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Background: Upper gastrointestinal bleeding (UGIB) is a medical emergency with high mortality, especially when massive 
transfusion (MT) is required. Traditional scores like Glasgow-Blatchford provide moderate accuracy but overlook complex variable 
interactions. We developed and validated an explainable machine learning (ML) model for MT prediction in UGIB, improving 
precision and interpretability.
Methods: In this retrospective study, 700 UGIB patients from The Affiliated Hospital of Xuzhou Medical University (2021–2025) 
were divided into training (n=490) and testing (n=210) cohorts. An external validation cohort (n=300) was sourced from The Fourth 
Affiliated Hospital of Soochow University. From 18 clinical variables, 8 key features were selected using Boruta and LASSO 
regression. Seven ML algorithms were compared to identify the optimal model, which was then evaluated for discrimination, 
calibration, and clinical utility. SHapley Additive exPlanations (SHAP) provided interpretability.
Results: The Random Forest (RF) model achieved superior performance with an AUC of 0.862 (95% CI 0.785–0.939) in training, 
0.823 (95% CI 0.768–0.879) in testing, and 0.807 (95% CI 0.748–0.866) in external validation. Calibration plots showed strong 
agreement between predicted and observed probabilities. Decision curve analysis indicated higher net benefit than “treat all” or “treat 
none” strategies. SHAP analysis ranked impaired mental status, liver cirrhosis, and international normalized ratio (INR) as top 
predictors, aligning with clinical intuition.
Conclusion: The developed machine learning model demonstrated promising performance in identifying UGIB patients at high risk 
of massive transfusion. While the model shows potential to assist clinicians in optimizing blood management strategies, further 
prospective validation is required to confirm its clinical utility in diverse settings.
Keywords: upper gastrointestinal bleeding, massive transfusion, machine learning, SHAP, random forest

Introduction
Upper gastrointestinal bleeding (UGIB) is a major medical emergency, with a notable incidence worldwide, contributing 
to high hospitalization rates and mortality, particularly in elderly or comorbid patients.1 Common presentations include 
hematemesis, melena, and hemodynamic instability, often caused by peptic ulcers, variceal rupture, or erosive gastritis.2 

A severe complication is the need for massive transfusion (MT), defined as ≥10 units of packed red blood cells within 
24 hours, which is associated with longer hospital stays, higher costs, and increased mortality.3,4 Early identification of 
MT risk is crucial for resource optimization and better outcomes.5
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Predicting MT in UGIB remains difficult due to variable patient factors and presentations. Conventional tools like the 
Glasgow-Blatchford Score (GBS) and Rockall Score use clinical and lab data to assess bleeding severity, demonstrating 
moderate predictive accuracy.6 However, traditional scoring systems were primarily designed to predict mortality rather 
than massive transfusion and often rely on linear assumptions that oversimplify complex physiological interactions. In 
contrast, machine learning algorithms excel at capturing non-linear relationships and high-dimensional data patterns, 
offering a distinct advantage in identifying high-risk patients with greater precision.7 This highlights the need for 
advanced, data-driven models with improved precision and interpretability.8

Machine learning (ML) algorithms excel in capturing nonlinear relationships and have shown promise in predicting 
transfusion needs in trauma and surgery, achieving high accuracy via methods like random forest (RF) and gradient 
boosting.5 Although ML has shown promise in UGIB, existing studies have notable limitations. For instance, Shung et al 
developed a robust model that outperformed traditional scores in predicting the need for hospital-based intervention; 
however, their primary outcome was a composite endpoint (including endoscopy and any transfusion) rather than 
massive transfusion (MT) specifically, which requires distinct rapid response protocols.9 Additionally, the opaque 
“black box” nature of ML models limits clinical trust, as providers need clear insights into predictive factors.10

Explainable artificial intelligence techniques, such as SHapley Additive exPlanations (SHAP), address this by 
quantifying feature contributions globally and locally, linking predictions to key variables like international normalized 
ratio (INR), hemoglobin, and liver cirrhosis.11 This enhances transparency and aligns ML with clinical decision-making.

Collectively, prior evidence indicates that ensemble-based machine learning algorithms consistently yield the superior 
predictive performance for UGIB outcomes compared to linear models. However, the application of these high- 
performing architectures specifically for massive transfusion remains underexplored. To bridge this gap, in this retro
spective study, we developed and validated an explainable ML model to predict MT risk in UGIB patients. Using dual 
feature selection on 18 clinical variables, we compared seven ML algorithms, selected the optimal one, and interpreted it 
with SHAP. Internal and external validation were conducted to assess generalizability, calibration, and utility, aiming to 
offer a practical tool for early risk stratification and transfusion guidance.

Materials and Methods
Study Design and Participants
In this retrospective study, we initially reviewed the medical records of patients with upper gastrointestinal bleeding 
(UGIB) at The Affiliated Hospital of Xuzhou Medical University between January 1, 2021, and August 31, 2025. After 
applying exclusion criteria, we identified 700 patients eligible for primary analysis. These patients were randomly 
allocated in a 7:3 ratio to the Training cohort (n=490) and Testing cohort (n=210) using stratified random sampling based 
on outcome status to ensure proportional representation of massive transfusion cases in both groups. For external 
validation of our machine learning model, we included an additional cohort of 300 patients meeting similar selection 
criteria from The Fourth Affiliated Hospital of Soochow University, spanning January 1, 2021, to August 31, 2025.

This study received approval from the Ethics Committees of The Affiliated Hospital of Xuzhou Medical University 
and The Fourth Affiliated Hospital of Soochow University, adhering to the Declaration of Helsinki. Due to the retro
spective nature of the study and the use of de-identified data, the requirement for informed consent was waived by the 
institutional review board.

Identification of Research Variables and Participants
We identified 18 clinical factors that may influence the need for massive transfusion in patients with upper gastro
intestinal bleeding (UGIB). These factors encompass essential patient characteristics including age (stratified as ≥70 
years), sex, body mass index (BMI), and American Society of Anesthesiologists (ASA) classification. Clinical presenta
tion variables evaluated comprise tachycardia (heart rate >100 bpm), impaired mental status, and hypotension (systolic 
blood pressure <90 mmHg). Comorbidities examined include diabetes mellitus, smoking history, liver cirrhosis, and 
alcohol consumption. Laboratory parameters assessed consist of white blood cell count (WBC), C-reactive protein 
(CRP), D-dimer, fibrinogen, hemoglobin (stratified for anemia as <8.0 g/dL), international normalized ratio (INR, 
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stratified as >1.5), and albumin (stratified for hypoalbuminemia as <2.5 g/dL). All continuous laboratory values were 
measured using standardized clinical protocols.

Inclusion criteria were as follows: (1) patients diagnosed with UGIB or acute exacerbation of chronic gastrointestinal 
conditions at our institutions and who received comprehensive clinical management within the same facilities; (2) 
patients who underwent appropriate interventions such as endoscopy, transfusion, or supportive care; and (3) individuals 
with complete and accessible clinical data, including age, medical records, and length of hospital stay.

Exclusion criteria included: (1) patients with a prior diagnosis of chronic gastrointestinal bleeding presenting for 
elective intervention; (2) individuals previously diagnosed with UGIB who had undergone prior procedures and were 
now admitted for elective management; (3) patients with concomitant acute disorders, such as severe coagulopathy 
unrelated to UGIB, acute pancreatitis, or multi-organ failure; (4) those undergoing additional unrelated procedures or 
with complicating factors like trauma or malignancy requiring separate interventions; and (5) patients with incomplete or 
missing clinical data.

The diagnosis of massive transfusion was established based on clinical records and defined as the transfusion of ≥10 
units of packed red blood cells within the first 24 hours of presentation, characterized by significant hemodynamic 
instability, persistent bleeding, and the need for aggressive resuscitation.12 This definition was confirmed by reviewing 
transfusion logs and patient outcomes by experienced clinicians.

Feature Selection
Variables with a missing rate exceeding 20% were excluded from the analysis. For the remaining variables, missing 
values were imputed to maximize data utilization. Continuous variables were imputed using the median, and categorical 
variables were imputed using the mode. To address potential multicollinearity, we conducted a pairwise Pearson 
correlation analysis among all candidate predictors. Additionally, the LASSO regression model was employed to further 
mitigate any residual redundancy by shrinking coefficients of correlated features. To ensure fair comparison among 
algorithms, we applied Z-score standardization to all continuous variables. Crucially, the scaling parameters (mean and 
standard deviation) were derived solely from the training set and then applied to the validation set to prevent data 
leakage. To address multicollinearity and identify robust predictors from the initial 18 variables, we implemented a dual- 
method feature selection approach. First, we employed the Boruta algorithm, a Random Forest-based wrapper method 
that iteratively compares feature importance against synthetic “shadow” attributes to statistically confirm relevance. This 
method helps in discerning truly informative features by assessing their significance over multiple iterations. Second, 
least absolute shrinkage and selection operator (LASSO) regression was applied with 10-fold cross-validation to optimize 
the regularization parameter (λ), minimizing binomial deviance. This L1-penalized method shrinks non-predictive 
coefficients to zero. Final variable inclusion required consensus between methods: Only features selected by both 
Boruta and LASSO were retained. This stringent intersection strategy prioritized generalizability while mitigating 
overfitting, yielding a refined subset for subsequent modeling.

Model Construction and Comparison
After feature selection, the common variables identified by both the Boruta algorithm and LASSO regression were 
utilized as input predictors for model development. Seven distinct machine learning models—including Random Forest 
(RF), Support Vector Machine (SVM), Naive Bayes (NB), Extreme Gradient Boosting (XGB), Decision Tree (DT), 
K-Nearest Neighbors (KNN), and Light Gradient Boosting Machine (LGBM)—were constructed to predict the risk of 
massive transfusion (MT). In this study, we employed a 10-fold cross-validation methodology for model selection. Model 
performance in the training cohort was comprehensively evaluated using metrics such as the area under the receiver 
operating characteristic curve (AUC), accuracy, sensitivity, specificity, positive predictive value (PPV), and negative 
predictive value (NPV).

Comparative analysis revealed that the RF model outperformed the other algorithms across all main metrics, with the 
highest AUC value (0.862), as well as superior specificity and sensitivity. A pairwise comparison of AUC values across 
models confirmed the statistical superiority of the RF model. The optimal cut-off point for the RF model was determined 
through Youden’s index. The confusion matrix of the RF model illustrated robust discrimination in classifying patients 
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within the training cohort. Subsequently, the trained models were evaluated independently on the testing and external 
validation cohorts. To assess calibration fidelity and clinical utility, we performed calibration curves and decision curve 
analysis (DCA).

The SHAP to Model Interpretation
Interpreting machine learning models presents significant challenges due to their inherent complexity. The SHAP 
(Shapley Additive Explanations) method, grounded in game theory, addresses the “black box” nature of these models 
by quantitatively assessing and ranking the importance of input features in relation to model predictions. By calculating 
the contribution of each feature to individual and overall prediction outcomes, SHAP offers both local and global 
interpretability, thereby enhancing the transparency and comprehensibility of machine learning models, such as the 
Random Forest (RF) model used in this study for predicting massive transfusion risk.

Statistical Analyses
All statistical analyses and data visualizations were performed using R software (version 4.4.2) and JD_DCPM (V6.11, 
Jingding Medical Technology Co., Ltd). Continuous variables were tested for normality using the Shapiro–Wilk test. 
Normally distributed data are reported as mean ± standard deviation and compared via Student’s t-test. Non-normally 
distributed data are presented as median (interquartile range) and analyzed with the Mann–Whitney U-test. Categorical 
variables are expressed as frequencies (percentages) and compared using Chi-square or Fisher’s exact tests (for expected 
counts <5). For machine learning modeling, the caret and randomForest packages were utilized for hyperparameter 
tuning and model training. The pROC package was used to compute AUC and confidence intervals. Significance was set 
at two-sided p < 0.05.

Result
Patient Characteristics for Training, Testing, and External Validation Cohorts
A total of 490 patients were included in the training cohort, 210 in the testing cohort, and 300 in the external validation 
cohort. Baseline characteristics were comparable across cohorts, with no significant differences (all P > 0.05; Table 1). 
Sex distribution was balanced (male: 51.6%, 51.4%, 49.3%), as was the proportion aged ≥70 years (21.4%, 19.0%, 
20.7%). Mean BMI ranged from 24.1 ± 3.4 kg/m2 (testing) to 24.7 ± 3.0 kg/m2 (validation).

Comorbidities and clinical features showed consistency: smoking history (20.0%, 22.9%, 19.0%), diabetes (14.3%, 
17.1%, 14.0%), tachycardia (>100 bpm; 9.8%, 9.5%, 11.0%), and median alcohol consumption (152 [IQR 125–180], 149 
[IQR 122–175], 153 [IQR 126–182] units). Laboratory parameters were similar: median WBC (7.1 [IQR 5.2–9.1], 6.9 
[IQR 4.8–8.9], 7.3 [IQR 5.4–9.3] × 109/L); CRP (5.2 [IQR 2.3–10.0], 4.8 [IQR 2.0–9.4], 5.4 [IQR 2.6–10.9] mg/L); 
D-dimer (1.04 [IQR 0.84–1.33], 1.00 [IQR 0.79–1.30], 1.09 [IQR 0.87–1.41] µg/mL); fibrinogen (3.04 [IQR 2.51–3.52], 
2.96 [IQR 2.46–3.46], 3.11 [IQR 2.57–3.59] µg/mL).

Hematological and hemodynamic indicators were comparable: anemia (hemoglobin <8.0 g/dL; 40.8%, 41.9%, 
40.0%); impaired mental status (9.8%, 10.5%, 10.0%); liver cirrhosis (5.3%, 4.8%, 5.0%); INR >1.5 (31.0%, 32.4%, 
30.0%); hypotension (systolic BP <90 mmHg; 24.9%, 26.7%, 26.0%); hypoalbuminemia (albumin <2.5 g/dL; 2.2%, 
1.9%, 1.7%); ASA classification >2 (25.5%, 24.8%, 26.0%).

The primary outcome of massive transfusion occurred in 19.8% (97/490) of the training cohort, 17.6% (37/210) of the 
testing cohort, and 20.3% (61/300) of the external validation cohort.

Feature Selection
Feature selection was conducted using least absolute shrinkage and selection operator (LASSO) regression and the 
Boruta algorithm to identify the most predictive variables for massive transfusion from an initial set of 18 candidate 
features. The Boruta algorithm, based on random forest importance scoring, confirmed 10 attributes as important through 
iterative comparisons (Figure 1A).LASSO regression minimized binomial deviance across lambda values, selecting 9 key 
attributes as coefficients converged (Figure 1B and C). Overlap analysis identified 8 shared features between the two 
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methods (Figure 1D), which were retained for downstream modeling to ensure predictive power and parsimony. These 
features included liver cirrhosis, international normalized ratio (INR), hemoglobin, impaired mental status, systolic blood 
pressure, heart rate, albumin, and ASA score. As illustrated in Figure S1, the inter-variable correlations were generally 
weak, with the highest absolute correlation coefficient being 0.35, indicating no severe multicollinearity.

Model Development and Performance
Seven machine learning models were developed using the selected features to predict massive transfusion in patients with 
upper gastrointestinal bleeding: decision tree (DT), k-nearest neighbors (KNN), light gradient boosting machine 
(LGBM), naive Bayes (NB), random forest (RF), support vector machine (SVM), and XGBoost. Model hyperparameters 
were optimized via grid search with 5-fold cross-validation on the training cohort to maximize area under the receiver 
operating characteristic curve (AUC).

Performance was evaluated on the training cohort, with RF demonstrating the highest discriminative ability (AUC 
0.862, 95% CI 0.785–0.939), followed by KNN (AUC 0.807, 95% CI 0.752–0.862) and XGBoost (AUC 0.743, 95% CI 
0.678–0.809). Other models showed moderate performance: DT (AUC 0.708, 95% CI 0.641–0.776), SVM (AUC 0.657, 
95% CI 0.586–0.728), NB (AUC 0.643, 95% CI 0.571–0.716), and LGBM (AUC 0.602, 95% CI 0.530–0.673) 
(Figure 2A). Additional metrics for the testing cohort included F1-score (RF: 0.61; KNN: 0.67; DT: 0.55), recall (RF: 
0.75; KNN: 0.73; DT: 0.63), precision (RF: 0.51; KNN: 0.63; DT: 0.49), sensitivity (RF: 0.75; KNN: 0.73; DT: 0.63), 
specificity (RF: 0.85; KNN: 0.73; DT: 0.72), positive predictive value (RF: 0.51; KNN: 0.63; DT: 0.49), and negative 
predictive value (RF: 0.94; KNN: 0.81; DT: 0.82) (Figure 2B). Figure 2C illustrates the comparison of the area under the 
ROC curve among the seven machine learning models. The Random Forest (RF) model achieved the highest AUC, 
indicating the strongest overall discriminative performance. Pairwise comparisons via DeLong’s test revealed significant 
differences, with RF outperforming all others (all P < 0.05 except vs KNN, P = 0.259), while LGBM and NB exhibited 
the lowest AUCs (P < 0.05 vs RF and KNN) (Figure 2D).Based on superior overall performance, the RF model was 
selected for testing,external validation and interpretability analysis.

Feature reduction analysis revealed that the top-performing models—k-nearest neighbors (KNN), random forest (RF), 
XGBoost, and decision tree (DT)—achieved relatively stable discriminatory performance when utilizing eight selected 

Table 1 Baseline Characteristics of the Training, Testing, and External Validation Sets

Variables Training Cohort N=490 Testing Cohort N=210 Validation Cohort N=300 P value

Male, n (%) 253 (51.6%) 108 (51.4%) 148 (49.3%) 0.841
Age≥70 years, n (%) 105 (21.4%) 40 (19.0%) 62 (20.7%) 0.782

BMI, mean (SD), kg/m2 24.5 ± 3.2 24.1 ± 3.4 24.7 ± 3.0 0.118

Smoking, n (%) 98 (20.0%) 48 (22.9%) 57 (19.0%) 0.462
Diabetes, n (%) 70 (14.3%) 36 (17.1%) 42 (14.0%) 0.552

Heart rate>100 bpm,n (%) 48 (9.8%) 20 (9.5%) 33 (11.0%) 0.808

Alcohol consumption, n (%) 152 (125–180) 149 (122–175) 153 (126–182) 0.217
WBC,median(IQR),109/L 7.1 (5.2–9.1) 6.9 (4.8–8.9) 7.3 (5.4–9.3) 0.083

CRP,median(IQR),mg/L 5.2 (2.3–10.0) 4.8 (2.0–9.4) 5.4 (2.6–10.9) 0.101
D-dimer,median(IQR),ug/mL 1.04 (0.84–1.33) 1.00 (0.79–1.30) 1.09 (0.87–1.41) 0.072

Fibrinogen,median(IQR),ug/mL 3.04 (2.51–3.52) 2.96 (2.46–3.46) 3.11 (2.57–3.59) 0.192

Hemoglobin <8.0 g/dL, n (%) 200 (40.8%) 88 (41.9%) 120 (40.0%) 0.902
Impaired mental status, n (%) 48 (9.8%) 22 (10.5%) 30 (10.0%) 0.967

Liver cirrhosis, n (%) 26 (5.3%) 10 (4.8%) 15 (5.0%) 0.976

INR >1.5, n (%) 152 (31.0%) 68 (32.4%) 90 (30.0%) 0.844
SBP<90 mmHg, n (%) 122 (24.9%) 56 (26.7%) 78 (26.0%) 0.254

Albumin<2.5 g/dL, n (%) 11 (2.2%) 4 (1.9%) 5 (1.7%) 0.654

ASA classification>2, n (%) 125 (25.5%) 52 (24.8%) 78 (26.0%) 0.943
MT,n (%) 97 (19.8) 37 (17.6) 61 (20.3) 0.758

Abbreviations: BMI, Body Mass Index; WBC, White Blood Count; CRP, C-reactive protein; INR, International Normalized Ratio; SBP, Systolic Blood 
Pressure; ASA, American Society of Anesthesiologists; MT, massive transfusion.
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features, as evidenced by area under the receiver operating characteristic curve (AUC) values plateauing thereafter 
(Figure 3A). Specifically, for the RF model, key performance metrics including AUC, sensitivity, specificity, and F1- 
score demonstrated consistent stability starting from eight features, with minimal fluctuations observed across increasing 
feature counts up to 18 (Figure 3B). This suggests that an eight-feature subset provides an optimal balance of predictive 
efficacy and model parsimony, minimizing overfitting while maintaining robust generalizability.

Model Performance on Both the Testing and External Validation Sets
The random forest (RF) model demonstrated robust performance on the testing cohort. The area under the receiver 
operating characteristic curve (AUC) was 0.823 (95% CI 0.768–0.879), indicating strong discriminative ability 
(Figure 4A). Calibration was excellent, with a calibration intercept of −0.00 (95% CI −0.31 to 0.31) and a C-statistic 
of 0.82 (95% CI 0.76–0.87), showing close alignment between predicted probabilities and observed outcomes 
(Figure 4B).Decision curve analysis (DCA) confirmed the clinical utility of the RF model, revealing superior net benefit 
across a broad range of threshold probabilities compared to “treat all” and “treat none” strategies (Figure 4C). The model 
yielded positive net benefit at cost-benefit ratios from 1:100 to 10:1, highlighting its practical value in guiding decisions 
for massive transfusion prediction.The confusion matrix for the RF model on the testing cohort illustrated its classifica
tion accuracy, with 25 true positives, 149 true negatives, 24 false positives, and 12 false negatives (Figure 4D). This 
vividly underscores the model’s remarkable effectiveness in accurately identifying patients who are at risk, while 

Figure 1 Feature Selection Process Using Boruta and LASSO Regression. (A) Boruta Variable Importance Plot. (B) LASSO Coefficient Paths. (C) LASSO Cross-Validation 
Curve. (D) Venn diagram showing the intersection of 8 consensus features selected by both the Boruta and LASSO algorithms.The overlapping region represents the 8 key 
features retained for the final model. Labels indicate set sizes: green (Boruta-selected: 10 features), blue (LASSO-selected: 9 features), overlap (shared: 8 features).
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simultaneously minimizing unnecessary interventions, thereby optimizing treatment strategies and reducing healthcare 
costs.

On external validation, the AUC was 0.807 (95% CI 0.748–0.866) with C-statistic 0.81 (95% CI 0.74–0.86), 
calibration intercept ≈ −0.00 (95% CI −0.31 to 0.31) and slope ≈ 1.00 (95% CI 0.72 to 1.28), and higher DCA net 
benefit (thresholds 0.1–0.8, ratios 1:100 to 100:1; Figure 5A–C). The confusion matrix indicated 47 TP, 208 TN, 31 FP, 
and 14 FN (Figure 5D). Overall, the model maintained strong discriminative ability, calibration, and clinical utility, 
excelling in ruling out low-risk cases while identifying high-risk patients for massive transfusion.

Model Interpretability
To elucidate the decision-making process of the random forest model, SHapley Additive exPlanations analysis was 
employed, providing both global and local interpretability. The mean absolute SHAP values highlighted the relative 
importance of the eight selected features, with impaired mental status emerging as the most influential, followed by liver 
cirrhosis and international normalized ratio. Other contributors, in descending order of impact, included systolic blood 
pressure, hemoglobin, albumin, heart rate, and American Society of Anesthesiologists score (Figure 6A). The SHAP 
summary plot further illustrated the directional impact of each feature on model predictions (Figure 6B). Specifically, 
higher values of impaired mental status, liver cirrhosis, and international normalized ratio were associated with positive 
SHAP contributions, thereby increasing the predicted risk of massive transfusion. In contrast, higher values of systolic 

Figure 2 Performance Metrics of Machine Learning Models in the Training Cohort. (A) ROC curves and AUC values for the seven model. (B) ROC curves and AUC values 
for the five model. (C) AUC Display for Seven Machine Learning Models. (D) Pairwise Comparisons of AUCs Among Seven Machine Learning Models.
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blood pressure, hemoglobin and albumin corresponded to negative SHAP contributions, decreasing the predicted risk, 
which implies that lower levels of these features elevate risk. Features such as heart rate, and American Society of 
Anesthesiologists score also exhibited positive SHAP contributions, with higher values increasing risk, albeit with 
relatively smaller overall influence compared to the top features. This interpretable framework underscores the model’s 
transparency, facilitating clinical adoption by linking predictions to physiologically relevant risk factors.

Discussion
In this multicenter retrospective study, we developed and validated an explainable machine learning (ML) model for 
predicting massive transfusion (MT) risk in patients with upper gastrointestinal bleeding (UGIB). Utilizing a dual feature 
selection strategy combining the Boruta algorithm and least absolute shrinkage and selection operator (LASSO) 
regression, we identified 8 consensus variables from an initial set of 18 clinical features. Seven ML algorithms were 
compared, with the random forest (RF) model demonstrating superior performance, achieving an area under the receiver 
operating characteristic curve (AUC) of 0.823 (95% CI 0.768–0.879) in the internal testing cohort (n=210) and 0.807 
(95% CI 0.748–0.866) in the external validation cohort (n=300). The model showed strong performance on the training 

Figure 3 Impact of Feature Reduction on Model Performance. (A) AUCs of the Top 4 Best-Performing ML Models with Varied Numbers of Features. (B) AUC, Sensitivity, 
Specificity, and F1-Score for the RF Model with Varying Numbers of Features. Across the top-performing models, AUC values stabilize at 8 features, with the RF model 
achieving optimal and consistent performance in AUC, sensitivity, specificity, and F1-score at this point.
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cohort (AUC 0.862), with minimal overfitting evident in validation. Calibration was excellent, with intercepts near 0 and 
slopes near 1 in both validation cohorts, while decision curve analysis (DCA) indicated substantial net clinical benefit 
across threshold probabilities of 0.1–0.8. SHapley Additive exPlanations (SHAP) analysis enhanced interpretability, 
identifying impaired mental status, liver cirrhosis, and international normalized ratio (INR) as the most influential 
predictors. These results highlight the efficacy of explainable ML in providing robust, generalizable risk stratification 
for MT in UGIB, potentially surpassing traditional methods and supporting timely clinical decisions.

Our findings build on prior applications of ML in hemorrhage prediction, where models like RF have shown 
advantages in handling complex, nonlinear data interactions compared to logistic regression. For example, studies in 
trauma and surgical cohorts have reported AUC values of 0.80–0.90 for transfusion risk models using RF or gradient 
boosting, aligning with our RF model’s validation performance.13 However, UGIB-specific ML models remain under
represented; a recent single-center study using RF for rebleeding prediction achieved an AUC of approximately 0.82 but 
was limited by lack of external validation and interpretability.14 In contrast, our multicenter design, encompassing 1000 
patients across two institutions, along with rigorous external validation, addresses these shortcomings. The RF model’s 
superiority over alternatives in our comparative analysis underscores its robustness for binary classification tasks in 
heterogeneous UGIB populations. Furthermore, conventional tools such as the Glasgow-Blatchford Score (GBS) and 
Rockall Score typically yield AUCs of 0.70–0.80 for bleeding severity but lack specificity for MT and integration of 

Figure 4 RF mode evaluation in testing cohort. (A) Testing set ROC curves and AUC values. (B) Calibration curve of the testing set. (C) Analysis of decision curves for the 
test cohort. (D) Confusion matrix of the RF model in testing set.
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dynamic factors like mental status or INR.9,15 The enhanced discriminative power of our model suggests that ML can 
better capture multifaceted UGIB pathophysiology, including hemodynamic instability and coagulopathy.

SHAP interpretability revealed clinically intuitive feature contributions, with impaired mental status as the top 
predictor, reflecting its association with severe hypoperfusion and shock in UGIB. Liver cirrhosis and elevated INR 
ranked next, consistent with evidence linking portal hypertension, coagulopathy, and anticoagulation to exacerbated 
bleeding and transfusion needs.16,17 Other key features, such as low systolic blood pressure, hemoglobin, and albumin, 
along with high heart rate and American Society of Anesthesiologists (ASA) score, align with markers of acute blood 
loss, tissue hypoperfusion, and overall frailty.18,19 These findings help overcome the “black box” problem in machine 
learning, where models can seem mysterious and hard to explain.20 This allows doctors to connect predictions to factors 
they can change, such as quickly fixing blood clotting issues or stabilizing a patient’s blood flow, and could reduce 
complications from massive transfusions like overload in the circulatory system.21 The model’s high negative predictive 
value and DCA net benefits support its utility for ruling out low-risk patients, optimizing resource allocation in 
emergency settings, and minimizing overtreatment.22,23 In resource-limited environments, this could translate to 
improved survival by facilitating proactive blood product preparation without unnecessary interventions.24–26 From 
a practical clinical workflow perspective, this explainable ML model holds significant potential to serve as an automated 
triage tool within the Emergency Department. Upon a patient’s arrival, the eight accessible variables could be auto- 
populated from the Electronic Health Record or quickly input by triage nurses. For patients flagged as “high-risk” for 

Figure 5 RF mode evaluation in external validation cohort. (A) External validation set ROC curves and AUC values. (B) Calibration curve of the external validation set. 
(C) Decision curve analysis of the external validation set (D) Confusion matrix of the RF model in the external validation set.
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massive transfusion, the model could trigger an automated alert to the blood bank to prepare cross-matched blood 
products immediately, bypassing the typical delay associated with manual ordering. Furthermore, the interpretability 
provided by SHAP values aids in tailoring early intervention strategies. For instance, if the model identifies elevated INR 
and liver cirrhosis as dominant risk drivers for a specific patient, clinicians can prioritize the early administration of 
plasma or prothrombin complex concentrates alongside red blood cells, rather than solely focusing on volume resuscita
tion. This shift from reactive to proactive management is critical, as reducing the time to the first transfusion unit is 
strongly correlated with improved survival in hemorrhagic shock.

A key strength of this study is the external validation performed in an independent hospital; however, we acknowl
edge potential differences in demographics and clinical practices that could influence model generalizability.Firstly, 
referral biases may lead to variations in patient case-mix. For instance, tertiary referral centers often manage patients with 
higher acuity, such as those with advanced liver cirrhosis or complex malignancies, compared to community hospitals. 
Secondly, and perhaps more importantly, clinical variations in transfusion practices exist between institutions. Although 
guidelines recommend restrictive transfusion strategies for UGIB, the specific threshold for triggering a Massive 
Transfusion Protocol may depend on local resources, blood bank availability, and physician preferences. Notably, despite 
these potential disparities, our model demonstrated robust performance in the external cohort (AUC=0.807). This 
suggests that the selected predictors capture the core physiological derangements associated with severe hemorrhage, 
rendering the model resilient to institution-specific variations and supporting its potential for broader clinical application.

Despite these advancements, limitations must be acknowledged. The retrospective design, reliant on electronic medical 
records, may introduce selection bias or missing data, though mitigated by strict inclusion criteria and data preprocessing. 
The analysis may be influenced by potential unmeasured confounding factors, including detailed pre-hospital medication 
history or variations in endoscopic timing. Although we employed multivariate feature selection methods (LASSO and 
Boruta) to mitigate these effects, the possibility of residual confounding remains. Our cohorts, totaling 1,000 patients from 
Chinese hospitals, may not fully represent global populations with varying ethnicities, comorbidities, or healthcare practices; 
international validation is warranted. The moderate sample size restricted subgroup analyses, and while SHAP provides 
associational insights, it does not infer causality. Finally, real-time implementation requires prospective testing to evaluate 

Figure 6 SHAP analysis of the RF model. (A) Mean absolute SHAP values corresponding to each clinical attribute. (B) SHAP values depicting the impact of various clinical 
characteristics on the model’s output.
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workflow integration and long-term outcomes. While retrospective analysis confirms theoretical accuracy, prospective 
validation is indispensable to test the model’s robustness under the dynamic constraints of real-time emergency care 
where data availability may be fragmented. Such studies are also crucial for evaluating human factors, particularly whether 
clinicians trust and adhere to algorithmic alerts or if practical barriers like alert fatigue diminish the tool’s utility. Ultimately, 
only prospective assessment can definitively prove whether this AI integration translates into tangible clinical benefits, 
including reduced time-to-transfusion and improved survival rates compared to standard practice. We acknowledge the 
potential concern regarding the class imbalance in our dataset, where massive transfusion events occurred in approximately 
20% of cases. While severe imbalance can lead to models that favor the majority class, our analysis suggests the model 
remained robust.First, by rigorously reducing the feature space to 8 consensus predictors, we maintained a favorable Events 
Per Variable (EPV) ratio of >12 in the training set (97 events/8 features), surpassing the widely accepted threshold of 10 
required to minimize overfitting and estimation bias.Second, performance metrics in the external validation cohort confirmed 
that the model did not ignore the minority class; it achieved a sensitivity of 77% (47/61) and a high negative predictive value, 
ensuring that high-risk patients were effectively identified.Finally, the 20% prevalence in our cohort aligns with real-world 
clinical epidemiology for UGIB. Preserving this natural distribution allows for better calibration and more realistic 
probability estimates in clinical practice compared to models trained on artificially balanced datasets.

In summary, this study developed and externally validated a machine learning-based nomogram for predicting massive 
transfusion in patients with UGIB. By integrating eight routine clinical and laboratory variables, the model demonstrated robust 
discrimination and calibration in both the training and external validation cohorts. Rather than replacing clinical judgment, this 
tool is intended to serve as an adjunctive decision aid, potentially helping physicians to identify high-risk patients earlier and 
allocate blood resources more rationally. Although the results are encouraging, large-scale, multicenter prospective studies are 
warranted to further verify the model’s generalizability and to assess its actual impact on patient outcomes before widespread 
clinical adoption.
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