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Abstract: 

Background: Heart failure (HF) is a leading cause of morbidity and mortality in intensive care 

units (ICUs). While echocardiography is routinely used for prognosis, critical predictors 

distinguishing survivors from non-survivors remain poorly defined across diverse clinical settings. 

Machine learning (ML) offers potential to improve risk stratification by identifying key mortality 

determinants. 

Methods: In this retrospective study, we analyzed data from two large ICU databases: MIMIC-IV 

and eICU. Adult patients (>18 years) with HF who underwent echocardiographic evaluation 

during their ICU stay were included. After feature selection using the Boruta algorithm, we 

developed and compared 17 ML models to predict in-hospital mortality, including Random Forest 

(RF), Extreme Gradient Boosting (XGBoost), Logistic Regression (LR) and others. Models were 

internally validated on a test subset of MIMIC-IV data and externally validated on the eICU cohort. 

Model performance was assessed using the area under the receiver operating characteristic curve 

(AUC), sensitivity, specificity, and decision curve analysis (DCA). SHapley Additive exPlanations 

(SHAP) was applied to identify and rank key mortality predictors. 

Results: A total of 3,485 patients were included, with 2,738 from the MIMIC-IV database and 747 

from the eICU database. Thirty-two potential predictors were identified through screening using 

the Boruta algorithm. Receiver operating characteristic (ROC) curves analysis showed that the RF 

model consistently demonstrated superior performance across all validation sets and achieved the 

highest AUC (0.940) in the combined MIMIC-IV and eICU datasets. SHAP algorithm analysis 

revealed that the clinical features with the greatest impact on model outputs were SAPS II score, 

OASIS score, SOFA score, age, white blood cell count within the first 24 hours, and first 24-hour 

blood urea nitrogen. Clinical interpretability analysis indicated that the positive contributions 

(SHAP values) of these features were 0.115, 0.090, 0.084, 0.046, 0.035, and 0.015, respectively, 

demonstrating the model's good granularity and transparency in individualized prediction. 

Conclusions: This study compared 17 prediction models, among which the RF model 

demonstrated the best predictive performance for mortality in HF patients within the ICU, and 

may assist clinicians in identifying and managing high-risk HF patients. 
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Introduction 

Heart failure (HF), also known as congestive heart failure, represents the 

terminal progression of cardiovascular diseases, with primary clinical 

manifestations including dyspnea, fluid retention, and fatigue[1]. Designated as an 

emerging epidemic in 1997, HF imposes a $108 billion annual economic burden 

worldwide due to its high morbidity, hospitalization rates, and mortality, and has 

become a critical public health concern[2, 3]. Studies indicate that global HF 

cases reached 56.5 million in 2021, predominantly affecting elderly populations, 

with patients over 75 years old accounting for 20% [3-5]. Notably, HF patients 

requiring hospitalization often need intensive care unit (ICU) admission for 

advanced monitoring, yet ICU-admitted HF patients maintain elevated mortality 

rates[6]. Reported in-hospital mortality reaches 10.6% for ICU-managed HF 

patients versus 4.0% for general HF patients [7], which underscores the urgent 

need for early mortality prediction in ICU HF patients to guide clinical 

decision-making.  

Given HF's complex etiology, severe progression, and poor prognosis, recent 

research prioritizes risk prediction and assessment[8]. As a portable, non-invasive 

imaging technique without radiation exposure, echocardiography (Echo) has 

emerged as the gold standard for HF diagnosis and prognosis assessment[9]. 

However, limitations persist in echo's prognostic utility, including operator 

dependency, indirect assessment of diastolic function, and diagnostic constraints 

in specific etiologies (e.g., overemphasis on left ventricular parameters while 

neglecting right ventricular indices)[10-12]. Integrating demographic 

characteristics, comorbidities, and multimodal imaging parameters (e.g., 

continuous maximum scores from advanced imaging techniques), and leveraging 

these integrated factors through the development of robust identification tools, 

could provide a more comprehensive approach to address echocardiography's 

limitations while significantly enhancing the accuracy of heart failure diagnosis 

and prognosis prediction[11, 13-15]. Therefore, developing precise diagnostic and 

prognostic tools remains imperative to reduce HF mortality and improve clinical 

risk stratification.  

Recent advances demonstrate artificial intelligence (AI)'s potential in 

enhancing echocardiographic diagnosis, treatment optimization, and risk 
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prediction[16-18]. Machine learning (ML), a key subset of AI, processes 

high-volume multimodal data, outperforming traditional statistical methods in 

prognostic accuracy and predictive factor identification[19-22]. Emerging studies 

apply ML to Echo-based mortality prediction in cardiovascular patients[23]. 

Studies have shown that echo-derived ML models significantly improve 

sensitivity in 1-year all-cause mortality prediction, demonstrating robust 

performance in internal/external validations (area under the receiver operating 

characteristic, AUC: 75%-92%) for automated clinical risk stratification[24, 25]. 

Nevertheless, despite promising accuracy, few existing ML models undergo 

independent cohort validation, with limited reports on ICU HF mortality 

prediction models.  

To address the critical challenge of predicting HF mortality in ICU, this 

study focused on high-risk adult ICU patients with HF diagnosed by echo and 

comparatively analyzed 17 ML models to develop a mortality prediction model 

integrating echo assessments, clinical characteristics, and clinical interventions. 

Leveraging two large independent databases (MIMIC-IV and eICU) to obtain 

representative data, we employed the Boruta algorithm for objective feature 

selection, compared 17 ML models to mitigate selection bias, and ensured model 

robustness through internal and external validation. Additionally, SHAP (SHapley 

Additive exPlanations) analysis was applied to quantify the contribution of 

predictive variables, systematically advancing early identification and prognostic 

improvement for high-risk HF patients. 

 

 

Data and Methods 

Data Source and Study Population 

This retrospective study utilized two large-scale ICU databases: the 

MIMIC-IV v3.1 and the eICU Collaborative Research Database. MIMIC-IV is a 

single-center database containing de-identified health data associated with 

approximately 40,000 patients who stayed in ICUs at the Beth Israel Deaconess 

Medical Center between 2008 and 2019. The eICU database is a multi-center 

database comprising data from over 200,000 ICU patients admitted to 335 units at 

208 hospitals across the United States between 2014 and 2015. 

The study cohort comprised adult patients (>18 years) with a diagnosis of HF 

who underwent echo-evaluation during their ICU stay. HF was identified using 

International Classification of Diseases, 9th Revision (ICD-9) code 428.0 in 

MIMIC-IV and corresponding ICD-9 or ICD-10 codes (428.0 or I50.9) in eICU. 

Echo evaluations were identified through procedural codes and treatment records. 

To ensure data quality and clinical relevance, we applied the following exclusion 

criteria: (1) non-first ICU admissions, (2) patients aged 18 years or younger, and 

(3) ICU length of stay less than 24 hours. The research design is shown in Fig. 1. 
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Fig. 1 Study design and patient selection flowchart 

 

Data Extraction and Preprocessing 

Data were extracted using structured query language (SQL) queries through 

PostgreSQL database connections. For MIMIC-IV, we first identified patients 

with HF diagnoses and echocardiographic assessments, then joined relevant tables 

to collect demographic information, clinical measurements, laboratory values, and 

outcomes. A similar approach was applied to the eICU database. The primary 

outcome was hospital mortality. 

Extracted variables included demographic characteristics (age, gender, race), 

anthropometric measurements (height, weight, BMI), severity scores (SAPS II, 

OASIS, SOFA, GCS, Charlson comorbidity index), clinical interventions 

(mechanical ventilation, renal replacement therapy, and vasopressor use), 

comorbidities (atrial fibrillation, diabetes mellitus, renal disease, liver disease, 

chronic obstructive pulmonary disease, coronary artery disease, stroke, 

malignancy), vital signs (MAP, heart rate, temperature, respiratory rate, oxygen 

saturation), and laboratory values (complete blood count, electrolytes, renal and 

liver function tests, blood gases, lactate). 
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Missing values were addressed using multiple imputation by chained 

equations. For each variable type, appropriate imputation methods were applied: 

predictive mean matching for continuous variables, logistic regression (LR) for 

binary variables, and multinomial LR for categorical variables with more than two 

levels. Five imputed datasets were generated, and the results were aggregated by 

taking the mean for continuous variables and the mode for categorical variables. 

Variables with more than 20% missing values were excluded from the analysis. 

 

Feature Selection 

To identify the most relevant predictors of hospital mortality, we employed 

the Boruta algorithm, a RF-based feature selection method. Boruta works by 

comparing the importance of original attributes with that of their randomly 

permuted copies (shadow features) and progressively eliminating irrelevant 

features. This approach helps identify all features that are statistically significant 

for prediction, rather than selecting a minimal optimal subset. 

The algorithm was run with 100 iterations and a significance level of 0.01. 

Features were categorized as "Confirmed" (significantly better than random), 

"Tentative" (possibly relevant), or "Rejected" (not significantly better than 

random). For our main analysis, we retained features confirmed as important by 

the Boruta algorithm to reduce dimensionality and mitigate the risk of overfitting. 

 

Machine Learning Models 

We implemented and compared 17 different ML algorithms to predict 

hospital mortality: Random Forest (RF); Extreme Gradient Boosting (XGBoost); 

Logistic Regression (LR); Support Vector Machine with Radial Basis Function 

Kernel (SVM); Neural Network (NN); Gradient Boosting Machine (GBM); Naive 

Bayes (NB); Linear Discriminant Analysis (LDA); K-Nearest Neighbors (KNN); 

Classification and Regression Trees (CART); Adaptive Boosting (AdaBoost); 

Least Absolute Shrinkage and Selection Operator (LASSO); Multivariate 

Adaptive Regression Splines (MARS); C5.0 Decision Tree (C5.0); Partial Least 

Squares (PLS); Conditional Inference Trees (CIT); Generalized Linear Model 

Boosting (GLMBoost). 

All models were trained using the caret package in R with repeated 5-fold 

cross-validation (repeated 3 times) to optimize hyperparameters. The area under 

the receiver operating characteristic curve (AUC) was used as the primary metric 

for hyperparameter tuning. The MIMIC-IV dataset was split into training (70%) 

and internal validation (30%) sets, while the entire eICU dataset was reserved for 

external validation. 
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Model Evaluation 

The performance of each model was evaluated using several metrics: 

Discrimination: AUC with 95% confidence intervals; Calibration: Calibration 

plots comparing predicted probabilities with observed outcomes; Classification 

metrics: Sensitivity, specificity, accuracy, positive predictive value (PPV), and 

negative predictive value (NPV). Models were evaluated on five different datasets: 

MIMIC-IV training set, MIMIC-IV testing set, entire MIMIC-IV cohort, eICU 

external validation set, and combined MIMIC-IV and eICU dataset. We also 

performed decision curve analysis (DCA) to assess the clinical utility of each 

model across a range of threshold probabilities. 

 

Model Interpretability Analysis 

To understand the key factors driving mortality predictions, we applied the 

SHAP method to the best-performing model based on overall AUC. SHAP values 

provide a unified measure of feature importance based on game-theoretic concepts 

and offer several advantages over traditional feature importance metrics:They are 

consistent and locally accurate; They satisfy the missingness property (features 

with no impact have zero SHAP values); They provide both global feature 

importance and local explanations for individual predictions. We calculated 

SHAP values using the kernelshap package in R, which implements kernel SHAP, 

a model-agnostic approach that can be applied to any ML algorithm. The SHAP 

analysis was performed separately on each dataset (MIMIC-IV training, 

MIMIC-IV testing, entire MIMIC-IV, eICU, and combined data) to assess the 

SHAP values of features and consistency of feature importance across different 

cohorts. SHAP dependency plots: Visualizing the relationship between feature 

values and their impact on predictions; SHAP beeswarm plots: Displaying the 

distribution of SHAP values for each feature; Waterfall plots: Showing how each 

feature contributes to individual predictions. 

 

Statistical Analysis 

Baseline characteristics were compared between databases and between 

survival and non-survival groups using appropriate statistical tests. Continuous 

variables were presented as median (interquartile range) and compared using the 

Mann-Whitney U test due to non-normal distributions. Categorical variables were 

presented as counts (percentages) and compared using the chi-square test or 

Fisher's exact test as appropriate. A two-sided p-value <0.05 was considered 

statistically significant. All analyses were performed using R version 4.4.2 with 

the following packages: caret, randomForest, XGBoost, e1071, nnet, gbm, klaR, 

rpart, kernelshap, shapviz, pROC, DALEX, and Boruta. 
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Results 

Study Cohort and Baseline Characteristics 

This study screened adult HF patients who underwent echo-evaluation from 

two ICU databases (MIMIC-IV and eICU), ultimately enrolling 3,485 patients: 

2,738 from MIMIC-IV and 747 from eICU (Fig. 1). Baseline characteristics were 

compared between the databases (Table 1). The overall cohort had a median age 

of 73 years (IQR: 62-82), median weight of 80.30 kg (IQR: 67.00-96.93), with 

males slightly predominant (55.9%). Caucasians constituted the majority (69.8%), 

while Asians represented the smallest group (2.2%). Compared to eICU, 

MIMIC-IV patients were older (73 vs. 70 years, p < 0.001), lighter (79.51 vs. 

85.00 kg, p < 0.001), and exhibited higher severity scores (SAPS II, OASIS, 

Charlson Comorbidity Index, all p < 0.001). MIMIC-IV patients also showed 

higher compliance rate of Sepsis 3.0 criteria (67.2% vs. 49.5%, p < 0.001) and 

vasopressor usage (43.5% vs. 15.3%, p < 0.001), but lower mechanical ventilation 

rates (47.0% vs. 54.5%, p < 0.001). No significant differences were observed in 

gender distribution, ethnicity, or laboratory parameters (sodium, potassium, 

creatinine; p > 0.05). The hospital mortality in MIMIC-IV Database and eICU 

Database was shown in Supplementary Table S1 and Supplementary Table S2.  

 

 

Table 1. Comparison of Baseline Characteristics Between MIMIC-IV and eICU Databases 

Characteristics Level Overall (n=3485) eICU (n=747) 
MIMIC-IV 

(n=2738) 
P-value SMD 

Age (years) (M [Q1,Q3])  73.00 [62.00, 82.00] 70.00 [60.00, 79.00] 73.00 [63.00, 82.00] <0.001 0.270 

Gender Female 1538 (44.1) 330 (44.2) 1208 (44.1) 1.000 0.001 

 Male 1947 (55.9) 417 (55.8) 1530 (55.9)   

Race Asian 77 (2.2) 9 (1.2) 68 (2.5) 0.001 0.171 

 

Black 397 (11.4) 113 (15.1) 284 (10.4)   

Other 579 (16.6) 113 (15.1) 466 (17.0)   

White 2432 (69.8) 512 (68.5) 1920 (70.1)   

Weight (kg) (M [Q1,Q3])  80.30 [67.00, 96.93] 
85.00 [70.45, 

104.30] 
79.51 [66.41, 95.10] <0.001 0.258 

SAPS II score (M [Q1,Q3])  39.00 [31.00, 49.00] 32.00 [24.00, 43.00] 41.00 [33.00, 50.00] <0.001 0.509 

OASIS score (M [Q1,Q3])  33.00 [26.00, 39.00] 26.00 [21.00, 34.00] 34.00 [28.00, 40.00] <0.001 0.683 

SOFA score (M [Q1,Q3])  5.00 [3.00, 8.00] 6.00 [4.00, 8.00] 5.00 [3.00, 8.00] 0.021 0.067 

GCS score (M [Q1,Q3])  15.00 [13.00, 15.00] 14.40 [11.00, 15.00] 15.00 [14.00, 15.00] <0.001 0.296 

Charlson comorbidity index (M 

[Q1,Q3]) 
 6.00 [5.00, 8.00] 5.00 [3.00, 7.00] 7.00 [5.00, 8.00] <0.001 0.726 

Sepsis-3 criteria met No 1275 (36.6) 377 (50.5) 898 (32.8) <0.001 0.364 
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Characteristics Level Overall (n=3485) eICU (n=747) 
MIMIC-IV 

(n=2738) 
P-value SMD 

 Yes 2210 (63.4) 370 (49.5) 1840 (67.2)   

Mechanical ventilation No 1792 (51.4) 340 (45.5) 1452 (53.0) <0.001 0.151 

 Yes 1693 (48.6) 407 (54.5) 1286 (47.0)   

Renal replacement therapy No 3313 (95.1) 704 (94.2) 2609 (95.3) 0.283 0.047 

 Yes 172 (4.9) 43 (5.8) 129 (4.7)   

Vasopressor use No 2180 (62.6) 633 (84.7) 1547 (56.5) <0.001 0.652 

 Yes 1305 (37.4) 114 (15.3) 1191 (43.5)   

Sedative use No 2096 (60.1) 609 (81.5) 1487 (54.3) <0.001 0.610 

 Yes 1389 (39.9) 138 (18.5) 1251 (45.7)   

Heart failure Yes 3485 (100.0) 747 (100.0) 2738 (100.0) NA <0.001 

Atrial fibrillation No 1721 (49.4) 384 (51.4) 1337 (48.8) 0.228 0.052 

 Yes 1764 (50.6) 363 (48.6) 1401 (51.2)   

Diabetes mellitus No 2077 (59.6) 403 (53.9) 1674 (61.1) <0.001 0.146 

 Yes 1408 (40.4) 344 (46.1) 1064 (38.9)   

Renal disease No 2231 (64.0) 523 (70.0) 1708 (62.4) <0.001 0.162 

 Yes 1254 (36.0) 224 (30.0) 1030 (37.6)   

Liver disease No 3267 (93.7) 715 (95.7) 2552 (93.2) 0.015 0.110 

 Yes  218 (6.3) 32 (4.3) 186 (6.8)   

COPD No 2642 (75.8) 475 (63.6) 2167 (79.1) <0.001 0.349 

 Yes  843 (24.2) 272 (36.4)  571 (20.9)   

Coronary artery disease No 1602 (46.0) 185 (24.8) 1417 (51.8) <0.001 0.578 

 Yes 1883 (54.0) 562 (75.2) 1321 (48.2)   

Stroke No 3117 (89.4) 638 (85.4) 2479 (90.5) <0.001 0.158 

 Yes  368 (10.6) 109 (14.6) 259 (9.5)   

Malignancy No 2985 (85.7) 640 (85.7) 2345 (85.6)  1.000 0.001 

 Yes  500 (14.3) 107 (14.3) 393 (14.4)   

MAP (mmHg) (M [Q1,Q3])  79.00 [67.00, 92.00] 83.00 [70.00, 98.00] 78.00 [67.00, 90.00] <0.001 0.273 

Hr (bpm) (M [Q1,Q3])  88.00 [75.00, 104.00] 
89.00 [75.50, 

105.00] 
88.00 [75.00, 103.00] 0.940 0.007 

Temperature (°C) (M [Q1,Q3])  36.61 [36.22, 37.00] 36.70 [36.39, 37.00] 36.56 [36.17, 37.00] <0.001 0.114 

Rr (breaths/min) (M [Q1,Q3])  20.00 [16.00, 24.00] 20.00 [17.00, 25.00] 20.00 [16.00, 24.00] <0.001 0.175 

SpO₂ (M [Q1,Q3])  97.00 [94.00, 100.00] 97.00 [94.00, 99.00] 97.00 [94.00, 100.00] 0.068 0.061 

WBC count (×10⁹/L) (M 

[Q1,Q3]) 
 10.80 [7.80, 14.80] 10.30 [7.70, 14.05] 10.90 [7.80, 15.10] 0.036 0.082 

Hb (g/dL) (M [Q1,Q3])  10.40 [9.00, 12.00] 11.00 [9.60, 12.30] 10.23 [8.90, 11.80] <0.001 0.298 

PLT (×10⁹/L) (M [Q1,Q3])  
205.00 [148.00, 

271.00] 

197.00 [148.00, 

255.90] 

208.00 [148.25, 

276.75] 
0.004 0.169 

Sodium (mmol/L) (M [Q1,Q3])  138.00 [135.00, 138.00 [135.00, 138.00 [134.00, 0.392 0.057 
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Characteristics Level Overall (n=3485) eICU (n=747) 
MIMIC-IV 

(n=2738) 
P-value SMD 

141.00] 141.00] 141.00] 

Potassium (mmol/L) (M 

[Q1,Q3]) 
 4.20 [3.80, 4.70] 4.10 [3.70, 4.60] 4.20 [3.80, 4.70] 0.002 0.135 

Bicarbonate (mmol/L) (M 

[Q1,Q3]) 
 24.00 [21.00, 28.00] 25.10 [22.00, 29.00] 24.00 [21.00, 27.00] <0.001 0.330 

Chloride (mmol/L) (M 

[Q1,Q3]) 
 

103.00 [99.00, 

107.00] 

102.00 [98.00, 

106.00] 

103.00 [99.00, 

107.00] 
<0.001 0.145 

BUN (mg/dL) (M [Q1,Q3])  29.00 [19.00, 45.00] 27.00 [19.00, 43.00] 29.00 [19.00, 46.00] 0.032 0.090 

Creatinine (mg/dL) (M 

[Q1,Q3]) 
 1.30 [0.90, 2.05] 1.31 [0.92, 2.02] 1.30 [0.90, 2.10] 0.613 0.015 

Note: median, M ;interquartile range, IQR; Quartile 1, Q1; Quartile 3, Q3; chronic obstructive 

pulmonary disease, COPD; mean arterial pressure, MAP;Heart rate, HR; Respiratory rate, Rr; 

white blood cell, WBC; Hemoglobin, Hb; Platelet count, PLT; blood urea nitrogen, BUN. 

 

 

 

Feature Selection and Correlation Analysis 

The Boruta algorithm was employed to screen initial features, identifying 32 

"confirmed" features (Fig. 2A). The feature importance rankings indicated that the 

SAPS II score was the top contributor, followed by OASIS score, SOFA score, 

first 24-hour BUN, and GCS. Other significant features included first 24-hour 

creatinine, bicarbonate (HCO₃⁻), systolic blood pressure (SBP), and MAP. 

Additionally, the Charlson Comorbidity Index, age, body temperature, WBC, and 

vasoactive medication use (e.g., vasopressin, norepinephrine) were confirmed as 

important predictors. In the MIMIC-IV dataset (Fig. 2B), correlation analysis 

among confirmed important features revealed the strongest correlation between 

MAP and diastolic blood pressure (DBP) (r = 0.866, p < 0.001), followed by 

mechanical ventilation and sedative use (r = 0.834, p < 0.001) and 

midazolam-fentanyl co-administration (r = 0.760, p < 0.001). These results 

revealed significant associations between clinical interventions and vital signs. In 

the eICU dataset (Fig. 2C), correlation analysis similarly identified MAP-DBP as 

the strongest correlation (r = 0.894, p < 0.001), followed by MAP-SBP (r = 0.773, 

p < 0.001). Furthermore, SAPS II and OASIS scores exhibited strong correlation 

(r = 0.765, p < 0.001), indicating consistency across disease severity scoring 

systems. 
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Fig. 2 Feature selection and correlation analysis.  

(A) Boruta algorithm analysis identifying confirmed and tentative important features for predicting 

mortality in CHF patients with echocardiographic evaluation. (B) Correlation matrix of confirmed 

features in the MIMIC-IV dataset. The lower triangle displays correlation coefficients with 

significance levels (*p < 0.05, **p < 0.01, ***p < 0.001), while the upper triangle shows 

numerical correlation values. (C) Correlation matrix of confirmed features in the eICU dataset. 

The lower triangle displays correlation coefficients with significance levels (*p < 0.05, **p < 0.01, 

***p < 0.001), while the upper triangle shows numerical correlation values. 
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Model performance evaluation  
We compared 17 ML models for predicting in-hospital mortality among ICU 

patients. All models showed acceptable predictive capabilities, with the RF model 

exhibiting optimal performance. In the MIMIC-IV training set, the RF model 

achieved an AUC of 1.000 (Fig. 3A). In the MIMIC-IV test set, both RF and 

GBM showed the highest AUC of 0.778 (Fig. 3B). For the external validation set 

(eICU), the LR model performed best with an AUC of 0.782 (Fig. 3C), 

demonstrating robust generalization capability. When evaluated on the entire 

MIMIC-IV dataset, RF again demonstrated exceptional performance (AUC = 

0.969; Fig. 3D), confirming its effectiveness with large-scale single-center data. 

Cross-dataset integrated analysis (MIMIC + eICU) ultimately revealed RF's 

superior stability and performance (highest AUC = 0.940; Fig. 3E). These results 

strongly support our proposed prediction model and establish RF as the 

benchmark for in-hospital mortality prediction. 
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Fig. 3 ROC curves for all machine learning models across different datasets. 

(A) ROC curves for the MIMIC-IV training cohort. (B) ROC curves for the MIMIC-IV testing 

cohort (internal validation). (C) ROC curves for the eICU cohort (external validation). (D) ROC 

curves for the entire MIMIC-IV dataset. (E) ROC curves for the combined MIMIC-IV and eICU 

datasets. 
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Model Interpretability Analysis  
This study employed the SHAP method to systematically evaluate the global 

feature importance of the model. The contribution ranking of key features across 

multiple datasets (Fig. 4A) showed that SAPS II score, OASIS score, and SOFA 

score ranked in the top three, indicating the core role of disease severity scores in 

predicting in-hospital mortality. Additionally, age, first 24-hour WBC, and first 

24-hour BUN values also demonstrated significant contributions, further 

validating the importance of these features in clinical practice. Notably, the high 

consistency in the ranking of these key features across different datasets 

highlights the stability and reliability of the model. 

 

Through SHAP dependence plots (Fig. 4B), an in-depth analysis was 

conducted on the relationship between major mortality predictors and model 

outputs. The results showed that when the SAPS II score was below 45, the SHAP 

value was negative; after exceeding 45, the mortality risk rapidly increased with 

higher scores, and the rate of increase slowed down after 60. The relationship 

between SOFA score and mortality risk exhibited a similar trend: when the score 

exceeded 8, mortality risk was positively correlated with the score; however, 

when the score surpassed 15, the mortality risk decreased. For the OASIS score, 

an increase in the score was negatively correlated with mortality risk below 20; 

between 20 and 40, SHAP values remained negative; after exceeding 40, 

mortality risk gradually rose, peaked around 50, followed by a slight decline, and 

rose again after 60. As a predictor, age showed a significant increase in mortality 

risk for patients over 70 years old. The trend of first 24-hour WBC first decreased 

and then increased, peaking at 25 × 10⁹/L before gradually declining. Higher first 

24-hour BUN values were overall associated with increased mortality risk, further 

indicating a high consistency between the clinical significance of these features 

and the model's predictions. 
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Fig. 4 Model interpretability analysis using SHAP.  

(A) Comparative feature importance across different datasets, with features ranked by mean 

absolute SHAP value. Bars represent the contribution of each feature to the model prediction 

across datasets. (B) SHAP dependence plots for the top six mortality predictors, illustrating the 

relationship between feature values (x-axis) and their impact on model output (y-axis). Higher 

SHAP values indicate increased mortality risk. (C) Waterfall plot for a representative patient case, 

demonstrating how each feature contributes to the final prediction. 
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To further enhance the clinical interpretability of the model, this study used a 

waterfall plot to illustrate the prediction process for a representative patient, 

detailing the contributions of each feature to the final prediction outcome (Fig. 

4C). Taking an 80-year-old patient as an example, with SAPS II score of 68, 

OASIS score of 49, SOFA score of 16, Charlson Comorbidity Index of 10, WBC 

of 18.6 × 10⁹/L, and blood urea nitrogen of 26mg/dL, the positive contributions 

(SHAP values) of these features were 0.115, 0.090, 0.084, 0.046, 0.035, and 0.015, 

respectively, collectively elevating the predicted mortality risk for this patient. 

Other features such as mechanical ventilation and vasoactive medication use also 

provided varying degrees of contribution, demonstrating the model's granularity 

and transparency in individualized prediction. 

 

Discussion 

In this study, we compared 17 ML algorithms across multiple databases and 

constructed a mortality prediction model for HF patients based on echo-evaluation 

using the optimal algorithm, with the RF model demonstrating the best predictive 

performance. Results from the external validation cohort further confirmed the 

model' s stability and accuracy. By applying the SHAP algorithm to interpret the 

RF model, we identified the core roles of SAPS II score, OASIS score, SOFA 

score, age, WBC, and first 24-hour BUN values in predicting in-hospital mortality. 

The feature variables incorporated into the model are clinically accessible and 

easy to implement in primary healthcare settings. 

The RF algorithm, first proposed by Breiman[26] in 2001, is a ML method 

that utilizes the Bootstrap method for sample training and prediction. It calculates 

the impact of each variable on node observations in classification trees using the 

Gini index and possesses feature importance evaluation capabilities. The primary 

advantage of RF lies in its ability to directly estimate generalization error through 

out-of-bag (OOB) error without requiring separate test set partitioning, 

demonstrating strong anti-overfitting capabilities and generalization 

performance[27]. In this study, the RF model exhibited optimal predictive 

performance across internal and external datasets, with combined dataset analysis 

revealing its highest AUC of 0.940. Similarly, Angraal et al.[28] compared five 

ML algorithms and found RF to perform best in predicting mortality among HF 

patients with preserved ejection fraction. Chen et al.[29] and Masetic et al.[30] 

also emphasized the critical role of RF in HF risk stratification and prognosis. 

These results collectively highlight the undeniable clinical value of RF in HF 

prognosis management. In summary, current research on HF prognostic models 

predominantly focuses on comparing single ML models with traditional 

approaches, with limited studies comparing multiple ML algorithms, particularly 

lacking reports targeting ICU-managed HF patients. Additionally, most studies 

lack external validation, relying solely on single-source data, thereby limiting 
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clinical generalizability[31-34]. Therefore, this study comparatively analyzed ML 

models across multiple data sources and selected the optimal RF model, which 

holds high clinical value for mortality prediction and provides a reference for 

selecting the most suitable predictive model in clinical practice.  

Studies indicate that HF patients often develop multi-organ failure as their 

condition worsens, exacerbating poor prognosis[9, 35]. Severity scoring systems 

such as SAPS II, OASIS, and SOFA dynamically monitor multi-organ functional 

status, comprehensively assess the condition of cardiac patients, and have become 

critical tools for prognosis prediction. Notably, these three scoring systems play 

pivotal roles in ICU patient prognosis management. Research shows that SAPS II 

stably predicts long-term ICU patient outcomes (AUC: 0.7-0.8), while OASIS and 

SOFA demonstrate unique advantages in rapid mortality risk assessment and 

dynamic organ function monitoring[36-39]. In this study, preliminary Boruta 

algorithm evaluation and cross-dataset SHAP analysis consistently ranked these 

three scoring systems highly, confirming their status as key variables for 

predicting ICU HF mortality. Additionally, age, first 24-hour WBC, and first 

24-hour BUN values ranked prominently among predictors. Existing studies 

demonstrate that HF incidence and mortality correlate positively with age[40], 

particularly showing exponential risk escalation after 60 years[41], aligning with 

our predictions. Meanwhile, WBC levels, established as independent predictors of 

HF progression and mortality, hold high weight in prognostic models, potentially 

due to their association with systemic inflammation activation and 

pathophysiological processes[42, 43]. Similarly, Li et al.[31] and Mpanya et 

al.[33] emphasized BUN's critical predictive role. BUN's importance in ML-based 

HF mortality prediction[44], may stem from its function as a renal biomarker 

reflecting protein metabolism; elevated BUN levels correlate with HF severity[45]. 

In conclusion, this study identified six key risk predictors (SAPS II, OASIS, 

SOFA, age, WBC, and BUN) that play decisive roles in HF mortality prediction, 

providing a basis for clinical identification of high-risk HF patients.  

Building on these findings, we further analyzed these risk predictors' 

contributions to the RF model. Notably, ML models have long been viewed as 

"black boxes" due to their complex and opaque decision-making processes. 

Lundberg and Lee proposed the SHAP framework to interpret such models and 

quantify feature importance[46]. In this study, SHAP values were applied to 

interpret the RF model's predictions, enhancing its clinical interpretability. Among 

mortality predictors, severity scores played central roles, with SAPS II having the 

highest SHAP value. Mortality risk escalated rapidly with increasing SAPS II 

scores, reflecting multi-organ dysfunction's critical impact on HF prognosis. 

Interestingly, mortality risk increase decelerated when SAPS II exceeded a 

threshold of 60. This may occur because critically ill patients reach physiological 

compensation limits for multi-organ failure, reducing the marginal contribution of 
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additional pathological variables to overall risk. Additionally, SAPS II's lower 

sensitivity to dynamic changes compared to SOFA and OASIS might explain its 

flattened SHAP slope in high-score ranges[36]. Similarly, SOFA exhibited a 

comparable trend to SAPS II, but mortality risk decreased when scores surpassed 

15, possibly due to interactions with clinical interventions (e.g., treatments 

weakening its predictive power). Chen et al.[47] observed reduced SOFA 

predictive efficacy when combined with lactate/vasopressor metrics. Intriguingly, 

OASIS showed more fluctuating mortality risk associations than SAPS II/SOFA. 

When the OASIS score is below 20, pain symptoms may systematically reduce its 

mortality prediction effect[48], while scores above 40 showed elevated SHAP 

contributions due to interactions between respiratory/blood pressure parameters 

and hemoglobin levels[49]. Meanwhile, the observed fluctuations in OASIS score 

SHAP values beyond 50 in this study may be attributed to the OASIS scoring 

system's reliance on linear assumptions inherent to LR. When nonlinear data or 

limited high-score samples are present, residuals may exhibit abnormal volatility, 

thereby diminishing its predictive efficacy[50]. Furthermore, SHAP analysis also 

highlighted age, WBC, and BUN's roles in HF mortality prediction. Age and BUN 

showed positive correlations with mortality risk, aligning with clinical 

expectations. However, WBC's contribution peaked at 25 × 10⁹/L then declined, 

potentially reflecting post-acute phase inflammation resolution or treatment 

effects. Finally, a waterfall plot analysis of a representative patient's feature 

contributions demonstrated uniformly positive SHAP values, reaffirming the 

model's clinical utility in individualized prediction.  

This study demonstrates significant innovation and clinical applicability in 

constructing a prognostic prediction model for HF. Compared to previous studies 

relying predominantly on single-dimensional clinical indicators, we systematically 

integrated echo parameters with multi-dimensional clinical features, like 

demographic characteristics, vital signs, laboratory findings, and clinical 

interventions and so on. This multi-modal data integration strategy not only 

enhances the model’s biological plausibility but also addresses the limitations of 

missing imaging parameters in traditional studies. Methodologically, we ensured 

model generalizability and reliability by comparing 17 ML algorithms and 

conducting internal/external validation across dual databases (MIMIC+eICU), 

effectively mitigating bias due to algorithmic preference. Unlike most prognostic 

models targeting general ward HF patients, this study specifically developed a 

model for HF patients in the ICU setting. ICU patients exhibit more complex 

pathophysiological changes and greater susceptibility to intervention impacts, and 

our model better adapts to these critical care complexities, significantly improving 

clinical utility through precise population targeting. Furthermore, SHAP analysis 

enhanced model interpretability. Compared to traditional scoring systems, our 

model incorporates dynamic variables reflecting disease severity and interventions, 



2025 50(7 )

155

overcoming the static limitations of single scoring systems and aligning with ICU 

dynamic management needs. Through this approach, we not only provide accurate 

predictions but also identify key prognostic determinants and their interaction 

patterns, offering reliable evidence for clinical decision-making. 

However, this study has certain limitations. The limited clinical data and 

sample size, coupled with underrepresentation of Asian populations, may restrict 

the generalizability of our findings to Asian populations. Although multi-database 

analysis was employed, variations in data quality and completeness may exist. 

Furthermore, ICU admission decisions might involve non-clinical factors such as 

hospital capacity and institutional policies, potentially introducing bias into our 

predictions. Therefore, we plan to include additional cohorts in future studies to 

further validate the model’s effectiveness. Second, Echo inherently carries 

operator-dependent subjectivity, with potential interpretation variability among 

examiners. Advanced imaging data such as CMR could provide more reliable 

details on cardiac structure and function. Despite the current challenges of limited 

number of patients undergoing CMR and significant data extraction difficulties, 

we aim to incorporate such advanced imaging modalities in future work to 

enhance prediction accuracy, considering their potential value as technology 

advances. Additionally, while we used the eICU dataset for external validation, 

the applicability of our findings to other populations remains uncertain, 

necessitating further prospective studies to verify the model’s accuracy. Through 

ongoing research, we aim to develop more precise, reliable, and broadly 

applicable HF prognostic models to improve clinical diagnosis and treatment. 

This effort will not only facilitate early identification of high-risk patients but also 

provide scientific evidence for personalized intervention strategies, ultimately 

improving patient outcomes and reducing healthcare burdens. 

 

Conclusion 

In summary, this study integrates multimodal data, including echo diagnostic 

findings, clinical severity scores, laboratory indices, and demographic 

characteristics, and conducted a comparative analysis of 17 machine learning 

models to developed a prediction model for in-hospital mortality among 

ICU-managed HF patients. Among these algorithms, the RF model demonstrates 

exceptional predictive performance. This systematic comparison provides critical 

reference for selecting the most appropriate predictive model in clinical practice. 

Additionally, SHAP enhances model interpretability, and the incorporated 

features combine clinical accessibility with generalizability, offering actionable 

references for clinical decision-making and personalized precision treatment of 

HF patients in the ICU.  
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