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The aim of this study was to develop and validate a machine learning (ML) solution for predicting sepsis 
among elderly surgical patients undergoing emergency procedure. Data from over 150 variables were 
collected across multiple domains. ML models were cross-validated using a nested-cross validation 
approach. The performance of individual models was assessed based on accuracy, sensitivity, 
and specificity. A total of 29 medical centres participated in the study, ensuring a diverse and 
representative sample. The study included patients undergoing emergency procedures across various 
surgical specialties, encompassing abdominal, thoracic, vascular, gynaecological, and urological 
surgeries, performed by both general and emergency surgeons in general or trauma surgery settings. 
Among 2571 enrolled patients, 119 were identified as having sepsis. The Random Forest model 
demonstrated the highest accuracy of 96.2%, with notable sensitivity and specificity. An ensemble 
model further improved performance, achieving an accuracy of 96.06%. ML models, show promise 
in accurately predicting sepsis among elderly surgical patients in emergency settings. These findings 
underscore the potential of ML in enhancing risk stratification and informing clinical decision-making 
to improve patient outcomes and post-surgery rehabilitation. Further research and validation studies 
are warranted to evaluate the real-world applicability and integration of these predictive models into 
clinical practice.

Sepsis, defined as a life-threatening organ dysfunction caused by a dysregulated host response to infection, is 
a major cause of death worldwide. A meta-analysis estimated about 31.5 million sepsis and 19.4 million severe 
sepsis cases occur each year, contributing to 5.3 million deaths1. Moreover, the burden of infections in acute care 
surgery (ACS) is huge. Surgical emergencies alone account for three million admissions per year in the United 
States (US) with estimated financial costs of USD 28  billion per year. Acute care facilities and ACS patients 
represent boost sanctuaries for the emergence, development and transmission of infections and multi-resistant 
organisms. A pivotal study by Moore LJ et al. has identified that the need for emergency surgery is a risk factor 
for both the development of and death from sepsis and septic shock2. In this light, the development of good 
predictive models of sepsis is pivotal for early identification of patients at higher risk of (or likely to already have) 
sepsis in order to improve the outcomes. Nonetheless, to date, there is a paucity of epidemiologic data specifically 
addressing sepsis in the surgical patient. Vogel et al. published a large retrospective evaluation of postoperative 
sepsis in the United States. Unfortunately, this study was also based on ICD-9 discharge data and only took into 
consideration elective surgical cases3. In emergency settings, it is essential to apply a structured decision-making 
process and carry out accurate risk stratification to correctly prioritize patients. To this extent, medicine has 
recently witnessed the emergence of Machine Learning (ML) as a novel tool to analyse large amounts of data. 
One particular area where ML may add value in health care is in the setting of perioperative risk stratification 
– i.e., prediction of adverse events (AE), specifically death following surgery (DFS) and sepsis. The latter is 
crucial for improving shared decision-making among the care team and the patient, perioperative planning, 
and risk mitigation. Furthermore, given the high heterogeneity of surgery types and the surgery-comorbidities 
mutual influence, ML perfectly fits the need of deriving data-driven multivariate relationships between patients’ 
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characteristics and outcomes under different clinical conditions. To this extent, studies for sepsis prediction 
using ML are developing rapidly, including the intensive care unit, the emergency department, and general 
hospital wards. These approaches range from classical algorithms (e.g., regularized logistic regression, random 
forests, gradient-boosted trees) to deep learning models trained on high-frequency electronic health record data, 
and in many cases have demonstrated superior discrimination compared with traditional clinical scores such as 
CURB-65, as well as improved calibration and net benefit in decision-analytic frameworks. In parallel, machine 
learning has also been applied to surgical populations, for example to predict postoperative sepsis and other 
complications after specific procedures or in selected cohorts, and to inform perioperative risk stratification and 
shared decision-making.

However, most existing models focus on general adult or ICU populations, on elective surgery, or on narrow 
diagnostic groups, and frequently rely on data collected intra-operatively or post-operatively. Evidence specifically 
addressing elderly patients undergoing emergency surgery across a broad spectrum of procedures remains 
scarce, despite the fact that this group carries a disproportionate burden of sepsis, frailty and multimorbidity. To 
our knowledge, no previous study has developed and prospectively evaluated a machine learning model for the 
prediction of postoperative sepsis in a multi-centre cohort of elderly patients in the acute surgical setting using 
only routinely available preoperative information.

In this context, we adopted the qSOFA score to define sepsis, as it represents a pragmatic and clinically 
applicable tool in emergency surgery: it relies exclusively on bedside variables (respiratory rate, mental status, 
systolic blood pressure), allowing rapid risk stratification even when laboratory data are not yet available and 
urgent decisions about operative management are required. Although qSOFA is less sensitive than other scoring 
systems for sepsis screening, it remains a validated prognostic marker for mortality and adverse outcomes in 
patients with suspected infection outside the ICU and has been used as a bedside indicator of sepsis severity 
and prognosis in surgical and trauma populations. Within the acute surgical setting, qSOFA therefore offers 
a standardized, reproducible, and time-efficient method to identify patients at higher risk of deterioration. 
Addressing this unmet need by developing and validating a preoperative ML model for postoperative sepsis 
based on such routinely available information is crucial to enable early risk stratification, tailored perioperative 
planning, a more favourable rehabilitation pathway, and more efficient allocation of limited resources. 
Nevertheless, no study targeted yet the development of ML models targeting the prediction of sepsis after all 
surgical procedures in elderly patients in emergency setting. On this path, we performed a study based on a 
prospectively collected, large multi-centre cohort with the aim to develop and cross-validate ML solutions 
capable of predicting sepsis by using data collected up to one day before surgery.

Results
Population
Variables from four different domains were collected (i.e., demographic data, clinical and functional evaluations, 
vital signs, and comorbities/complications, Fig. 1). A full list of the included variables is reported in Supplementary 
Materials A. Of the 63 included variables, 62 were retained for ML analysis after the missing data analysis with 

Fig. 1.  Study pipeline from data collection (A) to model development. Data enters first an outer k-fold 
cross-validation split where the test folds are defined (B). Pre-processing steps (SMOTE, PCA, RFECV) are 
derived from the train set and applied to both train and test sets. Train sets are then provided to an inner 
cross-validation split, used to optimize models hyperparameters. Model predictions and their explanations are 
compared, together with the computation of the mode model.
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a median percentage of missing variables within the included ones of 0.97% [IQR = 1.37%] (detailed description 
of individual features missing data percentage in Supplementary Materials A).

A total of 2571 patients were enrolled in the study, with 8 patients removed due to missing data in the 
outcome. Among the 2563 patients included, 119 had qSOFA score ≥ 2 (10 patients with qSOFA = 3), thus 
considered as with sepsis (Fig. 2). Patients had a median age of 78 years old [IQR = 13] with 50.76% of males 
with a median length of stay of 8 days [IQR = 8] and of 11 days [IQR = 16] for patients with qSOFA < 2 and ≥ 2 
respectively. Table 1 describes the main clinical characteristics of the cohort included in this study. No univariate 
screening or statistical analysis was conducted to avoid any sort of train-test contamination or to introduce any 
bias in the variable selection process.

Prediction models
We evaluated five supervised learning algorithms—Elastic-Net logistic regression, K-Nearest Neighbors 
(KNN), Random Forest (RF), gradient-boosted trees (XGBoost), and a majority-class baseline—within a 5 × 5 
nested cross-validation framework (Table 2). In addition, we constructed an ensemble model that combined 
the predictions of the four ML algorithms by majority vote. In each outer split, the average prevalence of 

Accuracy PPV NPV F1-score

Baseline 0.954 (0.953–0.955) 0.000 (0.000–0.000) 1.000 (1.000–1.000) 0.000 (0.000–0.000)

KNN 0.933 (0.925–0.941) 0.790 (0.693–0.887) 0.940 (0.928–0.952) 0.521 (0.492–0.550)

EN 0.941 (0.933–0.949) 0.850 (0.701–0.999) 0.945 (0.933–0.957) 0.568 (0.523–0.614)

RF 0.962 (0.954–0.970) 0.766 (0.648–0.883) 0.972 (0.967–0.977) 0.650 (0.570–0.729)

XGB 0.955 (0.942–0.968) 0.791 (0.671–0.911) 0.963 (0.948–0.978) 0.619 (0.549–0.689)

Mode 0.956 (0.948–0.965) 0.774 (0.657–0.891) 0.965 (0.957–0.974) 0.620 (0.553–0.686)

Table 2.  Evaluation test metrics for all ML models and the Mode model. The highest value is indicated in 
bold. Means and 95% Confidence Interval across the folds is reported. EN: Elastic-Net; DTC: Decision Tree 
Classifier; RF: Random Forest; KNN: K-Nearest Neighbors; XGB: eXtreme Gradient Boosting; PPV: Positive 
Predictive Value; NPV: Negative Predictive Value.

 

qSOFA < 2 (N = 2444) qSOFA ≥ 2 (N = 119)

Age, years 77 [13] 80 [11]

Gender, M 1244 (50.9) 57 (47.8)

Length-of-stay, days 8 [8] 11 [16]

Clavien points 0 [2] 3 [4]

EmSFI, points 3 [2] 5 [4]

ASA, points 3 [1] 4 [1]

CACI, points 5 [3] 6 [5]

Table 1.  Descriptive statistics of the enrolled cohort. M: male; EmSFI: Emergency Surgery Frailty Index; SIRS: 
Systemic Inflammatory Response Syndrome; ASA: American Society of Anesthesiologists; CACI: Charlson 
Age Comorbidity Index.

 

Fig. 2.  Study enrollment flowchart.
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postoperative sepsis was averagely 4.6%. As expected in such an imbalanced setting, the naïve majority-class 
classifier achieved a high accuracy of 0.954 (95% CI 0.953–0.955) despite having zero sensitivity for sepsis.

All ML models clearly outperformed this baseline in terms of discrimination. Mean test accuracies ranged 
from 0.933 (0.925–0.941) for KNN to 0.962 (0.954–0.970) for RF (Fig. 3). The highest sensitivity was obtained 
by Elastic-Net (0.850, 0.701–0.999), while RF achieved the highest specificity (0.972, 0.967–0.977). With respect 
to ROC-AUC, Elastic-Net, RF, XGBoost, and the ensemble achieved values of 0.948 (0.894–1.000), 0.956 (0.927–
0.985), 0.954 (0.923–0.984), and 0.961 (0.937–0.986), respectively, versus 0.500 for the majority-class baseline. 
The corresponding areas under the precision–recall curve (AuPRC, Fig. 4) were 0.752 (0.649–0.855) for Elastic-
Net, 0.665 (0.581–0.750) for RF, 0.700 (0.632–0.768) for XGBoost, and 0.713 (0.620–0.806) for the ensemble, 
compared with 0.523 (0.522–0.524) for the baseline classifier.

Probabilistic calibration, assessed by Brier scores and calibration plots, further favoured tree-based methods 
(Fig. 4). RF and XGBoost obtained the lowest Brier scores (both 0.037), followed closely by the ensemble (0.038), 
whereas KNN and Elastic-Net had slightly higher values (0.052 and 0.071, respectively). Aggregated confusion 
matrices illustrate the error profiles of each model (Fig.  3): for example, the ensemble model misclassified 
113/2,563 patients (86 false positives, 27 false negatives), corresponding to a mean sensitivity of 0.774 and 
specificity of 0.965. Overall, these results indicate that all ML models, and particularly RF, XGBoost, and the 
ensemble, provide substantial gains in discrimination and calibration over a naïve majority-class strategy.

Discussion
Predictive models and scores are not new to medicine. From risk scores to guide anticoagulation (CHADS2) 
and the use of cholesterol medications (ASCVD) to risk stratification of patients in the intensive care unit 
(APACHE), data-driven predictions are routine in medical practice. However, in recent times, ML promptly 
responded to the necessity of elaborating large-scale multimodal datasets. Thus, integrating clinical data, vital 
signs, biochemical examinations, and neurophysiological findings enable us to rapidly generate prediction 
models for many clinical questions4,5 performing on par with human physicians6. Moreover, ML models can be 
adapted to specific applications and improve its own performance with time as the model is exposed to more 
information7. Furthermore, it has been showed how such models, inserted in a proper simulation framework, 
can provide a crucial reduction of the costs by preventing such readmissions8,9. In this regard, Misic et al. (2020) 
developed ML models to predict postoperative readmission in surgical patients, and in subsequent work Misic et 
al. (2021) proposed a simulation-based framework that uses these models to represent patient flow in the hospital 
and to prioritise high-risk patients for targeted readmission-prevention interventions, thereby demonstrating 
how ML-based risk prediction can translate into improved resource allocation and cost savings. In the same 

Fig. 3.  Confusion matrixes of aggregated test predictions for the four models: EN: Elastic-Net; KNN: 
K-nearest neighbor; RF: Random Forest; XGB: eXtreme Gradient Boosting.
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optic, by precisely assessing the patients most likely to develop sepsis after surgery, preventive measures can 
be adopted that can aid surgeons in their decision making regarding the timing and type of intervention, 
selection and duration of perioperative antibiotics, postoperative disposition, additional monitoring, and need 
for follow-up surveillance imaging for detection of early infective complication (e.g. abscess), particularly in 
cases that otherwise would not have raised suspicion in the majority of providers as being high risk for sepsis. 
To this point, the current study was important because it proposed and internally cross-validated and tested a 
ML algorithm to identify sepsis ahead of time with excellent individual performance on a large multi-centre, 
prospectively collected database focused on a population of elderly patient. This model presents an alternative 
to the all models presented in the present literature because it is a single complex ensemble model derived from 
comparison of several individual ML models. For the purpose of this study, only readily available pre-operative 
data were included, allowing faster stratification of sepsis risk without including second-level examinations (e.g., 
imaging). Furthermore, knowing already in the preoperative period, which condition bolsters the risk of sepsis, 
contributes to the discussion on the appropriate timing of source control. Such problem has mainly been tackled 
on specific types of surgeries, however, the dataset used for training our ML algorithms was more complex 
than others, specifically concerning the type and location of surgeries analysed, compared to illness-specific ML 
models10. Moreover, the decision to retain only variables collected before surgery, combined with the exclusion 
of features with completion rates below 90%, aligns with best practices advocated by Hastie et al.11,12. These 
sources emphasize the crucial role of feature selection in enhancing model interpretability and generalization, 
underlining the significance of a meticulous approach to data pre-processing. Bunn et al., targeting the risk of 
sepsis after appendectomy only, with a dataset of 223.214 patients, conclude that Machine learning methods can 
be used to predict the development of sepsis after appendectomy with moderate accuracy13. Similarly, Taylor et 
al. found that Random Forest outperforms traditional logistic regressions and other traditional clinical tools such 
as CURB-65 for prediction of sepsis, as captured through 1,697 different International Classification of Disease, 
version 9, codes with EHR data from 5,278 emergency department visits14. In their research Thottakkara et al. 
evaluated the performance of different ML models for forecasting postoperative sepsis and acute kidney injury 
(AKI), concluding that generalized additive models and support vector machines had good performance as risk 
prediction model for postoperative sepsis and AKI15. Moreover, the POTTER Study developed an interpretable, 
accurate, and user-friendly predictor of 30-day outcomes in patients undergoing ACS16.

To the best of our knowledge, there are no study that specifically targeted the prediction of sepsis in elderly 
surgical patients in an emergency setting. In our database all the procedures carried out under an acute care 
setting for any disease were included, resulting in multiple combinations of different variables related to the 
specific disease (e.g., acute cholecystitis, bowel perforation). Our mode model was found to improve on all the 
individual ML models tested, reaching an accuracy of 96.06% (sensitivity = 99.20%, specificity = 54.95%) in the 
prediction of sepsis. Crucial is the high negative predictive value = 84.03% achieved, which shows how ~ 85% 
of all patients having sepsis were correctly detected before surgery. Importantly, the overall accuracy of our 
models must be interpreted in light of the strong class imbalance of the cohort, in which a naïve majority-class 
classifier would already reach an accuracy close to 95%. In this context, discrimination metrics such as AuROC 
and class-specific measures provide a more meaningful assessment of model performance for clinical decision-
making. These properties, together with the favourable Decision Curve Analysis, suggest that the proposed ML 
solutions could support prioritisation of high-risk patients and targeted allocation of preventive resources, in 
line with prior work linking higher AuROC values to improved clinical and economic outcomes when such 
models are used to guide interventions. Among individual models, Random Forest and XGBoost offered the 
best overall balance between discrimination and calibration, with accuracies of 0.962 and 0.955, ROC-AUCs of 

Fig. 4.  RoC curve with related AuC for each of the individual models (A) and the confusion matrix of the 
test predictions of the mode model (B): EN: Elastic-Net; RF: Random Forest; KNN: K-nearest neighbor; XGB: 
eXtreme Gradient Boosting. AuC: Area under the Curve; AUPRC: Area Under tbe Precision-Recall Curve; 
ROC: Receiver-Operator Curve.
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0.956 and 0.954, AuPRCs of 0.665 and 0.700, and Brier scores of 0.037 for both. The ensemble model, obtained 
by majority vote across all four ML algorithms, further improved global discrimination, reaching an ROC-
AUC of 0.961 and AuPRC of 0.713, with accuracy 0.956, sensitivity 0.774 and specificity 0.965. Importantly, at 
the operating threshold used in our analysis this model misclassified only 27 of 119 patients with sepsis (false 
negatives) and provided a negative predictive value close to 99%, which is particularly relevant when the primary 
clinical aim is to safely rule out sepsis and avoid missing high-risk patients. Furthermore, the adoption of a 
nested-cross validation approach, rarely done in literature17, adds robustness to the study’s methodology. This 
two-layer k-fold validation strategy, incorporating an outer loop for test set identification and an inner loop for 
hyperparameter tuning, not only guards against overfitting but also ensures a comprehensive evaluation of the 
model generalizability. Pre-processing steps, including k-Nearest Neighbours imputation, numerical variable 
normalization, and Synthetic Minority Oversampling Technique (SMOTE) application, refining the dataset and 
preparing it for optimal model performance were always derived from the train set and applied to the validation/
test sets, to avoid any form of double dipping. Furthermore, the comparison of multiple ML models with 
hierarchical complexity (e.g., Elastic-Net, KNN, DTC, RF), and use of proper evaluation metrics for unbalanced 
classification aligns with the comprehensive approach recommended in literature18,19. The mode approach, 
integrating posteriors from multiple models, aligns with the ensemble learning principles discussed by Rokach 
et al.20, showcasing the potential of combining diverse ML algorithms to enhance predictive performance.

In conclusion, sepsis remains a significant global health concern, particularly in the context of acute care 
surgery (ACS), where it poses a substantial burden on healthcare systems and contributes to significant morbidity 
and mortality. Despite its importance, there is a lack of comprehensive epidemiological data specifically 
addressing sepsis in surgical patients, especially in the emergency setting. Machine learning (ML) has emerged 
as a promising tool in healthcare, offering the potential to analyze large datasets and develop predictive models 
for adverse outcomes, including sepsis. Our results demonstrated the effectiveness of ML models in predicting 
sepsis, with the K-nearest neighbors (KNN) model performing best in terms of accuracy. Furthermore, the 
ensemble model, which integrated predictions from multiple individual models, showed superior performance 
compared to individual models, with a high accuracy of 96.06% and notable sensitivity and specificity. This study 
contributes to the growing body of literature on ML applications in healthcare and fills a critical gap in predicting 
sepsis in elderly surgical patients in the emergency setting. Moving forward, ML models offer the potential 
to improve risk stratification, inform clinical decision-making, and ultimately improve outcomes for surgical 
patients at risk of sepsis. Further research and validation studies are warranted to evaluate the real-world utility 
and integration of these predictive models into clinical practice.

Methods
Research protocol
This study originated from the FRAILESEL (Frailty and Emergency Surgery in the Elderly21,) study (ClinicalTrials.
gov identifier: NCT02825082). The FRAILESEL is a large, nationwide, multicentre (N = 29), prospective study 
investigating perioperative outcomes of patients (≥ 65 years) who underwent emergency surgery between 06-
2017/06–2018. Patients were recruited following the Helsinki Declaration and enrolled after signing a written 
informed consent approved by the Ethical Committee of “Sapienza” University of Rome, Italy (No. 42522016, 
ClinicalTrials.gov: NCT02825082). This work has been reported in line with the STROCCS criteria22 and all 
methods were followed in accordance with the declaration of Helsinki.

Study population and data collection
The FRAILESEL study investigates over 150 variables exploring 5 domains such as patient demographic and 
clinical data, preoperative risk factors and operative variables, frailty condition, and postoperative outcome 
and follow-up21. Data collected included demographic characteristics, medical and surgical history, common 
preoperative biochemical blood examination (e.g., C-reactive protein, procalcitonin, arterial blood gas analysis), 
pathological features, and operative details. Comorbidity was recorded if the condition was being medically 
treated at the time of admission, or if previous treatment for the condition was in the admission report. Sepsi 
was defined according to the third international consensus definitions for sepsis and septic shock (Sepsis-323). 
Quick Sofa score and Sofa score were taken into account to stratify the risk of infection.

Operative procedure performed and surgical diagnoses were classified according to the 9th revision of 
International Classification of Disease Clinical Modification (ICD-9-CM). The type of surgical approach takes 
into account open or minimally-invasive procedures, including assisted procedure and conversion to open 
surgeries. The TNM 8th edition of UICC classification system was adopted for staging malignant tumours and 
preoperative risk was assessed with anaesthesiologist-assigned American Society of Anaesthesiologists class. 
Specific details on collected data and used protocols can be found in Costa et al.21. Outcome was categorized via 
the dichotomized qSOFA score ≥ 2/<2.

Inclusion criteria
All patients > 65 years who underwent emergency surgery entered the study. Emergency procedures were defined 
as unforeseen, non-elective operations according to the NCEPOD Classification of Interventions. All abdominal 
procedures with ICD-9-CM code numbers ranging from 42.0 to 54.99 were considered eligible. Thoracic 
procedures (ICD- 9-CM code 32.0–34.99), vascular procedures (ICD-9-CM code 38.0–39.99), gynaecological 
procedures (ICD-9-CM code 55.0–59.99), and urological procedures (ICD-9-CM code 60.0–64.99) were 
considered eligible for the study if performed by general or emergency surgeon in a general or in a trauma 
surgery setting. Exclusion criteria were lack of informed consent; patients already hospitalized and scheduled for 
the same procedure; participation in another trial.
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Feature screening and model selection
To simulate the same conditions available for the prediction of sepsis, only variables taken before the surgery 
were retained from the aforementioned database (Supplementary Materials A for all variables and Costa et al. 
for a detailed explanation of the collection pipeline21. Features with a completion rate lower than 90% were 
excluded a priori. The list of the included variables and the results of the missing data analysis were included in 
Supplementary Materials A. Continuous variables were summarized as median and interquartile range (IQR), 
whereas categorical variables were reported as counts and percentages. No univariable hypothesis-test-based 
feature screening was performed before model development in order to avoid information leakage and biased 
variable selection.

A nested-cross validation approach was implemented17. In brief, such approach consists in two k-fold cross-
validation loops: an outer loop identifies the test set for each of its folds while the inner loop implements the 
further split for training and validation. In the outer loop, the dataset was firstly split in train and test set. Secondly, 
inside each train set, hence the inner loop, a k-Fold cross-validation was implemented to tune the optimal 
hyperparameters of the individual models with the number of inner/outer folds set to 5/5. Missing values were 
imputed using k-Nearest Neighbours (Nneighbours = 10) derived from the train set and then applied in the test set. 
Then, the train and test sets’ numerical variables were normalized with the train set mean and standard deviation. 
Subsequently, each inner training dataset was resampled (to cope with the unbalanced classification problem) 
via the Synthetic Minority Oversampling Technique (SMOTE24. Training data first entered a dimensionality 
reduction step (whitened Principal Component Analysis with explained variance set to 0.999) and then a feature 
selection one (cross-validated recursive feature selection step with base estimator a decision tree). Each pre-
processing step was computed on the train set and then applied on the respective test set, preventing train-test 
contamination. For each ML model and each training fold, an hyperparameter optimization was performed 
using Optuna25. In each optimization trial, hence for each evaluated hyperparameter combination, the outer 
training data were split in the actual (inner) train and validation sets implementing the aforementioned inner 
K-Fold cross-validation loop. The hyperparameter combination maximizing the aggregated k-fold validation 
accuracy was then chosen for training the final model with all training samples. Such model was then tested with 
the test outer fold. Such procedure was repeated within all outer folds, test results aggregated, and evaluation 
metrics calculated. The ML models included were an Elastic-Net (EN,11), a K-nearest neighbours (KNN,26), 
a Decision Tree Classifier (DTC,27) a Random Forest (RF27), and gradient boosted trees (XGBoost, via the 
related library). Lastly, the weighted posteriors model’s prediction was computed by computing the mode of the 
predictions of all the aforementioned models as in Mannini et al.28. The list of optimized parameters for each 
model is provided within Supplementary Material B.

Performance metrics and statistical analysis
Model performance was assessed on the outer test folds using accuracy, sensitivity, specificity, precision, F1-
score, area under the receiver operating characteristic curve (AUROC), area under the precision-recall curve 
(AUPRC), and Brier score. For discrimination analysis, AUROC values were reported with 95% confidence 
intervals computed using the nonparametric DeLong method. Confidence interval bounds were obtained from 
the estimated standard error of the AUROC and constrained to the admissible range between 0 and 1. Calibration 
was additionally assessed using calibration plots, and the potential clinical utility of the best-performing model 
was explored by decision curve analysis. Performance estimates were aggregated across outer folds and reported 
with 95% confidence intervals. All analyses were performed in Python using scikit-learn, imbalanced-learn, 
XGBoost, and Optuna. Decision Curve Analysis (DCA) will be used to evaluate the utility of using the best ML 
solution when compared to the consequences of false positives (i.e., treat-all) and of false negatives (i.e., treat-
none).

Data availability
Code and trained models are available on the following GitHub link ( ​[​h​t​​​​t​p​s​​:​/​​/​g​i​t​h​​u​b​.​c​o​m​/​P​e​​p​p​e​D​r​o​n​e​/​S​e​p​s​i​s​F​
R​A​I​L​E​S​E​L​P​r​e​d​i​c​t​o​r​]​(​h​t​t​p​s​:​/​g​i​t​h​u​b​.​c​o​m​/​P​e​p​p​e​D​r​o​n​e​/​S​e​p​s​i​s​F​R​A​I​L​E​S​E​L​P​r​e​d​i​c​t​o​r​) ). Raw data can be obtained 
after request to the corresponding author for research purposes.
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