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Abstract

Aims/Background: Sepsis is a leading cause of morbidity and mortality in intensive care units (ICUs). Early identification of patients at
high risk of death is essential to guide timely interventions and optimize resource allocation. This study aimed to develop and validate an
interpretable machine learning model for predicting 28-day mortality in adult ICU patients. Methods: We retrospectively analyzed data
from three independent critical care databases, including 98,233 adult ICU patients. Sixteen routinely collected variables available by the
24-hour prediction landmark—including vital signs and laboratory parameters obtained during the first 24 hours after ICU admission,
baseline comorbidities documented at or before ICU admission, and treatments administered during the same 24-hour period—were
selected for model development. Nine machine learning algorithms were compared, and model performance was evaluated using both
internal and external validation cohorts. Explainable machine learning techniques were applied to identify the most influential predictors.
Results: Among the nine algorithms, extreme gradient boosting (XGBoost) demonstrated the highest predictive performance. The model
achieved an area under the receiver operating characteristic curve (AUROC) of 0.884 (0.871–0.897) in the internal validation cohort
and maintained comparable discrimination in the two external validation cohorts, eICU-Sepsis, derived from the eICU Collaborative
Research Database (eICU-CRD), and DRECCv1.0 critical care database (DRECC)-Sepsis, with AUROCs of 0.877 (0.872–0.882) and
0.875 (0.856–0.894), respectively. Mechanical ventilation, comorbidity burden, lactate dehydrogenase, age, respiratory rate, and blood
pressure made important contributions to the model’s prediction of 28-day mortality. Conclusion: This interpretable machine learning
model may facilitate early risk stratification of ICU patients with sepsis. Although the model shows potential for identifying high-risk
individuals at the 24-hour prediction landmark, further prospective validation and clinical impact assessment are required before routine
clinical implementation.
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1. Introduction
Sepsis is a life-threatening syndrome caused by a dys-

regulated host response to infection and remains a major
cause of death in critically ill patients. Despite advances in
antimicrobial therapy, hemodynamic resuscitation, and or-
gan support, short-termmortality remains high, particularly
in severe cases [1,2,3]. Within the context of short-term
outcomes, the 28-day mortality rate serves as a clinically
significant endpoint that captures both early deaths due to
shock and hypoperfusion, as well as later deaths attributable
to persistent organ dysfunction, immune dysregulation, and
secondary complications [4,5,6]. Early identification of pa-
tients at high risk of 28-day death is therefore essential for
timely intervention and optimized allocation of critical care
resources.

However, early prognostic assessment in sepsis is
challenging due to the pronounced clinical heterogeneity
of the syndrome [7,8]. Variations in infection sources, co-
morbidities, host responses, and trajectories of organ dys-
function often result in significant differences in outcomes,
even among patients with similar initial clinical presenta-
tions [9]. Traditional scoring systems, such as the Sequen-
tial Organ Failure Assessment (SOFA), quick Sequential
Organ Failure Assessment (qSOFA), and Acute Physiology
and Chronic Health Evaluation II (APACHE II), are instru-
mental in assessing severity; however, they are constrained
by a reliance on limited predefined variables and fixed
scoring rules, which may inadequately capture the com-
plex and nonlinear relationships inherent in sepsis progno-
sis [10,11,12].
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Machine learning (ML) offers a potential solution to
these limitations. By leveraging routinely available elec-
tronic health record data—including demographics, comor-
bidities, vital signs, laboratory results, and early treatment-
related variables—MLmodels can more effectively charac-
terize nonlinear associations and feature interactions com-
pared to conventional scoring systems [13,14]. Recent re-
search indicates that ML models may surpass traditional
severity scores in predicting mortality associated with sep-
sis [15,16,17]. However, many published sepsis prediction
models remain retrospective and single-center, while rig-
orous external or temporal validation across heterogeneous
populations remains limited, thereby restricting their trans-
portability and clinical applicability [17,18].

In this study, we aimed to develop and externally vali-
date an interpretable machine learning model for predicting
28-day mortality in intensive care unit (ICU) patients with
sepsis using three independent critical care cohorts. We
also evaluated the model’s performance and interpretabil-
ity across the internal and external validation cohorts.

2. Methods
2.1 Study Population

This research utilized data from three databases. The
MIMIC-Sepsis cohort, derived from the Medical Informa-
tion Mart for Intensive Care IV (MIMIC-IV) database [19],
comprising 37,789 patients, served as the primary discov-
ery cohort and was divided into an 8:2 ratio for model train-
ing and internal validation. For external validation, we uti-
lized the eICU-Sepsis dataset [20], comprising 58,012 pa-
tients, which includes multicenter ICU patient records doc-
umenting clinical interventions and outcomes across the
United States, as well as the DRECC-Sepsis dataset, con-
sisting of 2432 patients, which represents a local hospital
cohort of de-identified ICU patient records related to sep-
sis. The DRECC dataset was primarily developed based
on data from Sir Run Run Shaw Hospital, Zhejiang Uni-
versity School of Medicine, resulting in a comprehensive,
multi-modal critical care database (DRECCv1.0). DRECC
encompasses the complete patient information continuum
from emergency admission to rehabilitation follow-up, in-
corporating multi-dimensional baseline data, temporally
precise vital signs, comprehensive treatment records, vari-
ous data modalities, and prognostic follow-up. For the pur-
poses of this study, the three harmonized cohorts (MIMIC-
Sepsis, eICU-Sepsis, andDRECC-Sepsis), comprising a to-
tal of 98,233 patients, were collectively referred to as the
Multicenter Sepsis Database.

The inclusion criteria are as follows: ① adult ICU pa-
tients aged≥18 years;② patientsmeeting the Sepsis-3 crite-
ria, defined as suspected infection with an acute increase in
SOFA score of ≥2 points from 48 hours before to 24 hours
after the onset of suspected infection. Suspected infection
was identified using antimicrobial–culture pairing, defined
as culture sampling within 24 hours after antimicrobial ini-

tiation or antimicrobial initiation within 72 hours after cul-
ture sampling [21,22]; and ③ an ICU stay of >24 hours.
The exclusion criteria were as follows: ① missing criti-
cal outcome data, including 28-day mortality status (e.g.,
time of death) or ICU admission/discharge dates; and ②
>10% missingness in key baseline variables, including vi-
tal signs (e.g., temperature, heart rate, respiratory rate, and
mean arterial pressure) and laboratory parameters (e.g., lac-
tate and renal/hepatic function markers). For each patient,
the proportion of missing data was calculated as the num-
ber of missing candidate baseline variables divided by the
total number of candidate baseline variables. Patients with
a missing data proportion >10% were excluded.

The study workflow is shown in Fig. 1, encompassing
data preprocessing, model development and interpretation,
and external validation.

2.2 Study Outcome

The primary outcome was 28-day mortality after ICU
admission. Patients who died within 28 days were classi-
fied as non-survivors, whereas the others were classified
as survivors. ICU length of stay was calculated from ICU
admission to ICU discharge or death, whichever occurred
first. Only the first eligible ICU admission was included.
Because the prediction landmark was set at 24 hours after
ICU admission, model predictions were generated only for
patients who remained in the ICU beyond this landmark;
the 28-day outcome window was calculated from the time
of ICU admission.

2.3 Feature Selection

A total of 45 variables were considered as candi-
date predictors based on a review of the relevant lit-
erature and their availability across the three databases
[23,24,25,26,27,28]. A landmark prediction design was
used, with the prediction landmark set at 24 hours after
ICU admission. For vital signs and laboratory variables,
the earliest valid value recorded from ICU admission to
24 hours after admission was extracted. Systolic blood
pressure (SBP), diastolic blood pressure (DBP), and mean
arterial pressure (MAP) were extracted independently ac-
cording to the earliest available valid record for each vari-
able and were therefore not necessarily measured at the
same timestamp. Baseline comorbidities were identified
from diagnoses documented at or before ICU admission.
Treatment-related variables included therapies initiated or
administered during the same 24-hour predictor window
and were therefore available at the prediction landmark.
The 45 candidate predictors comprised two demographic
variables, eight vital signs and bedside measurements, 26
laboratory variables, six comorbidity-related variables, and
three early treatment-related variables. Demographic vari-
ables included age and sex. Vital signs and bedside mea-
surements included systolic blood pressure, diastolic blood
pressure, mean arterial pressure, heart rate, respiratory rate,
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Fig. 1. Schematic overview of the study design. The diagram summarizes cohort construction, preprocessing, feature selection, model
development, validation, and interpretation. Data from the MIMIC-Sepsis, eICU-Sepsis, and DRECC-Sepsis cohorts were screened to
construct the sepsis dataset. Missing values were handled using multiple imputation by chained equations, candidate predictors were
ranked and selected using LightGBM, and multiple machine learning models were trained using the MIMIC-Sepsis cohort. Model
performance was evaluated in the internal validation cohort and in the external eICU-Sepsis and DRECC-Sepsis cohorts. Model inter-
pretation was performed using SHAP-based analyses. Abbreviations: ANN, artificial neural network; DRECC, DRECCv1.0 critical
care database; eICU, eICU Collaborative Research Database; LightGBM, light gradient boosting machine; MICE, multiple imputation
by chained equations; MIMIC, Medical Information Mart for Intensive Care; SHAP, SHapley Additive exPlanations; SVM, support
vector machine.

body temperature, peripheral oxygen saturation, and Glas-
gow Coma Scale score. Laboratory variables included glu-
cose, platelet count, white blood cell count, hemoglobin,
blood urea nitrogen, creatinine, sodium, potassium, chlo-
ride, bicarbonate, lactate, lactate dehydrogenase, aspartate
aminotransferase, alanine aminotransferase, alkaline phos-
phatase, gamma-glutamyl transferase, total bilirubin, direct
bilirubin, C-reactive protein (CRP), international normal-
ized ratio, activated partial thromboplastin time, D-dimer,
pH, base excess, arterial partial pressure of oxygen (PaO2),
and the ratio of arterial oxygen partial pressure to the frac-
tion of inspired oxygen (PaO2/FiO2 ratio). Comorbidity-
related variables included the Charlson Comorbidity Index,
myocardial infarction, congestive heart failure, cerebrovas-
cular disease, chronic obstructive pulmonary disease, and
renal disease. Early treatment-related variables included
mechanical ventilation, continuous renal replacement ther-
apy, and systemic corticosteroid exposure.

Comorbidities were identified from ICD-9/10 diagno-
sis codes documented at or before ICU admission. The

Charlson Comorbidity Index was calculated using a cod-
ing algorithm by Quan et al. [29]. The Charlson Comor-
bidity Index component conditions shown in Table 1 were
used to characterize baseline comorbidity burden. In ad-
dition to the Charlson Comorbidity Index total score, five
components—myocardial infarction, congestive heart fail-
ure, cerebrovascular disease, chronic pulmonary disease,
and renal disease—were included as independent candidate
predictors; the remaining components were used for de-
scriptive purposes only.

To minimize bias due to missingness while maximiz-
ing sample utilization, we excluded patients with >10%
missing candidate baseline variables according to the pre-
specified quality-control rules. Remaining missing values
were imputed using multiple imputation (MI). Multiple im-
putation was performed using the mice package in R (ver-
sion 4.3.2; R Foundation for Statistical Computing, Vienna,
Austria) after patient-level missingness exclusion and be-
fore feature selection. During cross-validation, imputation
models were fitted using training-fold data only and were
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Table 1. Baseline characteristics of participants in Multicenter Sepsis Database.
Characteristics Total eICU-Sepsis MIMIC-Sepsis DRECC-Sepsis p-value SMD

Number of patients 98,233 58,012 37,789 2432 N/A N/A

Sex, n (%)
Female 44,339 (45.1) 27,624 (47.6) 15,881 (42.0) 834 (34.3)

<0.001 0.272
Male 53,894 (54.9) 30,388 (52.4) 21,908 (58.0) 1598 (65.7)

Age, mean ± SD, years 65.20 ± 16.43 64.44 ± 16.70 66.21 ± 15.99 67.52 ± 15.37 <0.001 0.185
Vital signs
HR, mean ± SD, Bpm 92.96 ± 21.38 93.81 ± 21.64 91.40 ± 20.71 97.75 ± 23.56 <0.001 0.304
RR, mean ± SD, breaths/min 20.73 ± 6.78 21.16 ± 6.98 20.08 ± 6.42 21.29 ± 6.91 <0.001 0.188
SpO2 (mean ± SD, %) 96.62 ± 4.69 96.51 ± 4.85 96.74 ± 4.47 96.74 ± 4.60 <0.001 0.049
MAP, mean ± SD, mmHg 79.34 ± 26.58 76.24 ± 29.43 83.81 ± 21.21 83.76 ± 18.19 <0.001 0.286
SBP, mean ± SD, mmHg 106.73 ± 30.13 122.91 ± 29.52 87.72 ± 16.89 122.07 ± 28.63 <0.001 1.927
DBP, mean ± SD, mmHg 57.57 ± 19.87 68.85 ± 19.15 44.54 ± 10.99 64.62 ± 15.94 <0.001 1.769
Temperature, mean ± SD, °C 37.12 ± 1.82 36.74 ± 2.41 37.48 ± 0.81 37.27 ± 1.00 <0.001 0.410
GCS, mean ± SD 13.24 ± 3.14 12.57 ± 3.50 14.11 ± 2.29 11.99 ± 4.01 <0.001 0.876
Laboratory tests
Hb, mean ± SD, g/dL 10.87 ± 2.48 11.31 ± 2.53 10.31 ± 2.25 9.28 ± 2.55 <0.001 0.804
PLT, median (IQR), ×109/L 199.00 [138.00–274.00] 211.00 [151.00–285.00] 185.00 [126.00–259.00] 129.00 [73.00–205.00] <0.001 0.686
WBC, median (IQR), ×109/L 11.80 [8.04–16.70] 12.20 [8.40–17.30] 11.30 [7.80–15.90] 9.10 [5.80–14.60] <0.001 0.316
BUN, median (IQR), mg/dL 23.00 [15.00–39.00] 23.00 [14.00–39.00] 22.00 [15.00–38.00] 23.80 [14.28–41.38] 0.273 0.049
Chloride, mean ± SD, mmol/L 100.36 ± 14.94 97.96 ± 18.08 103.70 ± 7.24 106.10 ± 6.34 <0.001 0.458
Sodium, mean ± SD, mmol/L 137.74 ± 5.97 137.30 ± 6.09 138.27 ± 5.69 139.91 ± 6.04 <0.001 0.430
Potassium, mean ± SD, mmol/L 4.23 ± 0.81 4.21 ± 0.82 4.26 ± 0.79 4.16 ± 0.66 <0.001 0.127
Lactate, median (IQR), mmol/L 2.00 [1.20–3.30] 2.00 [1.20–3.40] 2.00 [1.40–3.20] 1.50 [1.00–2.30] <0.001 0.264
AST, median (IQR), U/L 35.00 [21.00–72.00] 31.00 [20.00–60.00] 44.00 [25.00–102.00] 35.00 [23.00–65.75] <0.001 0.146
ALT, median (IQR), U/L 27.00 [16.00–52.00] 26.00 [17.00–47.00] 29.00 [17.00–67.00] 25.00 [14.00–49.00] <0.001 0.156
Creatinine, median (IQR), mg/dL 1.20 [0.80–2.00] 1.15 [0.80–1.94] 1.20 [0.80–2.00] 0.94 [0.59–1.76] <0.001 0.173
Glucose, median (IQR), mg/dL 137.00 [110.00–184.00] 131.00 [105.00–175.00] 146.00 [118.00–198.00] 136.80 [111.24–187.20] <0.001 0.184
INR, median (IQR) 1.30 [1.10–1.69] 1.20 [1.10–1.60] 1.40 [1.20–1.70] 1.23 [1.11–1.41] <0.001 0.311
Bicarbonate, mean ± SD, mmol/L 24.36 ± 5.89 24.50 ± 5.86 21.79 ± 6.28 23.58 ± 5.76 <0.001 0.461
APTT, median (IQR), s 33.20 [28.60–43.00] 31.00 [27.20–36.20] 33.60 [28.80–45.40] 43.80 [37.90–54.00] <0.001 1.005
Total bilirubin, median (IQR), mg/dL 0.70 [0.40–1.30] 0.60 [0.40–1.00] 0.70 [0.40–1.70] 0.88 [0.61–1.51] <0.001 0.311
pH, mean ± SD 7.33 ± 0.12 7.36 ± 0.11 7.30 ± 0.11 7.39 ± 0.09 <0.001 0.815
CRP, median (IQR), mg/L 43.90 [8.70–123.80] 59.40 [17.77–164.03] 30.60 [5.30–99.50] 81.80 [24.80–145.00] <0.001 0.484
P/F ratio, median (IQR) 182.00 [103.95–276.19] 216.00 [142.65–305.00] 150.00 [88.00–246.00] 266.00 [198.00–347.00] <0.001 0.834
LDH, median (IQR), IU/L 296.00 [211.00–473.00] 280.00 [199.00–468.00] 303.00 [218.00–487.00] 286.00 [206.00–393.00] <0.001 0.155
ALP, median (IQR), U/L 92.00 [67.00–134.00] 91.00 [67.00–129.00] 93.00 [66.00–144.00] 96.00 [65.00–144.00] <0.001 0.159
GGT, median (IQR), U/L 56.00 [29.00–119.00] N/A 96.00 [39.00–246.00] 54.00 [29.00–109.00] <0.001 0.745
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Table 1. Continued.
Characteristics Total eICU-Sepsis MIMIC-Sepsis DRECC-Sepsis p-value SMD

Base excess, median (IQR), mmol/L 0.00 [−3.00–3.00] 0.00 [−4.90–3.00] 0.00 [−2.00–3.00] –1.10 [−4.10–2.00] <0.001 0.335
PaO2, median (IQR), mmHg 80.00 [56.00–119.00] 88.00 [67.00–143.00] 65.00 [40.00–97.00] 107.00 [87.00–135.00] <0.001 0.658
D-dimer, median (IQR), μg/mL 2.24 [1.17–4.90] N/A 2.07 [1.02–5.27] 2.33 [1.29–4.81] 0.167 0.032
Direct bilirubin, median (IQR), mg/dL 0.20 [0.10–0.50] 0.20 [0.10–0.50] 0.12 [0.05–0.26] 0.29 [0.17–0.65] <0.001 1.077
Comorbidities

Myocardial infarction, n (%)
No 89,123 (90.7) 55,783 (96.2) 30,927 (81.8) 2413 (99.2)

<0.001 0.703
Yes 9110 (9.3) 2229 (3.8) 6862 (18.2) 19 (0.8)

Congestive heart failure, n (%)
No 77,974 (79.4) 50,563 (87.2) 25,165 (66.6) 2246 (92.4)

<0.001 0.672
Yes 20,259 (20.6) 7449 (12.8) 12,624 (33.4) 186 (7.6)

Peripheral vascular disease, n (%)
No 92,510 (94.2) 57,309 (98.8) 33,051 (87.5) 2150 (88.4)

<0.001 0.503
Yes 5723 (5.8) 703 (1.2) 4738 (12.5) 282 (11.6)

Cerebrovascular disease, n (%)
No 89,914 (91.5) 55,575 (95.8) 32,228 (85.3) 2111 (86.8)

<0.001 0.375
Yes 8319 (8.5) 2437 (4.2) 5561 (14.7) 321 (13.2)

Dementia, n (%)
No 94,142 (95.8) 55,846 (96.3) 35,885 (95.0) 2411 (99.1)

<0.001 0.267
Yes 4091 (4.2) 2166 (3.7) 1904 (5.0) 21 (0.9)

COPD, n (%)
No 76,796 (78.2) 47,130 (81.2) 27,370 (72.4) 2296 (94.4)

<0.001 0.628
Yes 21,437 (21.8) 10,882 (18.8) 10,419 (27.6) 136 (5.6)

Rheumatic disease, n (%)
No 96,420 (98.2) 57,691 (99.4) 36,374 (96.3) 2355 (96.8)

<0.001 0.241
Yes 1813 (1.8) 321 (0.6) 1415 (3.7) 77 (3.2)

Peptic ulcer disease, n (%)
No 96,319 (98.1) 57,515 (99.1) 36,472 (96.5) 2332 (95.9)

<0.001 0.223
Yes 1914 (1.9) 497 (0.9) 1317 (3.5) 100 (4.1)

Mild liver disease, n (%)
No 88,873 (90.5) 55,575 (95.8) 31,661 (83.8) 1637 (67.3)

<0.001 0.804
Yes 9360 (9.5) 2437 (4.2) 6128 (16.2) 795 (32.7)

Diabetes, n (%)
No 83,056 (84.5%) 55,856 (96.3%) 25,282 (66.9%) 1918 (78.9%)

<0.001 0.664
Yes 15,177 (15.5%) 2156 (3.7%) 12,507 (33.1%) 514 (21.1%)

Spinal cord injury, n (%)
No 95,909 (97.6%) 57,689 (99.4%) 35,795 (94.7%) 2425 (99.7)

<0.001 0.356
Yes 2324 (2.4%) 323 (0.6%) 1994 (5.3%) 7 (0.3)

Renal disease, n (%)
No 79,425 (80.9%) 50,679 (87.4%) 27,660 (73.2%) 1086 (44.7%)

<0.001 0.951
Yes 18,808 (19.1%) 7333 (12.6%) 10,129 (26.8%) 1346 (55.3%)

Malignancy, n (%)
No 88,367 (90.0%) 54,063 (93.2%) 32,375 (85.7%) 1929 (79.3%)

<0.001 0.416
Yes 9866 (10.0%) 3949 (6.8%) 5414 (14.3%) 503 (20.7%)

Severe liver disease, n (%)
No 93,645 (95.3%) 57,018 (98.3%) 34,547 (91.4%) 2080 (85.5%)

<0.001 0.518
Yes 4588 (4.7%) 994 (1.7%) 3242 (8.6%) 352 (14.5%)

Metastatic solid tumor, n (%)
No 95,080 (96.8%) 57,279 (98.7%) 35,383 (93.6%) 2418 (99.4%)

<0.001 0.358
Yes 3153 (3.2%) 733 (1.3%) 2406 (6.4%) 14 (0.6%)

AIDS, n (%)
No 97,762 (99.5%) 57,879 (99.8%) 37,460 (99.1%) 2423 (99.6%)

<0.001 0.091
Yes 471 (0.5%) 133 (0.2%) 329 (0.9%) 9 (0.4%)5
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Table 1. Continued.
Characteristics Total eICU-Sepsis MIMIC-Sepsis DRECC-Sepsis p-value SMD

Charlson Comorbidity Index, median (IQR) 4 [3–6] 4 [3–5] 5 [3–7] 3 [2–5] <0.001 0.702
Therapy

CRRT, n (%)
No 94,293 (96.0) 57,066 (98.4) 35,037 (92.7) 2190 (90.0)

<0.001 0.386
Yes 3940 (4.0) 946 (1.6) 2752 (7.3) 242 (10.0)

Mechanical ventilation, n (%)
No 54,329 (55.3) 36,279 (62.5) 16,950 (44.9) 1100 (45.2)

<0.001 0.357
Yes 43,904 (44.7) 21,733 (37.5) 20,839 (55.1) 1332 (54.8)

Glucocorticoids, n (%)
No 95,021 (96.7) 57,839 (99.7) 35,634 (94.3) 1548 (63.7)

<0.001 1.185
Yes 3212 (3.3) 173 (0.3) 2155 (5.7) 884 (36.3)

Prognosis

28-day Mortality, n (%)
Alive 84,212 (85.7) 50,477 (87.0) 31,917 (84.5) 1818 (74.8)

<0.001 0.315
Dead 14,021 (14.3) 7535 (13.0) 5872 (15.5) 614 (25.2)

ICU length of stay, median (IQR), days 2.60 [1.33–5.27] 2.23 [1.16–4.49] 3.00 [1.58–6.34] 7.43 [3.15–16.39] <0.001 1.383
Notes: All comorbidities listed in Table 1 were used to characterize baseline comorbidity burden. In addition to the Charlson Comorbidity Index total score, myocardial
infarction, congestive heart failure, cerebrovascular disease, chronic pulmonary disease, and renal disease were included as independent candidate predictors; the remaining
Charlson Comorbidity Index components were used for descriptive purposes only. GGT and D-dimer were unavailable in the eICU-Sepsis cohort; their p-values therefore
represent comparisons between the MIMIC-Sepsis and DRECC-Sepsis cohorts. Table 1 presents pre-imputation data. SBP, DBP, and MAP were extracted independently as
the earliest valid measurements within the first 24 hours after ICU admission and were not necessarily derived from the same blood-pressure measurement episode; therefore,
cohort-level MAP values may differ from values approximated using the reported SBP and DBP summary statistics.
Abbreviations: AIDS, acquired immunodeficiency syndrome; ALP, alkaline phosphatase; ALT, alanine aminotransferase; APTT, activated partial thromboplastin time; AST,
aspartate aminotransferase; BUN, blood urea nitrogen; COPD, chronic obstructive pulmonary disease; CRP, C-reactive protein; CRRT, continuous renal replacement therapy;
DBP, diastolic blood pressure; GCS, Glasgow Coma Scale; GGT, gamma-glutamyl transferase; Hb, hemoglobin; HR, heart rate; ICU, intensive care unit; INR, international
normalized ratio; LDH, lactate dehydrogenase; MAP, mean arterial pressure; P/F ratio, PaO2/FiO2 ratio; PaO2, arterial partial pressure of oxygen; PLT, platelet count; RR,
respiratory rate; SBP, systolic blood pressure; SD, standard deviation; SpO2, peripheral oxygen saturation; WBC, white blood cell count.
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subsequently applied to the corresponding validation fold
to minimize information leakage. Variable-specific miss-
ingness rates and full details of the imputation procedure are
provided in Supplementary Table 1. To rank the candidate
predictors and select a parsimonious feature subset, we ap-
plied the LightGBM algorithm exclusively within the train-
ing cohort. Feature importance was quantified in terms of
split-based importance, defined as the number of times each
predictor was used to split a node across all trees. Candidate
predictors were ranked in descending order of importance.
Starting with the highest-ranked predictor, variables were
added sequentially, and the mean area under the receiver
operating characteristic curve (AUROC) was evaluated us-
ing 5-fold cross-validation in the training cohort. The opti-
mal number of predictors was defined as the smallest fea-
ture subset whose mean five-fold cross-validated AUROC
was within 0.005 of the maximum mean AUROC observed
across all evaluated feature subsets. Based on this criterion,
16 predictors were retained for model development. All
screening steps were performed exclusively on the training
set with fixed parameters. The same parameters were ap-
plied in the validation set to prevent information leakage.
The “scikit-learn” library in Python (version 3.11; Python
Software Foundation, Beaverton, OR, USA) was utilized
for this research.

2.4 Model Development and Comparison

Using the 16 predictors retained after LightGBM-
based feature selection, the MIMIC-Sepsis cohort was used
as the development cohort and randomly divided into a
training set and an internal validation set at an 8:2 ra-
tio using stratified sampling according to 28-day mortal-
ity status. All preprocessing, imputation, feature selection,
and hyperparameter tuning procedures were performed ex-
clusively within the training set. The fitted preprocess-
ing parameters and final model specifications were sub-
sequently applied without refitting to the internal valida-
tion set and the two external validation cohorts, eICU-
Sepsis and DRECC-Sepsis, to minimize information leak-
age. Five-fold cross-validation was uniformly employed
for model training within the training set: in each fold,
4 folds were used to fit the model, while the remaining
fold was used to evaluate model performance, with the
mean AUROC serving as the optimization objective for
hyperparameter selection. Details of the hyperparameter
optimization procedure, including the search method, pa-
rameter search ranges, and final selected hyperparameters
for each candidate algorithm, are provided in Supplemen-
tary Table 2. Given the imbalance between survivors and
non-survivors, no random oversampling, undersampling, or
synthetic sample generation was applied. Class-weighting
options, where supported and prespecified, were evaluated
exclusively within the training-fold hyperparameter search.
The internal and external validation cohorts retained their
observed event rates and were not resampled. The pri-

mary comparison between models was based on AUROC,
which does not require selection of a single classification
threshold. For threshold-dependent performance measures,
the classification cutoff was determined using the Youden
J statistic based exclusively on out-of-fold predicted prob-
abilities from the training set. Once selected, this cutoff
was locked and applied without re-optimization to the in-
ternal validation set and both external validation cohorts.
Accuracy, sensitivity, specificity, positive predictive value,
negative predictive value, F1 score, and Kappa were subse-
quently calculated using this fixed cutoff.

Based on this framework, nine mainstream models
were constructed: random forest, LightGBM, gradient
boosting, extreme gradient boosting (XGBoost), support
vector machine (SVM), k-nearest neighbors (KNN), deci-
sion tree, extra trees, and artificial neural network (ANN).
Thesemodels were then evaluated for generalization on two
independent external validation datasets: eICU-Sepsis and
DRECC-Sepsis. Beyond AUROC, we also evaluated other
threshold-related metrics (see above).

2.5 Model Interpretation

To enhance model transparency, this study employed
the SHAP (SHapley Additive exPlanations) method to im-
prove model interpretability [30,31]. SHAP aims to ex-
plain the “black box” decision-making process of complex
models by calculating each feature’s contribution to a sin-
gle prediction, expressed as a SHAP value. It provides
both global and local explanations: globally quantifying the
overall contribution of each feature, and locally elucidat-
ing the specific reasons behind predictions for individual
subjects. Global feature importance was quantified using
mean absolute SHAP values. Beeswarm plots were used
to show the direction and magnitude of feature contribu-
tions across patients, with color indicating the correspond-
ing feature value. SHAP dependence plots were generated
for selected predictors to examine potential nonlinear rela-
tionships between feature values and model output. This
study was implemented using the scikit-learn and SHAP li-
braries in Python 3.11.

2.6 Statistical Analysis

Baseline characteristics across the three cohorts were
summarized using R (version 4.3.2; R Foundation for
Statistical Computing, Vienna, Austria) and Python (ver-
sion 3.11; Python Software Foundation, Beaverton, OR,
USA) Normality of continuous variables was assessed us-
ing the Kolmogorov–Smirnov test. Homogeneity of vari-
ances for normally distributed continuous variables was
assessed using Levene’s test. Normally distributed con-
tinuous variables were presented as mean ± standard de-
viation (SD), whereas non-normally distributed continu-
ous variables were expressed as median (interquartile range
[IQR]). Categorical variables were summarized as counts
and proportions (n [%]). For comparisons across the three
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cohorts, normally distributed continuous variables were
analyzed using one-way analysis of variance (ANOVA)
when the homogeneity-of-variance assumption was satis-
fied and Welch’s ANOVA when this assumption was vio-
lated. Non-normally distributed continuous variables were
compared using the Kruskal–Wallis test, and categorical
variables were analyzed using the chi-square test. For vari-
ables available in only two cohorts (gamma-glutamyl trans-
ferase (GGT) and D-dimer), the Mann–Whitney U test
was used because these variables were non-normally dis-
tributed. Standardized mean differences (SMDs) were also
calculated to quantify inter-cohort heterogeneity, with an
absolute SMD <0.10 considered indicative of a negligible
difference. A two-sided p-value < 0.05 was considered sta-
tistically significant.

3. Results
3.1 Participant Characteristics

The Multicenter Sepsis Database comprised 98,233
patients diagnosed with sepsis, with a mean age of 65.20
± 16.43 years. Of these patients, 53,894 (54.9%) were male
and 44,339 (45.1%) were female, resulting in a male-to-
female ratio of 1.215:1. Table 1 provides descriptive statis-
tics for key baseline characteristics and outcome measures
across the multicenter datasets. Notably, apart from D-
dimer and BUN, the three cohorts exhibited variations in
demographic characteristics, comorbidity burdens, physio-
logical and laboratory parameters measured during the first
24 hours after ICU admission, treatment exposures, and
clinical outcomes, underscoring the substantial heterogene-
ity present in the real-world population.

3.2 Feature Extraction and Selection
This study utilized the LightGBM model to evaluate

and rank the importance of all candidate features. To eval-
uate the impact of the number of features on performance
and to determine an optimal subset, recursive feature ad-
dition was employed. As illustrated in Fig. 2, the mean
AUROC increased rapidly as the highest-ranked predictors
were added and improved more gradually thereafter. Ac-
cording to the selection criterion, the smallest feature subset
whose mean five-fold cross-validated AUROC was within
0.005 of the maximum mean AUROC observed across all
evaluated feature subsets contained 16 predictors. These
predictors were mechanical ventilation, Charlson Comor-
bidity Index, lactate dehydrogenase, age, respiratory rate,
systolic blood pressure, activated partial thromboplastin
time, body temperature, white blood cell count, creatinine,
platelet count, PaO2, heart rate, glucose, PaO2/FiO2 ratio,
and mean arterial pressure.

3.3 Model Development and Performance Comparison
Using the 16 features, we trained nine machine-

learning models. The findings indicate that XGBoost ex-
hibited superior performance in both the training and in-

ternal validation datasets (Supplementary Tables 3,4).
Specifically, within the training dataset, XGBoost achieved
an accuracy of 88.86%, sensitivity of 71.82%, specificity of
92.00%, positive predictive value (PPV) of 62.29%, nega-
tive predictive value (NPV) of 94.66%, F1 score of 66.71%,
and a Kappa value of 0.601. In the internal validation
dataset, the corresponding metrics were 88.07%, 70.44%,
91.31%, 59.84%, 94.38%, 64.71%, and 0.576, respectively.
The consistency of metrics between the training and valida-
tion datasets suggests robust stability with minimal overfit-
ting. In terms of AUROC, XGBoost also demonstrated the
best performance (Fig. 3A,B). Specifically, it achieved an
AUROC of 0.890 (0.884–0.896) on the training dataset and
0.884 (0.871–0.897) on the internal validation dataset, with
LightGBM closely following.

3.4 External Validation
External validation was performed in the eICU-Sepsis

and DRECC-Sepsis cohorts to assess model generalizabil-
ity. XGBoost again performed best in both external datasets
(Supplementary Tables 5,6). In eICU-Sepsis, accuracy
was 87.81%, sensitivity 69.12%, specificity 90.60%, PPV
52.33%, NPV 95.16%, F1 score 59.56%, and Kappa value
0.525. In DRECC-Sepsis, the corresponding metrics were
84.54%, 68.73%, 89.88%, 69.64%, 89.49%, 69.18%, and
0.589. For AUROC, XGBoost achieved 0.877 (0.872–
0.882) and 0.875 (0.856–0.894) in the eICU-Sepsis and
DRECC-Sepsis cohorts, respectively, whereas LightGBM
achieved 0.863 and 0.861 (Fig. 3C,D). These findings indi-
cate that the model maintained comparable discrimination
across the two external validation cohorts.

3.5 Model Explanation
To enhance the clinical interpretability of the model,

we employed SHAP to analyze the final XGBoost model
(Fig. 4). SHAP analysis indicated that the features with
the greatest contributions to model prediction largely re-
flected illness severity and organ dysfunction. Mechanical
ventilation showed the greatest contribution to model pre-
diction, followed by the Charlson Comorbidity Index, lac-
tate dehydrogenase (LDH), age, respiratory rate (RR), sys-
tolic blood pressure (SBP), activated partial thromboplas-
tin time (APTT), body temperature, and white blood cell
count (WBC). Higher values of Charlson Comorbidity In-
dex, age, LDH, RR, WBC, heart rate, creatinine, APTT,
and glucose, as well as the use of mechanical ventilation,
generally contributed to higher predicted 28-day mortality
risk. Lower values of platelet count (PLT), SBP, and the
PaO2/FiO2 ratio generally contributed to higher predicted
28-day mortality risk. In contrast, the contribution of PaO2
varied across patients and did not show a clear monotonic
direction; therefore, PaO2 was not interpreted as having a
uniformly protective or harmful association with mortality
risk. Hypothermia showed a stronger positive contribution
to predicted mortality than hyperthermia.
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Fig. 2. Feature importance and stepwise feature contribution during feature selection. (A) Ranking of the top 30 candidate features
according to importance estimated by the LightGBM model. Higher values indicate greater contribution to model discrimination. (B)
Stepwise evaluation of feature contribution and mean AUROC as features were added sequentially according to their importance ranking.
The first 16 features, highlighted in the plot, were retained because they constituted the smallest subset whose mean five-fold cross-
validated AUROC was within 0.005 of the maximum mean AUROC observed across all evaluated feature subsets. The bars represent
normalized relative feature importance, calculated from the raw split-based importance values, whereas the line represents the mean five-
fold cross-validated AUROC obtained for each incrementally expanded feature subset. Abbreviations: AUROC, area under the receiver
operating characteristic curve; LightGBM, light gradient boosting machine.

To further examine the nonlinear associations between
key predictors and model output, SHAP dependence plots
were generated (Fig. 5). Mechanical ventilation was asso-
ciated with higher SHAP values, indicating a greater con-
tribution to predicted mortality risk. Higher Charlson Co-

morbidity Index, age, and respiratory rate generally corre-
sponded to increasing contributions to predicted risk. LDH
showed a rapid increase in SHAP contribution at lower-
to-moderate elevations, followed by a relative plateau at
higher values. For SBP, very low values were associated
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Fig. 3. Discriminative performance of machine learning models for 28-day mortality prediction in patients with sepsis. Receiver
operating characteristic (ROC) curves compare nine candidatemodels across themodel-development and validation cohorts. (A)MIMIC-
Sepsis training set. (B) MIMIC-Sepsis internal validation set. (C) eICU-Sepsis external validation cohort. (D) DRECC-Sepsis external
validation cohort. Across the four cohorts, XGBoost showed the highest or near-highest AUC, supporting its selection as the final
prediction model. Abbreviations: ANN, artificial neural network; AUROC, area under the ROC curve; DRECC, DRECCv1.0 critical
care database; eICU, eICUCollaborative Research Database; KNN, k-nearest neighbors; MIMIC,Medical InformationMart for Intensive
Care; ROC, receiver operating characteristic; SVM, support vector machine; XGBoost, extreme gradient boosting.

with markedly increased predicted risk, whereas the SHAP
contribution decreased as SBP approached an intermediate
range and became more variable at higher values.

4. Discussion
This study developed and externally validated an in-

terpretable XGBoost model for predicting 28-day mortal-
ity in ICU patients with sepsis using three independent
critical care cohorts. The model achieved an AUROC of
0.884 in the internal validation cohort and maintained simi-
lar discrimination in the eICU-Sepsis and DRECC-Sepsis
external validation cohorts, with AUROCs of 0.877 and
0.875, respectively (Supplementary Table 7). These find-

ings suggest potential utility for early risk stratification, al-
though prospective validation and clinical impact assess-
ment are required before routine implementation.

Recent systematic reviews and meta-analyses have
established machine learning algorithms as some of the
most frequently utilized and best-performing methodolo-
gies. For example, Hou et al. [32] assessed the predictive
performance of XGBoost for 30-day mortality risk in sep-
sis patients using the MIMIC-III retrospective cohort (n =
4559). The model achieved an AUROC of 0.857, surpass-
ing the performance of both the SAPS II and logistic regres-
sion models. The decision curve and clinical impact curve
analyses further suggested its potential clinical applicabil-
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Fig. 4. Global interpretation of the final XGBoostmodel using SHAP. (A) Ranking of the top 16 predictors according tomean absolute
SHAP values. (B) SHAP summary plot showing the direction and magnitude of feature contributions across patients. Abbreviations:
APTT, activated partial thromboplastin time; LDH, lactate dehydrogenase; MAP, mean arterial pressure; PaO2, arterial partial pressure
of oxygen; P/F, PaO2/FiO2 ratio; PLT, platelet count; RR, respiratory rate; SBP, systolic blood pressure; SHAP, SHapley Additive
exPlanations; WBC, white blood cell count; XGBoost, extreme gradient boosting.

ity [32]. Similarly, in the MIMIC-IV dataset, Gao et al.
[23] implemented a random forest model to predict short-
term mortality in sepsis patients, achieving an AUROC of
0.94, which exceeded the performance of traditional scores
such as SOFA. Although these models generally demon-
strate superior discriminative ability compared with tradi-
tional scoring systems, they predominantly originate from
single-center studies and are largely limited to internal vali-
dation. Therefore, their generalizability across diverse pop-
ulations and clinical settings, as well as their practical ap-
plication value, necessitates validation through prospective,
multicenter studies [17,33,34].

External validation is essential for evaluating a
model’s generalization capacity and clinical applicability.
Only through validation using independent datasets from
different regions, populations, and healthcare systems can a
model demonstrate its stability and reliability in real-world
settings [17,35,36]. Based on a large cohort of 98,233 pa-
tients, this study evaluated 45 candidate variables avail-
able at the 24-hour prediction landmark and compared nine
machine-learning algorithms. These variables are routinely
collected in critical care settings and are generally available
in electronic health records, which facilitates their use for
cross-center model development and validation. However,
differences in measurement practices, data capture, and pa-
tient characteristics across institutions may result in sub-
stantial variability in their distributions and should be con-
sidered when interpreting model transportability. Building

upon this foundation, we sequentially constructed and com-
pared nine mainstream machine learning models to identify
the optimal algorithm. Results demonstrated that XGBoost
achieved the best overall performance in both the eICU-
Sepsis and DRECC-Sepsis independent external validation
cohorts. These results indicate that the model possesses a
certain degree of cross-center transferability and has poten-
tial to support early risk stratification of sepsis patients ad-
mitted to the ICU.

Despite the comparable discriminative performance
of the model observed across the external validation co-
horts, there was substantial inter-database heterogeneity,
particularly in Charlson Comorbidity Index, ICU length
of stay, glucocorticoid exposure, mechanical ventilation,
and several comorbidities (see Table 1). These differences
likely reflect variations in case mix, clinical practice, data
capture, and healthcare systems across the MIMIC, eICU,
and DRECC cohorts. Although predictor definitions and
measurement units were harmonized before analysis, resid-
ual heterogeneity may remain because data collection and
measurement practices differ across databases. Therefore,
the preservation of AUROC across the external cohorts
supports the transportability of model discrimination, but
does not imply complete equivalence ofmodel performance
across settings. Differences in baseline risk and predictor
distributions may still affect calibration and clinical perfor-
mance, and further prospective validation in additional pop-
ulations is warranted.
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Fig. 5. SHAP dependence plots for selected predictors in the final XGBoost model. (A) Mechanical ventilation. (B) Charlson
Comorbidity Index. (C) Lactate dehydrogenase. (D) Age. (E) Respiratory rate. (F) Systolic blood pressure. The x-axis represents the
observed value of each predictor, and the y-axis represents its corresponding SHAP value. Points are colored according to the value of
the interacting feature indicated by the color bar in each panel. Abbreviations: LDH, lactate dehydrogenase; RR, respiratory rate; SBP,
systolic blood pressure; SHAP, SHapley Additive exPlanations; XGBoost, extreme gradient boosting.

After conducting external validation, we employed
SHAP to interpret the optimal XGBoost model at both
global and individual levels. The global SHAP ranking
identified mechanical ventilation, Charlson Comorbidity
Index, lactate dehydrogenase (LDH), age, respiratory rate

(RR), systolic blood pressure (SBP), and activated partial
thromboplastin time (APTT) as important contributors to
the model’s prediction of 28-day mortality risk. These find-
ings are biologically plausible and align with existing ev-
idence: mechanical ventilation indicates respiratory fail-
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ure and disease severity, correlating with increased mortal-
ity [37,38]; a higher Charlson comorbidity burden and ad-
vanced age suggest diminished physiological reserve and
elevated baseline risk [39,40,41,42,43]; LDH serves as a
marker of tissue injury and systemic inflammatory activa-
tion, which are associated with adverse outcomes in critical
illness [44,45]. An elevated respiratory rate reflects acute
physiological stress and is one of the three components
of the qSOFA score, together with SBP and altered men-
tation [46]. Recent SHAP-based research similarly high-
lighted comorbidity burden, acute physiological dysregula-
tion (e.g., hypothermia, tachypnea), and laboratory abnor-
malities (e.g., coagulopathy) as important contributors to
mortality prediction in critically ill patients [47].

The SHAP dependence plots provided additional in-
sight into the nonlinear associations captured by the model.
For SBP, very low values were associated with a marked
increase in predicted mortality risk, whereas the contribu-
tion decreased as SBP approached an intermediate range
and showed greater variability at higher values. This pat-
tern may reflect the adverse effects of hypotension and
impaired tissue perfusion, while the relationship at higher
SBP levels may also be influenced by vasopressor use, pre-
existing hypertension, or other indicators of illness sever-
ity. LDH showed a rapid increase in its contribution to
predicted risk at lower-to-moderate elevations, followed by
a relative plateau at higher levels. However, the SHAP
plot did not identify a single clinically definitive threshold,
and LDH should therefore be interpreted as a continuous
marker of tissue injury and systemic stress rather than as
a binary cutoff [44,45]. Mechanical ventilation showed the
greatest contribution to model prediction, probably because
it reflects respiratory failure, greater organ dysfunction,
and increased treatment intensity. Importantly, mechanical
ventilation and several other highly ranked variables may
primarily represent the severity of the patient’s condition
rather than independent prognostic factors. SHAP values
explain how individual features contribute to model output
but do not establish causal relationships [30,31].

From a clinical implementation perspective, themodel
is intended for risk assessment once routinely collected clin-
ical data from the first 24 hours after ICU admission are
available. Because the predictors are routinely captured
in electronic health records, the model could potentially
be integrated into electronic health record (EHR) systems
to automatically generate individualized estimates of 28-
day mortality risk. The predicted probability should be
interpreted as a risk stratification tool rather than as a di-
rect treatment recommendation. Patients with higher pre-
dicted risk may warrant closer monitoring, earlier clinical
reassessment, and greater attention to potential deteriora-
tion, whereas lower predicted risk should not be used in iso-
lation to justify de-escalation of care. Therefore, the model
is primarily intended to support risk stratification and clin-
ical awareness rather than independently determine treat-

ment decisions or resource allocation. Prospective valida-
tion and assessment of calibration and clinical utility are
required before implementation in routine practice.

Several methodological limitations should be ac-
knowledged. Some predictors retained in the final model
were clinically correlated, such as SBP and mean arterial
pressure, PaO2 and the PaO2/FiO2 ratio, and creatinine and
blood urea nitrogen (BUN). Although tree-based models
are relatively tolerant of correlated predictors in terms of
predictive performance, such correlations may distribute
feature importance across related variables and affect the
stability of SHAP attribution. In addition, the common 16-
feature set used for all algorithms was selected using Light-
GBM and may therefore have favored tree-based mod-
els. No formal collinearity-based elimination or model-
specific feature-selection procedure was performed. Con-
sequently, SHAP rankings and comparisons between algo-
rithms should be interpreted within the context of the se-
lected feature set.

Another limitation is the potential underestimation
of mortality outcomes in the eICU-Sepsis cohort. Be-
cause eICU Collaborative Research Database (eICU-CRD)
largely relies on outcomes documented during hospital-
ization and does not provide comprehensive active post-
discharge follow-up, deaths occurring after hospital dis-
charge may not have been fully captured. Therefore, the
observed 28-day mortality rate in this cohort may be lower
than the true mortality rate, which should be considered
when interpreting the external validation results.

5. Conclusion
In conclusion, this study developed and externally

validated an interpretable XGBoost model for predicting
28-day mortality in ICU patients with sepsis. The model
showed comparable discrimination across an internal and
two external validation cohorts. SHAP analysis identified
several routinely available clinical features that contributed
substantially to model prediction. The model may support
future risk stratification applications, although prospective
validation and clinical impact assessment are required be-
fore routine implementation.

Key Points
• This retrospective multicenter cohort study devel-

oped and validated an interpretable machine learningmodel
to predict 28-day mortality in adult ICU patients with sep-
sis.

• The final model used 16 routinely collected variables
available by the 24-hour prediction landmark, enabling risk
assessment after the first 24 hours of ICU admission.

• Among nine machine learning algorithms, XGBoost
showed the best overall predictive performance, with an
AUROC of 0.884 (0.871–0.897) in the internal validation
cohort.
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• External validation of the model in the eICU-Sepsis
and DRECC-Sepsis cohorts showed comparable discrim-
ination, with AUROCs of 0.877 (0.872–0.882) and 0.875
(0.856–0.894), respectively.

• SHAP analysis identified mechanical ventilation,
Charlson Comorbidity Index, lactate dehydrogenase, age,
respiratory rate, and systolic blood pressure as important
contributors to predicted 28-day mortality risk.
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