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Abstract

Background
Early risk stratification in upper gastrointestinal bleeding (UGIB) is essential for emergency department
(ED) triage, treatment planning, and mortality reduction. Although conventional clinical scores are widely
used, they may not fully capture complex nonlinear interactions among physiological, laboratory, and
comorbidity-related predictors. This study evaluated whether explainable machine-learning (ML) models
could predict 30-day mortality in UGIB and compared their performance with established clinical risk
scores.

Methods
This retrospective single-center cohort study included 719 adult ED presentations with UGIB between
January 1, 2015, and January 1, 2026. The primary outcome was all-cause 30-day mortality. ML models
were developed using two predictor sets: an early ED predictor set, and a Full model predictor set
incorporating transfusion and endoscopic findings. Logistic regression, random forest, gradient
boosting, XGBoost, and LightGBM models were evaluated using five-fold stratified group cross-
validation. Model performance was assessed using AUROC, AUPRC, F1 score, Brier score, calibration
analysis, and decision curve analysis, and compared with the Glasgow-Blatchford Score, Rockall score,
AIMS65, and ABC score. Parsimonious models were developed using regularized feature selection, and
SHAP analysis was used for model interpretation.

Results
Among 719 presentations, 53 patients (7.4%) died within 30 days. The ED XGBoost model achieved the
best overall performance among prespecified models, with an AUROC of 0.789, AUPRC of 0.294, F1
score of 0.355, and Brier score of 0.061. Its performance was similar to the Full XGBoost model. Among
traditional scores, ABC showed the highest AUROC (0.742), but the AUROC difference between ED
XGBoost and ABC was not statistically significant. A 15-variable Minimal ED XGBoost model achieved an
AUROC of 0.814 in exploratory analysis and 0.765 in fully nested sensitivity analysis. SHAP analysis
identified lymphocyte count, lactate, potassium, C-reactive protein, respiratory rate, albumin, platelet
count, glucose, hemoglobin, and Glasgow Coma Scale as key predictors.

Conclusion
Machine-learning models based on routinely available ED data showed comparable or superior
discrimination, better calibration, and greater clinical utility than traditional risk scores for predicting 30-
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day mortality in UGIB. A parsimonious explainable ED XGBoost model may provide a practical early risk
stratification tool, although external validation is required before clinical implementation.

Introduction
Upper gastrointestinal bleeding (UGIB) remains one of the most frequent causes of emergency
department (ED) visits with an incidence of 48–160 per 100,000 persons and over 250,000 admissions
annually (1). Despite advances in medical treatment, endoscopic techniques and improvements in
supportive care, UGIB is still associated with significant morbidity and mortality (2). The mortality burden
is particularly high among elderly patients and those with multiple comorbidities, suggesting that UGIB
should not be viewed merely as an acute hemorrhagic event, but rather as a complex clinical condition
closely linked to the patient's physiological reserve and systemic response to bleeding (3).

Early risk stratification in UGIB is crucial for guiding resuscitation, determining the timing and urgency of
endoscopy, making admission or discharge decisions, predicting the need for intensive care, planning
transfusion strategies, and safely identifying low-risk patients suitable for outpatient management (4).
Therefore, there is a continuous need for reliable risk prediction models in UGIB to improve triage, guide
the timing of urgent endoscopies, and reduce overall mortality rates. For this purpose, various risk
stratification systems have been developed, such as the Glasgow-Blatchford Score (GBS), Rockall score,
AIMS65, and the recently developed Age, Blood tests and Comorbidities (ABC) score (5–7). While these
scores are widely used in clinical practice, they have some significant limitations. Most of these systems
rely on combining a limited number of variables using predetermined weights and linear assumptions,
which may oversimplify the complex physiological interactions underlying clinical outcomes in UGIB (8–
11).

Machine learning (ML) has emerged as a promising approach for clinical risk prediction by capturing
complex nonlinear relationships and interactions among demographic characteristics, comorbidities,
physiological parameters, and laboratory findings. Several studies have demonstrated the potential of
ML models to predict mortality, adverse outcomes, and the need for intervention in patients with
gastrointestinal bleeding, with some models outperforming conventional clinical risk scores (12–15).
However, superior discrimination alone does not guarantee clinically reliable prediction. Predictive
performance may be artificially inflated when models incorporate information unavailable at the
intended time of prediction or when preprocessing, feature selection, and validation procedures
introduce information leakage (16–18). Moreover, contemporary evaluation of clinical prediction models
increasingly emphasizes calibration and clinical utility in addition to discrimination, particularly in
settings where risk estimates are intended to guide clinical decision-making (19, 20). These
considerations are especially relevant in the ED, where risk stratification must rely on information
available at the time of initial assessment and directly support triage and early management decisions
(21).
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Given these methodological and clinical considerations, we investigated whether ML models could
predict 30-day mortality in patients presenting with UGIB and how their performance compared with
traditional clinical risk scores, including the GBS, Rockall score, AIMS65, and ABC score. To reflect
clinical practice, predictors were defined according to their temporal availability, allowing separate
evaluation of an early ED model based on information available at presentation and a Full model that
additionally incorporated transfusion and endoscopic findings. We also evaluated whether regularized
feature selection could identify a smaller set of early predictors while maintaining predictive
performance and used SHapley Additive exPlanations (SHAP) to support model interpretation.

Materials and Methods

Design and population
This retrospective single-center cohort study was conducted in the ED of Çanakkale Onsekiz Mart
University (COMU) Hospital, Turkiye. Clinical and laboratory data were obtained from the institutional
electronic health record system. The study was approved by the COMU Ethics Committee (approval date:
17.06.2026; decision number: 2026-09-22) and conducted in accordance with the Declaration of
Helsinki.

Consecutive adult patients (≥ 18 years) presenting with UGIB between January 1, 2015, and January 1,
2026, were screened for eligibility. UGIB was defined as the presence of hematemesis, coffee-ground
vomiting, or melena, with a gastrointestinal bleeding source identified by endoscopy and/or computed
tomography (CT). Both variceal and non-variceal bleeding episodes were considered as eligible for
inclusion.

Recurrent presentations were retained as separate clinical encounters because they represented distinct
bleeding episodes. To prevent patient-level information leakage, all encounters belonging to the same
patient were assigned to the same cross-validation fold using an anonymized patient identifier.

Patients aged < 18 years, pregnant patients, patients with trauma-related bleeding, and patients with
unavailable 30-day mortality data were excluded. After exclusions, 719 presentations were included in
the final analysis.

Data Collection and Predictor Sets
Demographic, clinical, physiological, laboratory, transfusion, and endoscopic data were retrospectively
extracted from the electronic health record system. Variable definitions and coding schemes are
provided in Additional file 1.

Two predictor sets were defined according to data availability. The ED predictor set included variables
available during the initial ED assessment, whereas the Full predictor set additionally incorporated
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transfusion status and endoscopic findings. The ED and Full predictor sets comprised 63 and 72
predictors, respectively.

The GBS, ABC score, Rockall score, and AIMS65 were included for comparison as traditional risk scores.

Outcome
The primary outcome was all-cause mortality within 30 days of the index ED presentation. Mortality
status, date of death, and cause of death were obtained from the national death notification system.
Among the 719 included presentations, 53 (7.4%) deaths occurred within 30 days.

Data Preprocessing
Preprocessing was performed within model pipelines. Missing numeric and categorical variables were
imputed using the median and most frequent category, respectively. Numeric variables were
standardized and categorical variables were one-hot encoded. All preprocessing steps were fitted within
training folds.

Statistical Analysis
Continuous variables were summarized as median (interquartile range) and compared using the Mann–
Whitney U test. Categorical variables were summarized as frequency (percentage) and compared using
the chi-square test or Fisher’s exact test, as appropriate.

Model discrimination was quantified using the area under the receiver operating characteristic curve
(AUROC) and the area under the precision–recall curve (AUPRC). Confidence intervals for performance
metrics and differences in AUROC between selected models and clinical risk scores were estimated
using the percentile bootstrap method with 2,000 patient-level paired bootstrap samples. Two-sided p-
values < 0.05 were considered statistically significant.

Model Development
Five supervised learning algorithms were evaluated: logistic regression with L2 regularization, random
forest, gradient boosting, XGBoost, and LightGBM. Each algorithm was developed separately using the
ED and Full predictor sets. Class-weighted learning was applied where supported to address class
imbalance.

Models were internally validated using five-fold stratified group cross-validation. Stratification
approximately preserved the distribution of 30-day mortality across folds, while grouping by anonymized
patient identifier ensured that recurrent presentations from the same patient were assigned to the same
fold, preventing patient-level information leakage.
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Preprocessing and model fitting were performed exclusively within the training folds and subsequently
applied to the corresponding validation fold. Out-of-fold predictions were aggregated across all
encounters and used to estimate internally validated model performance.

Parsimonious Model Development
Elastic Net and LASSO regularized logistic regression models were evaluated using the ED predictor set
to identify a reduced set of predictors. Regularization parameters were selected according to cross-
validated predictive performance. Predictors retained by the selected regularized model were
subsequently used to develop parsimonious versions of logistic regression, random forest, gradient
boosting, XGBoost, and LightGBM models.

As a sensitivity analysis, a fully nested feature-selection framework was implemented for the
parsimonious modeling strategy. Within each outer training fold, Elastic Net hyperparameters were
selected using inner stratified group cross-validation, and predictors with nonzero coefficients were
retained. Candidate parsimonious models were then trained using the selected predictors and evaluated
exclusively in the corresponding held-out outer validation fold. Predictor-selection stability was
summarized as the proportion of outer folds in which each predictor was retained.

Model Performance Assessment
Discrimination was assessed using AUROC, AUPRC, and the maximum F1 score. Calibration was
evaluated using the Brier score and calibration plots. Clinical utility was assessed using decision curve
analysis. Performance was compared with the GBS, ABC score, Rockall score, and AIMS65.

Model Explainability
The parsimonious ED XGBoost model was examined using SHAP. Predictor importance was
summarized using mean absolute SHAP values and visualized using SHAP summary plots.

Software and Reporting
Analyses were performed using Python (version 3.12.13). Data preprocessing, statistical analyses,
model development, and explainability analyses were conducted using pandas, SciPy, scikit-learn,
XGBoost, LightGBM, and SHAP. Reporting followed the TRIPOD + AI recommendations (22), and the
completed TRIPOD + AI checklist is provided in Additional file 2.

Results
The cohort included 719 ED presentations, of which 53 (7.4%) resulted in 30-day mortality. Baseline
characteristics according to 30-day mortality status are summarized in Table 1. Compared with
survivors, patients with 30-day mortality had lower albumin (3.30 vs 3.59 g/dL; p < 0.001), and
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lymphocyte count (0.95 vs 1.55 ×10⁹/L; p < 0.001), and higher lactate (2.50 vs 1.70 mmol/L; p < 0.001), C-
reactive protein (12.00 vs 3.46 mg/dL; p < 0.001). All traditional risk scores were higher among patients
with 30-day mortality, with the largest difference observed for the ABC score (p < 0.001).
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Table 1
Baseline characteristics according to 30-day mortality status

Variable Level 30-day mortality
(no = 666)

30-day mortality
(yes = 53)

p value  

Age, years   73.50 [63–81] 74 [67–84] 0.072*  

Sex, n (%) Male 406 (61.0) 35 (66.0) 0.559**  

Systolic blood pressure,
mmHg

  121 [110-131.75] 116 [105–123] 0.022*  

Diastolic blood pressure,
mmHg

  75 [67–80] 70 [63–80] 0.039*  

Heart rate, beats/min   88 [80–97] 90 [80–100] 0.243*  

Respiratory rate, /min   17 [15–18] 16 [15–18] 0.880*  

Oxygen saturation, %   98 [97–99] 98 [95–98] 0.008*  

Glasgow Coma Scale   15 [15–15] 15 [15–15] < 0.001*  

White blood cell count,
mm3x103

  9.22 [6.95–12.01] 10.70 [8.11–
14.81]

0.020*  

Hemoglobin, g/dl   8.80 [6.70–11] 9 [6.80–11] 0.887*  

Platelet count, mm3x103   242 [181-309.75] 247 [178–378] 0.352*  

Red cell distribution width, %   15 [13.60–17] 15.30 [14.60–18] 0.011*  

Glucose, mg/dL   123 [104-158.75] 148 [114–198] 0.009*  

Urea, mg/dL   64 [41-99.50] 70 [47–103] 0.238*  

Creatinine, mg/dL   1 [0.79–1.32] 0.99 [0.70–1.40] 0.664*  

C-reactive protein, mg/L   3.46 [1–13] 12 [2.90–71] < 0.001*  

Alanine aminotransferase,
U/L

  11 [8–17] 10 [6–18] 0.502*  

Aspartate aminotransferase,
U/L

  16 [12–22] 17 [11.70–23] 0.404*  

Alkaline phosphatase,U/L   71 [53–95] 85 [65–102] 0.014*  

Direct bilirubin, mg/dL   0.20 [0.10–0.30] 0.22 [0.20–0.50] 0.004*  

Albumin, g/dL   3.59 [3.20-4] 3.30 [2.77–3.60] < 0.001*  

Lactate, mmol/L   1.70 [1.10–2.30] 2.50 [1.70–5.40] < 0.001*  

International normalized
ratio

  1.04 [1-1.30] 1.20 [1-1.40] 0.020*  
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Variable Level 30-day mortality
(no = 666)

30-day mortality
(yes = 53)

p value  

Sodium, mmol/L   139 [136–141] 137 [133–140] 0.022*  

Potassium, mmol/L   4.30 [4-4.70] 4.40 [3.96-5] 0.541*  

Calcium, mg/dL   8.64 [8.20-9] 8.50 [7.93-9] 0.088*  

Melena Yes 486 (73.0) 33 (62.3) 0.130**  

Hematemesis Yes 211 (31.7) 25 (47.2) 0.031**  

Syncope Yes 50 (7.5) 4 (7.5) 0.999***  

Number of chronic diseases >=2 368 (55.3) 37 (69.8)    

  1 210 (31.5) 14 (26.4) 0.056***  

  None 88 (13.2) 2 (3.8)    

Medication use Yes 579 (86.9) 49 (92.5) 0.343**  

Antiplatelet use Yes 208 (31.3) 11 (20.8) 0.146**  

Anticoagulant use Yes 176 (26.5) 17 (32.1) 0.472**  

NSAID use Yes 91 (13.7) 6 (11.3) 0.780**  

Transfusion performed Yes 455 (68.4) 45 (84.9) 0.018**  

Endoscopy performed Yes 498 (74.9) 39 (73.6) 0.963**  

Glasgow-Blatchford score   11 [9–13] 13 [10–14] 0.012*  

Rockall score   5 [3–6] 6 [5–7] < 0.001*  

AIMS65 score   1 [1–2] 1 [1–2] < 0.001*  

ABC score   4 [2–6] 7 [5–9] < 0.001*  

Continuous variables are reported as median [IQR], and categorical variables as n (%).
*Mann-Whitney U test was used for continuous variables; **Pearson chi-square test or
***Fisher exact test was used for categorical variables, as appropriate.

 

Impaired consciousness (GCS < 15) was more frequent among patients with 30-day mortality (18.9% vs
1.2%; p < 0.001). Among comorbidities, malignancy (28.3% vs 12.6%; p = 0.003), stroke (20.8% vs 8.9%; p 
= 0.010), peripheral arterial disease (7.5% vs 1.2%; p = 0.008), and chronic kidney disease (17.0% vs 8.0%;
p = 0.037) were more common among patients with 30-day mortality. Gastritis and gastric ulcer were the
most common endoscopic findings, whereas esophageal varices were more frequent among patients
with 30-day mortality (13.2% vs 4.7%; p = 0.025).

Model performance is summarized in Table 2. Among the prespecified models, ED XGBoost achieved the
best overall performance (AUROC 0.789, AUPRC 0.294, F1 score 0.355, Brier score 0.061). The Full
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XGBoost model showed similar performance (AUROC 0.785, AUPRC 0.291, F1 score 0.355, Brier score
0.061).

Table 2
Primary Model Performance

Feature set Model AUC AUPRC F1 Brier score

ED Model Logistic Regression 0.693 0.234 0.306 0.139

ED Model Random Forest 0.776 0.234 0.303 0.106

ED Model Gradient Boosting 0.765 0.23 0.312 0.069

ED Model XGBoost 0.789 0.294 0.355 0.061

ED Model LightGBM 0.745 0.232 0.336 0.093

Full Model Logistic Regression 0.683 0.222 0.322 0.138

Full Model Random Forest 0.764 0.249 0.301 0.108

Full Model Gradient Boosting 0.769 0.232 0.316 0.068

Full Model XGBoost 0.785 0.291 0.355 0.061

Full Model LightGBM 0.745 0.233 0.343 0.093

benchmark risk score GBS 0.603 0.103 0.169 0.345

benchmark risk score Rockall 0.693 0.205 0.228 0.167

benchmark risk score AIMS65 0.628 0.129 0.234 0.106

benchmark risk score ABC 0.742 0.201 0.321 0.142

Comparison ΔAUROC 95% CI_low 95% CI_high   p value

ED XGBoost - GBS 0.182 0.116 0.271   < 0.001

ED XGBoost - Rockall 0.092 0.023 0.177   0.002

ED XGBoost - AIMS65 0.157 0.083 0.235   < 0.001

ED XGBoost - ABC 0.042 -0,032 0.122   0.264

Among the traditional risk scores, ABC showed the highest AUROC (0.742), followed by Rockall (0.693),
AIMS65 (0.628), and GBS (0.603). In bootstrap analysis, the AUROC difference between ED XGBoost and
ABC was not statistically significant (ΔAUROC 0.042; p = 0.264). ROC and precision–recall curves are
presented in Fig. 1A and Fig. 1B. The ML models consistently demonstrated superior precision–recall
performance compared with the traditional risk scores, with ED XGBoost and Full XGBoost achieving the
highest average precision values. ED XGBoost demonstrated lower prediction error than ABC, with a
lower Brier score (0.061 vs 0.142) (Fig. 1C; Additional file 3). Decision curve analysis showed positive net
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benefit for both ED and Full XGBoost models across the evaluated threshold range, whereas the clinical
risk scores provided limited net benefit at higher thresholds (Fig. 1D). Because the ED predictor set
contained 63 variables, an exploratory feature-reduction analysis was subsequently performed to
evaluate whether predictive performance could be maintained using a smaller set of predictors.

Elastic Net and LASSO were evaluated for predictor selection. The Elastic Net model (C = 0.03, l1_ratio = 
0.5) achieved the highest AUROC and was selected for feature reduction (Additional file 4). The selected
model retained 15 ED predictors: lymphocyte count, lactate, albumin, Glasgow Coma Scale, hemoglobin,
respiratory rate, glucose, C-reactive protein, platelet count, potassium, age, chloride, oxygen saturation,
direct bilirubin, and gamma-glutamyl transferase.

Performance of the reduced-predictor models is summarized in Table 3. Minimal ED XGBoost achieved
an AUROC of 0.814, AUPRC of 0.316, F1 score of 0.379, and Brier score of 0.060. Minimal ED Logistic
Regression achieved an AUROC of 0.809, AUPRC of 0.373, F1 score of 0.398, and Brier score of 0.146.

Table 3
Exploratory Feature-Reduced ED Model Performance

Model or score AUROC (95% CI) AUPRC (95% CI) F1 score Brier
score

Minimal ED Random Forest 0.816 (0.722–
0.844)

0.275 (0.162–
0.365)

0.323 0.104

Minimal ED XGBoost 0.814 (0.751–
0.869)

0.316 (0.208–
0.453)

0.379 0.060

Minimal ED LR 0.809 (0.739–
0.870)

0.373 (0.253-
0.500)

0.398 0.146

Minimal ED Gradient
Boosting

0.769 (0.704–
0.833)

0.228 (0.145–
0.321)

0.333 0.069

Minimal ED LightGBM 0.750 (0.648–
0.802)

0.253 (0.147–
0.352)

0.333 0.106

ABC score 0.742 (0.666–
0.811)

0.201 (0.136–
0.307)

0.321 0.142

Comparison ΔAUROC 95% CI_low 95%
CI_high

p value

Minimal ED XGBoost - GBS 0.214 0.098 0.293 0.001

Minimal ED XGBoost -
Rockall

0.125 0.051 0.201 0.001

Minimal ED XGBoost -
AIMS65

0.187 0.101 0.275 0.001

Minimal ED XGBoost - ABC 0.072 0.004 0.144 0.035

Page 12/25



Compared with ABC, Minimal ED XGBoost showed a higher AUROC (ΔAUROC = 0.072; p = 0.035).
Calibration and decision curve analyses are shown in Fig. 2. Minimal ED XGBoost demonstrated closer
agreement between predicted and observed mortality rates and a lower Brier score than both Minimal
ED Logistic Regression and ABC (0.060 vs 0.146 and 0.142, respectively) (Fig. 2A). In decision curve
analysis, Minimal ED XGBoost provided higher net benefit than ABC, Rockall, and GBS across most
evaluated threshold probabilities (Fig. 2B). Bin-level calibration estimates are provided in Additional file
5. Although Minimal ED Logistic Regression achieved higher AUPRC and F1 values, its markedly higher
Brier score suggests less accurate probability estimation despite comparable discrimination.

Additional calibration statistics are presented in Additional file 6. Among all evaluated models, the
Minimal ED XGBoost model demonstrated the calibration intercept closest to the ideal value of zero,
whereas the XGBoost-based models generally exhibited calibration slopes closer to the ideal value of
one than the Minimal ED Logistic Regression and ABC models. These findings were broadly consistent
with the calibration plots, bin-level calibration estimates, and Brier scores, further supporting the
favorable calibration performance of the Minimal ED XGBoost model.

SHAP analysis of the Minimal ED XGBoost model identified lymphocyte count, lactate, potassium, C-
reactive protein, respiratory rate, albumin, platelet count, glucose, hemoglobin, and Glasgow Coma Scale
as the most important predictors (Fig. 3). Lower lymphocyte count and albumin, higher lactate and C-
reactive protein, and lower Glasgow Coma Scale values were associated with higher predicted mortality
risk.

In a fully nested sensitivity analysis designed to account for feature-selection optimism, the Minimal ED
XGBoost model achieved an AUROC of 0.765, AUPRC of 0.303, F1 score of 0.344, and Brier score of
0.061. The number of selected predictors ranged from 4 to 16 across outer folds. Glasgow Coma Scale,
lactate, and lymphocyte count were retained in all five outer folds, while C-reactive protein and albumin
were retained in four folds and glucose in three folds (Additional file 7).These findings indicate that the
apparent performance gain observed in the exploratory parsimonious analysis was partly attributable to
feature-selection optimism, while the reduced-predictor strategy retained reasonable discrimination and
favorable calibration under a more conservative validation framework.

Discussion
In this study, we investigated the ability of ML models to predict 30-day mortality in 719 patients with
UGIB presenting to the ED of a university hospital. The ED predictor set consisted of 63 variables
available during the initial ED assessment, including demographic characteristics (n = 2), clinical
presentation variables (n = 6), comorbidities (n = 14), laboratory parameters (n = 30), medication-related
variables (n = 5), and physiological measurements (n = 6). Our findings can be summarized as follows: (i)
among the previously defined models, the ED XGBoost model showed the best overall performance
(AUROC 0.789, AUPRC 0.294, Brier score 0.061); (ii) the performance of the ED model, consisting of
variables obtained at the initial admission, was found to be almost identical to that of the Full model,
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which included endoscopic findings and transfusion data (AUROC 0.789 vs. 0.785); (iii) the 15-variable
Minimal ED XGBoost model demonstrated favorable performance in the exploratory feature-reduced
analysis (AUROC 0.814), while fully nested validation provided a more conservative estimate (AUROC
0.765) and helped assess feature-selection optimism; (iv) SHAP analysis identified lymphocyte count,
lactate, potassium, C-reactive protein, respiratory rate, albumin, platelet count, glucose, and hemoglobin
among the most influential predictors; and (v) this model not only showed better discrimination than
traditional scoring systems but also provided superior calibration and clinical benefit.

Early risk stratification represents a cornerstone in the clinical management of patients presenting with
UGIB (23). Accurate risk identification, particularly within ED settings, directly guides critical triage
decisions, including endoscopic timing, the required level of care, transfusion strategies, and discharge
planning (24, 25). Especially in recent years, with the increasing burden on healthcare systems, the
reliable distinction between low- and high-risk patients has become even more crucial (26). While various
risk scores, such as the Rockall score, GBS, AIMS65, and ABC score, are routinely employed in clinical
practice to predict outcomes in UGIB, most of these systems rely on combining a limited number of
variables using predefined weights (5, 10, 27). In contrast, mortality following UGIB results from the
complex interaction of numerous factors, including bleeding severity, age, comorbidities, inflammation,
organ reserve, nutritional status, and treatment response (28). Therefore, ML approaches capable of
modeling nonlinear relationships have attracted increasing attention in recent years for the early
identification of high-risk patients with UGIB (29).

One of the most striking findings of the present study is that the ED-XGBoost model significantly
outperformed conventional risk scoring systems, including the Rockall score (AUROC = 0.693), AIMS65
score (AUROC = 0.628), and GBS (AUROC = 0.603), in predicting 30-day mortality among patients with
UGIB. It is noteworthy that although GBS and the Rockall score are among the most commonly used and
guideline-endorsed risk stratification tools for patients with UGIB (30), they showed relatively limited
performance in predicting mortality. Although the ABC score showed the best performance among the
traditional scoring systems (AUROC = 0.742), the difference between the ABC score and the ED-XGBoost
model was not statistically significant (ΔAUROC = 0.042, p = 0.264). This finding is consistent with
previous studies suggesting that ML models may provide comparable or improved prognostic
performance compared with conventional UGIB risk scores for mortality or adverse-outcome prediction
(12–14). More broadly, recent UGIB studies have also applied ML approaches to support risk
stratification and intervention prediction (15). The superiority of the ML models was also apparent in the
precision–recall analysis, which is particularly informative in imbalanced datasets such as the present
cohort, where 30-day mortality occurred in only 7.4% of presentations. Taken together, the consistently
higher AUROC and average precision values observed for the ML models suggest that these approaches
may capture clinically relevant patterns that are not fully represented by traditional risk scoring systems.

This study successfully demonstrated that the ED model, consisting only of variables obtained at the
time of ED admission, performed nearly identically to the Full model, which included endoscopic findings
and transfusion data. While the AUROC was 0.785 for the Full model, it was 0.789 for the ED model.
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Similarly, the Brier score was 0.061 in both models. Although this result may be considered unexpected
at first glance, it suggests that mortality following UGIB is not determined exclusively by bleeding source
characteristics. This finding is consistent with previous studies demonstrating that mortality in UGIB is
frequently influenced by advanced age, comorbidity burden, hemodynamic compromise, and
physiological deterioration rather than by bleeding-related factors alone (31, 32). The limited contribution
of endoscopic characteristics to our model suggests that physiological reserve, inflammatory status,
and overall clinical condition at presentation largely determine the subsequent clinical course.
Accordingly, much of the prognostic information associated with mortality may already be acquired
during the initial ED evaluation.

Given that mortality following UGIB appears to be largely determined by factors reflecting physiological
reserve, inflammatory status, and the systemic response to acute hemorrhagic stress, it is reasonable to
expect that models based on a smaller number of highly informative variables could achieve comparable
or even superior prognostic performance. In this context, the 15-variable Minimal ED XGBoost model
demonstrated the highest discrimination performance in the exploratory feature-reduced analysis
(AUROC 0.814). However, in a fully nested sensitivity analysis designed to account for feature-selection
optimism, discrimination decreased to an AUROC of 0.765 while calibration performance remained
unchanged. This finding suggests that part of the apparent performance gain in the exploratory analysis
was attributable to optimism introduced during feature selection.

Moreover, this model demonstrated significantly better discrimination than the ABC score (ΔAUROC = 
0.072; p = 0.035), indicating that an increased number of predictors does not necessarily improve
predictive performance. Variables that are redundant or contain little prognostic information may
introduce noise into the model, increase the risk of overfitting, and reduce generalizability (33). In
contrast, more parsimonious models consisting of biologically meaningful and prognostically relevant
variables may yield more stable results and be easier to implement in clinical practice.

The variables highlighted in the SHAP analysis provided important insights into the pathophysiological
processes associated with mortality in UGIB. In this context, lactate was among the most influential
mortality predictors in our ML model, with significantly higher levels observed in non-survivors than in
survivors (2.50 vs. 1.70 mmol/L, p < 0.001). Lactate is generally known as a biochemical indicator of
tissue hypoperfusion and impaired oxygen delivery (34), and elevated lactate levels have been
consistently associated with adverse outcomes in critically ill patients, including those with
gastrointestinal bleeding (35, 36). Consistent with these observations, Seo et al. (37) showed that ML
models, particularly random forest, could predict adverse events and mortality in initially stable non-
variceal UGIB, with lactate identified among the key predictive variables alongside standard laboratory
markers. Similarly, Liu et al. (38) reported that ML models incorporating lactate among other clinical
variables achieved high prognostic accuracy for risk stratification in patients with UGIB. Supporting
these findings, both the XGBoost model and SHAP analysis in our study identified lactate as a pivotal
predictor of mortality.
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One important insight gained from our research is the significant impact of inflammation on mortality.
Deceased patients had significantly lower lymphocyte counts (0.95 vs. 1.55 × 10⁹/L), higher CRP levels
(12.0 vs. 3.46 mg/dL) and lower albumin levels (3.30 vs. 3.59 g/dL) with all comparisons reaching
statistical significance. The importance assigned to these variables by the SHAP analysis is consistent
with their known biological and clinical relevance (39–40). Low albumin levels not only reflect acute
systemic stress but also underlying frailty, chronic inflammation, and impaired physiological reserve,
which may limit the capacity to compensate for acute blood loss and contribute to an increased risk of
mortality (11, 24, 41). In addition, lymphocytopenia and elevated CRP levels reflect the systemic
inflammatory response and dysregulated immune function that frequently accompany critical illness (42,
43). Together, these findings suggest that mortality following UGIB may be influenced not only by the
severity of bleeding itself but also by the patient's underlying inflammatory and immune-nutritional
status, which may impair recovery from acute hemorrhagic stress.

This study has several methodological strengths. Predictors were defined according to their temporal
availability, enabling separate evaluation of an early ED model and an expanded Full model. To minimize
information leakage, variables unavailable at the intended time of prediction were excluded from the
corresponding models. Traditional risk scoring systems were evaluated separately rather than used as
predictors, preprocessing procedures were fitted exclusively within training folds, and recurrent
presentations from the same patient were assigned to the same cross-validation fold. These design
choices are consistent with the concerns raised by Kapoor and Narayanan regarding leakage-related
overestimation of ML performance and with TRIPOD + AI recommendations emphasizing transparent
reporting of predictor timing, preprocessing, and validation procedures (16, 22). Predictor selection and
hyperparameter optimization for the parsimonious models were evaluated within a fully nested stratified
group cross-validation framework. These procedures reduced the risk of feature-selection optimism and
provided a more conservative assessment of parsimonious model performance. Model evaluation was
not limited to discrimination metrics alone; AUPRC, calibration plots, Brier scores, and decision curve
analysis were used to assess performance in the context of class imbalance, probability calibration, and
potential clinical utility. Finally, regularized predictor selection together with SHAP-based interpretation
supported the development of a parsimonious and explainable early prediction model.

This study has several limitations. First, this is a single-center retrospective study, which may limit its
generalizability. Second, the number of mortality events can be considered as relatively small (n = 53),
which may affect the robustness of the comparisons and contributed to variability in the observed
results. Third, although rigorous internal validation procedures were applied, external validation in
independent cohorts was not performed. Finally, SHAP analysis provides insight into model behavior but
does not establish causal relationships.

In conclusion, ML models based on demographic, clinical, and laboratory data available at the time of
emergency department admission demonstrated significantly better calibration and clinical utility while
achieving superior or comparable discrimination compared with traditional risk scores in patients with
UGIB. A parsimonious ED XGBoost model based on routinely available admission variables provided an
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interpretable and clinically practical alternative with favorable calibration and competitive predictive
performance. Although discrimination decreased under fully nested validation compared with the initial
exploratory analysis, the model retained good overall performance and identified clinically plausible
predictors of mortality. Our findings suggest that mortality following UGIB is largely determined by the
patient's physiological reserve, inflammatory status, and systemic response to hemorrhagic stress.
Following external validation, such models may support earlier identification of high-risk patients and
improve clinical decision-making in UGIB.
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Figures

Figure 1

Performance comparison of machine-learning models and traditional risk scores for predicting 30-day
mortality in patients with upper gastrointestinal bleeding.

(A) Receiver operating characteristic curves.
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(B) Precision–recall curves.

(C) Calibration plots.

(D) Decision curve analysis.

Abbreviations: AUROC, area under the receiver operating characteristic curve; AUPRC, area under the
precision–recall curve.

Figure 2

Calibration and clinical utility of the parsimonious models for predicting 30-day mortality in patients with
upper gastrointestinal bleeding.

(A) Calibration plots comparing the agreement between predicted and observed mortality probabilities
for the Minimal ED XGBoost model, Minimal ED Logistic Regression model, and ABC score.

(B) Decision curve analysis showing the net clinical benefit of the Minimal ED XGBoost model, Minimal
ED Logistic Regression model, and traditional risk scores across a range of threshold probabilities.

Abbreviations: ED, emergency department; ABC, Age, Blood tests, and Comorbidities score.
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Figure 3

SHAP analysis of the Minimal ED XGBoost model.

(A) SHAP summary plot demonstrating the distribution of SHAP values for the 15 selected predictors
across all patient presentations. Predictor importance is ranked according to mean absolute SHAP
values. Higher SHAP values indicate a greater contribution to increased predicted mortality risk.

(B) Mean absolute SHAP values representing the global importance of predictors in the Minimal ED
XGBoost model.

Abbreviations: SHAP, Shapley Additive Explanations; ED, emergency department; GCS, Glasgow Coma
Scale; CRP, C-reactive protein.
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