0.001*

Notes: Data are presented as median (interquartile range), or number (percentage). *p < 0.05. 
Abbreviations: ACS, acute coronary syndrome; HOT, home oxygen therapy; MAP, mean arterial pressure; WBC, white blood cell; CRP, C-reactive 
protein; BUN, blood urea nitrogen; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TBIL, total bilirubin; DBIL, direct bilirubin; PT, 
prothrombin time; APTT, activated partial thromboplastin time; TT, Thrombin time; INR, international normalized ratio; GCS, Glasgow Coma Scale; 
CALLY, CRP-albumin-lymphocyte ratio; NLR, neutrophil-to-lymphocyte ratio; CAR, CRP-to-albumin ratio; PLR, platelet-to-lymphocyte ratio; PAR, 
platelet-to-albumin ratio; NAR, neutrophil-to-albumin ratio.

https://doi.org/10.2147/JIR.S553042                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2025:18 15008

Sun et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx
https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx
https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx
https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx
https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx
https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx
https://www.dovepress.com/article/supplementary_file/553042/Supplementary.docx


Figure 2 Variable screening using LASSO regression. (A) Coefficient paths of lasso regression for variable selection; (B) Cross-validation curve for LASSO regression.
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Figure 3 ROC curves for the machine learning models. (A) ROC curves for the machine learning models in the training set; (B) ROC curves for the machine learning 
models in the test set. 
Abbreviations: XGBoost, extreme gradient boosting; LightGBM, light gradient boosting machine; SVM, support vector machine; ANN, artificial neural network; APACHE 
II, Acute Physiology and Chronic Health Evaluation II score; SOFA, Sequential Organ Failure Assessment score; ROC, receiver operating characteristic; AUC, area under the 
curve.
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the AUC demonstrated significant enhancement in each center: Center_1, AUC 0.839, 95% CI: 0.826–0.853; Center_2, 
AUC 0.840, 95% CI: 0.818–0.862; Center_3, AUC 0.787, 95% CI: 0.773–0.800; Center_4, AUC 0.838, 95% CI: 
0.817–0.860 (Figure S4).

Interpretability Analysis
Figure 4A presented a swarm plot delineating the variable distribution in the ANN model. The x-axis represented SHAP 
values, while the y-axis displayed features ranked by their aggregate SHAP value contribution. Each data point 
corresponds to an individual observation, with its x-axis position indicating the SHAP value for that particular instance 
and feature. As demonstrated in the figure, GCS emerged as the most significant predictive variable, followed 
sequentially by blood chloride, albumin, lymphocyte percentage, and PT. Consequently, GCS exerted a more substantial 
influence on 7-day mortality prediction compared to other variables in the context of sepsis. Figure 4B illustrates 
a waterfall plot detailing the predictive process for an individual case. The E[f(X)] = 0.085 presented at the apex of the 
chart represents the baseline expectation value; The f(x) = 0.455 displayed at the base represents the output prediction of 
the patient. Each horizontal bar represents a specific feature’s standardized contribution to the predictive shift from the 
baseline to the final value. Positive contributions are shown in pink, while negative contributions are depicted in blue. In 
this particular case, the primary features driving the prediction were PT, GCS, TBIL and AST.

Discussion
This study aimed to develop an interpretable machine learning model utilizing readily available patient history data upon 
admission and initial laboratory test results to predict early 7-day mortality in sepsis patients, thereby enabling timely 
clinical interventions. The research was based on multicenter data collected from tertiary teaching hospitals in major 
cities across western, central, and eastern China. A comprehensive comparison of seven distinct machine learning models 
was conducted, with the artificial neural network (ANN) ultimately selected as the optimal model. The findings revealed 
that both random forest and LightGBM models achieved the highest performance, each with an AUC value of 0.790, 
closely followed by XGBoost with an AUC of 0.789. Although the ANN model exhibited a slightly lower AUC of 0.767, 
it was selected as the optimal model due to its superior clinical applicability, more robust performance in calibration 
curve analysis, and significant outperformance over the APACHE II and SOFA scores (AUC of 0.710 and 0.718, 
respectively), those are commonly used in critically ill patients. In the interpretability analysis, the study employed the 
SHAP method to elucidate the model, identifying key clinical features that influence early mortality. These features 
included the GCS, blood chloride, and albumin, among others. These findings provide clinicians with valuable insights, 
aiding in the identification of high-risk patients and the formulation of personalized treatment strategies.

Identifying the risk of early mortality in septic patients remains challenging, primarily because of the disease’s severe 
nature, clinical complexity, and consistently high mortality rates. Additionally, early diagnosis of sepsis proves difficult as it 
manifests with clinical signs (eg, alterations in vital signs), symptoms (eg, elevated body temperature), and molecular changes 
(eg, dysregulation of immune response) that are common to many other conditions. Therefore, when sepsis is finally 
diagnosed, the optimal treatment window has often already been missed.15 Both the SOFA score and the APACHE II score 
are extensively employed in clinical settings to predict the prognosis of patients with sepsis. However, the APACHE II score is 
calculated based on physiological and laboratory parameters collected within the first 24 hours of hospital admission, which 
significantly restricts its applicability in early-stage assessments. Conversely, the SOFA score, while effective in evaluating 
organ dysfunction, does not sufficiently incorporate the inflammatory response and immune dysregulation inherent to sepsis 
pathogenesis. This oversight may undermine its predictive accuracy for mortality risk.16,17 ML has demonstrated significant 
potential in predicting mortality among sepsis patients, emerging as a focal point in recent medical research. Yao et al 
developed an ML-based model for predicting in-hospital mortality in postoperative sepsis patients, which exhibited high 
accuracy in distinguishing between survivors and non-survivors.9 Wang et al utilized the MIMIC-IV database to construct an 
XGBoost model, which also showed excellent performance in predicting sepsis mortality (AUROC: 0.873).18 Kong et al 
further demonstrated that ML models outperformed traditional scoring systems in predicting ICU sepsis mortality, under
scoring their clinical utility.19 Unlike previous studies predominantly relying on public databases such as MIMIC, our study 
utilized real-world data from tertiary hospitals across diverse regions in China, representing the unique epidemiological and 
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Figure 4 Visually interpret ANN model using SHAP. (A) SHAP swarm plot: Red indicates higher feature values; Blue indicates lower feature values; SHAP value represents the 
contribution of each feature to the model’s prediction. Positive values indicate that an increase in the feature value leads to an increase in the model’s output, while negative values 
indicate the opposite (B) SHAP waterfall plot: Red indicates a positive impact on the model’s output; Blue indicates a negative impact on the model’s output; E[f(X)] = 0.085 represents 
the base value, which is the average model prediction without considering any feature information; f(x) = 0.455 represents the final prediction value after considering all feature 
contributions. 
Abbreviations: ANN, artificial neural network; GCS, the Glasgow Coma Scale; PT, prothrombin time; BUN, blood urea nitrogen; AST, aspartate aminotransferase; TT, 
thrombin time; MAP, mean arterial pressure.
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clinical characteristics of sepsis patients in this population. Our results demonstrate the significant value of machine learning in 
predicting early mortality among sepsis patients. The primary strength of our ANN model lies in its ability to provide 
clinicians with a predictive tool for assessing a patient’s risk of mortality within the first 7 days after admission, particularly 
during the early and critical stages of disease progression or in primary care settings where clinical experience may be limited. 
This capability enables timely intervention and improved patient management. ANN is particularly well-suited for this task 
due to its ability to model complex, non-linear relationships in high-dimensional data, which is often characteristic of clinical 
datasets. The ANN model developed in this study has significant potential for integration into daily clinical practice. Previous 
studies have demonstrated the effectiveness of ANN models in various clinical scenarios, such as the early warning of 
respiratory pathogen outbreaks and the early detection of cardiac arrest in emergency departments.20,21 The ANN model 
demonstrated remarkable stability and generalization capabilities, as evidenced by its performance across multiple validation 
centers. On the training set and test set, the model achieved AUC values of 0.767 (95% CI: 0.748–0.786) and 0.757 (95% CI: 
0.740–0.773), respectively. In most studies, the predictive effect on multicenter data is slightly inferior to that on the training 
set and validation set. While in this study, the AUC showed significant improvement on each center (ranging from 0.787 to 
0.840). These differences may be attributed to variations in population characteristics, laboratory standards, or treatment 
protocols. Despite the observed differences, the model demonstrated robust performance across all centers, indicating 
consistent and excellent predictive performance across diverse geographical regions in China. However, while multicenter 
data validation underscores the model’s stability, it also highlights several challenges inherent to building robust ML models. 
Key issues included an imbalance in the proportion of positive outcomes among septic patients, significant variability in 
sample sizes, and a high prevalence of missing values. To address these challenges and ensure the model’s robustness, 
extensive data cleaning procedures were implemented. In this study, we initially considered lactate as a potential predictor due 
to its clinical relevance in sepsis. However, due to its high missing rate (51.72%), we decided to exclude this variable from the 
final model to avoid introducing significant bias through imputation. For biomarkers with moderate missingness rates (eg, 
procalcitonin, CRP), we used the MissForest algorithm for imputation. While this method is widely used and has been shown 
to perform well in similar contexts, we recognize that imputation introduces some uncertainty into the model. The high 
missingness rates for certain biomarkers may reflect real-world clinical practice, where not all tests are routinely performed for 
every patient. These findings not only validate the ANN model’s reliability but also emphasize its potential for broad 
applicability in heterogeneous clinical settings. The model’s ability to maintain high predictive accuracy across diverse 
datasets underscores its utility as a valuable tool for risk stratification and decision support in real-world clinical practice, 
particularly in resource-constrained environments.

This study has several limitations. First, this study is based on retrospective data collected from multiple hospitals, 
which may introduce selection bias and limit the generalizability of the findings. Although efforts were made to 
standardize data collection across sites, variations in clinical practices and documentation could have influenced the 
results. Future prospective studies are needed to validate these findings. Second, even though we collect the source of 
infection, the study did not extensively analyze the types of pathogens responsible for the infections, which could 
influence the severity and outcomes of sepsis. Variations in pathogen virulence, antibiotic resistance patterns, and 
treatment responses were not accounted for, potentially affecting the interpretation of the results. Third, the study was 
conducted in hospitals located in specific regions of China, which may limit the external validity of the findings to other 
geographic or healthcare settings. The patient demographics, healthcare practices, and sepsis management protocols in 
these regions may differ from those in other countries or healthcare systems. Multicenter international studies are 
warranted to confirm the applicability of these results globally. Fourth, the lack of stratification by sepsis severity and 
timing from symptom onset could influence the predictive performance of the model. These factors are critical 
determinants of patient outcomes and may affect the generalizability of our findings. Future studies should incorporate 
these variables to enhance the robustness and applicability of the predictive model.

Conclusion
We developed a machine learning model to predict the risk of early 7-day mortality in sepsis patients based on routine 
clinical data obtained immediately after diagnosis and validated its potential as a clinically reliable tool. ANN model was 
selected as the optimal model due to its superior performance and its ability to generalize well across diverse patient 
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populations. SHAP enhances the interpretability of the model by providing a quantitative measure of the contribution of 
each clinical feature to the prediction outcome. This transparency enables clinicians to better understand the key factors 
influencing mortality. By identifying high risk patients early and elucidating the underlying clinical drivers, SHAP 
facilitates the integration of the model into clinical workflows, supporting timely, targeted interventions to improve 
patient outcomes. Future research should prioritize the inclusion of lactate, incorporate stratification by sepsis severity, 
and apply rigorous statistical corrections to further enhance the model’s clinical utility.

Abbreviations
ACS, acute coronary syndrome; HOT, home oxygen therapy; MAP, mean arterial pressure; WBC, white blood cell; CRP, 
C-reactive protein; BUN, blood urea nitrogen; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TBIL, 
total bilirubin; DBIL, direct bilirubin; PT, prothrombin time; APTT, activated partial thromboplastin time; TT, Thrombin 
time; INR, international normalized ratio; GCS, Glasgow Coma Scale; CALLY, CRP-albumin-lymphocyte ratio; NLR, 
neutrophil-to-lymphocyte ratio; CAR, CRP-to-albumin ratio; PLR, platelet-to-lymphocyte ratio; PAR, platelet-to-albumin 
ratio; NAR, neutrophil-to-albumin ratio; XGBoost, extreme gradient boosting; LightGBM, light gradient boosting 
machine; SVM, support vector machine; ANN, artificial neural network; APACHE II, Acute Physiology and Chronic 
Health Evaluation II score; SOFA, Sequential Organ Failure Assessment score; ROC, receiver operating characteristic; 
AUC, area under the curve; DCA, Decision Curve Analysis; SHAP, SHapley Additive exPlanations.
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