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Background: Early prediction of functional recovery and post-discharge readmission may support multidisciplinary rehabilitation 
planning, follow-up stratification, and individualized management in patients with cardiovascular disease (CVD). This study aimed to 
develop and interpret machine learning (ML) models for predicting 1-week functional recovery and 90-day readmission.
Methods: A total of 553 CVD patients were randomly assigned to a training cohort (n=388) and a test cohort (n=165). Candidate 
clinical, functional, and laboratory variables were selected using least absolute shrinkage and selection operator regression. Ten ML 
algorithms were trained and compared: logistic regression, support vector machine, neural network, k-nearest neighbors, decision tree, 
random forest (RF), gradient boosting machine, light gradient boosting machine, extreme gradient boosting (XGBoost), and naïve 
Bayes. Model performance was evaluated using area under the receiver operating characteristic curve (AUC), precision–recall curves, 
calibration curves, decision curve analysis, and confusion matrices. Shapley additive explanations values were used for interpretation, 
and final models were implemented in a Shiny web application.
Results: Overall, 361 of 553 patients (65.3%) achieved 1-week functional recovery, and 60 patients (10.8%) experienced 90-day 
readmission. For 1-week functional recovery, XGBoost achieved test-set AUC 0.856, accuracy 77.0%, sensitivity 76.9%, and 
specificity 77.2%. Key predictors were Barthel Index, New York Heart Association class, creatinine, serum chloride, and serum 
sodium. For 90-day readmission, RF achieved test-set AUC 0.662, accuracy 90.9%, sensitivity 22.2%, and specificity 99.3%, with 
creatinine, low-density lipoprotein cholesterol, total cholesterol, C-reactive protein, and creatinine clearance as top predictors.
Conclusion: ML models showed promise for predicting short-term functional recovery in patients with CVD, while prediction of 90- 
day readmission remained challenging. The Shiny-based dual-outcome tool may serve as a research prototype to support individua
lized risk estimation, model interpretation, and multidisciplinary post-discharge management, but external validation and prospective 
evaluation are required before clinical application.
Keywords: cardiovascular disease, machine learning, functional recovery, readmission, multidisciplinary healthcare, SHapley 
Additive exPlanations

Introduction
Cardiovascular disease (CVD) remains the leading cause of death worldwide and imposes a substantial burden on 
disability, health-care utilization, and long-term disease management.1–3 According to the World Health Organization, an 
estimated 19.8 million people died from CVD in 2022, accounting for approximately 32% of all global deaths.1 Beyond 
mortality, many patients with CVD experience impaired physical function, reduced independence in daily activities, and 
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repeated hospital encounters after discharge. Therefore, early identification of patients at risk for poor functional recovery 
or subsequent readmission is important to optimize discharge planning, rehabilitation strategies, intensity of follow-up 
and individualized care.

Functional status is increasingly recognized as an important dimension of prognosis in cardiovascular care. Activity 
of daily living measures, such as the Barthel Index, reflect a patient’s ability to perform basic self-care tasks and may 
capture frailty, disease severity and rehabilitation potential beyond traditional biochemical or imaging measures.4–6 

Previous studies in patients with heart failure have shown that impairment in activities of daily living is associated with 
adverse post-discharge outcomes, including readmission and mortality.7–9 We selected 1-week post-discharge functional 
recovery as an early, clinically actionable endpoint because this period coincides with discharge transition, early 
rehabilitation planning, nursing follow-up, patient education, and adjustment of home-based support. Patients who 
remain functionally dependent at this early time point may require intensified rehabilitation, telehealth follow-up, or 
caregiver support before longer-term deterioration occurs. However, most existing prediction studies have focused on 
mortality, disease-specific adverse events, or readmission, and short-term functional recovery remains less frequently 
addressed as a clinically meaningful outcome.

Hospital readmission is another key endpoint in CVD management. Readmissions after discharge place substantial 
burdens on patients, families, and health-care systems and may reflect disease progression, comorbidity burden, 
incomplete recovery, and gaps in transitional care. In patients with heart failure, 90-day readmission has been investi
gated as a clinically relevant outcome, and both conventional statistical models and machine learning (ML) approaches 
have been applied to predict readmission risk.10–12 Accurate prediction of readmission may assist clinicians in identifying 
patients who need closer monitoring, medication optimization, rehabilitation support or early outpatient follow-up.

Traditional regression-based models have contributed substantially to cardiovascular risk prediction, but they may be 
limited in capturing nonlinear relationships, high-dimensional clinical features, and complex interactions among func
tional, laboratory, and disease-severity indicators. ML provides a flexible framework for integrating heterogeneous 
clinical data and developing individualized prediction models.10–12 Nevertheless, the clinical use of ML is often 
constrained by limited interpretability. Explainable artificial intelligence methods, such as SHapley Additive 
exPlanations (SHAP), can help quantify the contribution of individual predictors to model outputs and improve the 
transparency of model predictions.13

Despite increasing interest in ML-based cardiovascular risk prediction, limited evidence is available on models 
that simultaneously address short-term functional recovery and 90-day readmission within an interpretable dual- 
outcome framework. Existing ML-based cardiovascular prediction studies have most commonly emphasized heart 
failure readmission, mortality, or disease-specific adverse outcomes, and fewer have linked early functional recovery 
with post-discharge readmission in a single explainable workflow.10–12,14–18 In addition, explainable artificial 
intelligence methods such as SHAP may help clinicians understand model outputs at the patient level, thereby 
improving transparency, acceptance, and communication in multidisciplinary care.13 Prediction models may be more 
clinically useful when they are not only accurate and interpretable but also accessible through practical decision- 
support tools.

Therefore, this study aimed to develop, compare, and interpret ML models for predicting 1-week functional recovery 
and 90-day readmission in patients with CVD. We further used SHAP analysis to identify key predictors and integrated 
the final models into a Shiny-based web application to support individualized risk estimation, model interpretation, and 
multidisciplinary post-discharge management.

Methods
Study Design and Data Source
Clinical data were extracted from the hospital electronic medical record system and follow-up records. The cohort 
included patients hospitalized with CVD rather than a single diagnostic entity. Available disease-related descriptors 
included arrhythmia type and main admission presentation; their distribution is provided in Supplementary Method S1. 
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Because the source dataset did not contain consistently structured major diagnostic categories with adequate event counts 
for each subgroup, diagnosis-specific subgroup modelling was not performed.

The study aimed to develop and interpret ML models for predicting two clinically relevant outcomes in patients with 
CVD: 1-week functional recovery and 90-day readmission. The full dataset was randomly divided into a training cohort 
and an independent test cohort at a ratio of 7:3 using a fixed random seed. The training cohort was used for variable 
selection, model development, and hyperparameter tuning. The test cohort was used only for internal independent 
evaluation after random data splitting.19,20

Study Population
A total of 553 patients with CVD were included in the final analysis, including 388 patients in the training cohort and 165 
patients in the test cohort.

Patients were eligible for inclusion if they were hospitalized with a diagnosis of CVD, were aged ≥18 years, and had 
available baseline demographic, clinical, and laboratory data, admission functional assessment using the Barthel Index, 
1-week post-discharge functional assessment, and discharge and follow-up information required to determine 90-day 
readmission. Patients were excluded if they had missing outcome information for 1-week functional recovery or 90-day 
readmission, missing essential baseline clinical or laboratory variables, unavailable or invalid discharge or readmission 
date records, repeated hospitalizations during the study period without a clearly defined index hospitalization, or severe 
data inconsistency or obvious recording errors after data verification.

Study Outcomes
Two binary outcomes were defined before model development. The first outcome was 1-week functional recovery. 
Functional status was assessed using the Barthel Index 1 week after discharge. The Barthel Index is a common measure 
of independence in activities of daily living, ranging from 0 to 100, with higher scores indicating higher levels of 
functional independence. In this study, patients with a Barthel Index score of 85 or higher at 1 week after discharge were 
considered to have reached functional recovery and those with a score below 85 were considered not to have reached 
functional recovery. This threshold was prespecified to represent recovery to a high level of independence in basic 
activities of daily living while retaining sufficient outcome events for model development; it was supported by the 
established use of the Barthel Index for grading functional independence.4–6 The second outcome was 90-day read
mission. Readmission was defined as any documented rehospitalization within 90 days after discharge. The time from 
discharge to readmission was calculated based on the discharge date and readmission date. Patients with a readmission 
interval of 0 to 90 days were classified as having 90-day readmission, and patients with no readmission during this period 
were classified as not having 90-day readmission.

Candidate Predictors and Data Preprocessing
Candidate predictors were limited to baseline or admission-related variables to minimize the risk of information leakage. 
Demographic characteristics, comorbidities, cardiac function indicators, laboratory measurements, and functional assess
ment at admission were taken as candidate predictors. Variables directly related to outcome definition or post-discharge 
information, including discharge date, readmission date, time to readmission, discharge Barthel Index score, 1-week post- 
discharge Barthel Index score, and outcome variables, were excluded from the predictor set.19,20

The candidate predictors included sex, age, body mass index (BMI), New York Heart Association (NYHA) functional 
class, left ventricular ejection fraction (LVEF), N-terminal pro-B-type natriuretic peptide (NT-proBNP), troponin, 
creatinine, haemoglobin, total protein, creatinine clearance, uric acid, C-reactive protein (CRP), serum sodium, serum 
potassium, admission Barthel Index score, hypertension, diabetes mellitus, smoking, drinking, disease duration, thyrox
ine, glycated albumin, serum chloride, blood glucose, triglycerides, total cholesterol, low-density lipoprotein cholesterol 
(LDL-C), and high-density lipoprotein cholesterol (HDL-C).

All preprocessing procedures were performed using the training cohort and then applied to the test cohort. Missing- 
data patterns before imputation were summarized for each candidate predictor and are provided in Supplementary 
Method S2. Continuous variables with missing values were imputed using the median value derived from the training 
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cohort, and categorical variables were imputed using the most frequent category in the training cohort. The categorical 
variables were recoded into dummy variables according to the training cohort, and the same dummy variable structure 
was applied to the test cohort. Near-zero variance predictors were removed before model fitting.

Variable selection was performed using least absolute shrinkage and selection operator (LASSO) regression.21 The 
penalty parameter was selected by 10-fold cross-validation, and the lambda.1se criterion was used to obtain a more 
parsimonious predictor set. Variables retained by LASSO regression were used for subsequent ML model development. 
If no variable was retained, the full baseline predictor set was used for modelling.

Model Development
For each outcome, 10 candidate ML algorithms were trained and compared: logistic regression, support vector machine, 
neural network, k-nearest neighbours, decision tree, random forest (RF), gradient boosting machine, light gradient 
boosting machine (LightGBM), extreme gradient boosting (XGBoost), and naïve Bayes.22–24

For caret-based models, repeated cross-validation was performed using 5-fold cross-validation repeated 5 times.25 

Hyperparameter tuning was conducted within the training-cohort resampling procedure, and the test cohort was not used 
during tuning or model selection. A fully nested outer cross-validation procedure was not performed; therefore, possible 
optimism from model-selection procedures was considered when interpreting the results. The area under the receiver 
operating characteristic curve (AUC) was used as the primary optimization metric. XGBoost and LightGBM were trained 
using binary classification objectives with AUC as the evaluation metric. Predicted probabilities for the positive outcome 
class were generated for both the training and test cohorts.

For the imbalanced 90-day readmission endpoint, synthetic oversampling methods such as SMOTE were not applied 
because the number of readmission events was small and oversampling could generate artificial clinical profiles that may 
not reflect the observed cohort. Instead, model performance was evaluated with PR-AUC, sensitivity, specificity, 
confusion matrices, calibration, and decision curve analysis, and the limited sensitivity of the readmission model was 
interpreted cautiously.

The candidate models were compared according to discrimination, calibration, decision curve analysis, classification 
performance, and interpretability. Final model selection was based on comprehensive performance rather than test-set 
AUC alone. Specifically, discrimination, sensitivity, specificity, positive predictive value, precision–recall performance, 
Brier score, calibration, clinical utility, interpretability, and feasibility for web-based implementation were considered.

Development of the Web-Based Risk Calculator
To facilitate individualized risk prediction, the final models were integrated into a Shiny-based web application. The 
calculator was designed to estimate the predicted probabilities of 1-week functional recovery and 90-day readmission 
based on patient-level clinical variables.

For each outcome, users can enter the required predictor values through an interactive interface. The web application 
applies the same preprocessing workflow used during model development, including missing-value handling, dummy- 
variable transformation, and alignment of predictor variables with the model input structure. The fitted models then 
generate individualized predicted probabilities for the positive outcome class.

In addition to risk prediction, the application provides model interpretation outputs based on SHAP. These outputs 
include global predictor importance plots, SHAP beeswarm plots, and SHAP dependence plots. The calculator was 
developed to improve the accessibility, transparency, and practical usability of the prediction models.

Statistical Analysis
All statistical analyses and model development procedures were performed using R software. Baseline characteristics 
were summarized separately for the training and test cohorts. Continuous variables were summarized as mean with 
standard deviation, and categorical variables were summarized as frequencies and percentages. Between-group compar
isons were performed to assess baseline balance between the training and test cohorts.

For model evaluation, discrimination, calibration, classification performance, clinical usefulness, and interpretability 
were assessed as described above. The 95% confidence intervals (CIs) for AUC were calculated using the DeLong 
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method.26 All statistical tests were two-sided where applicable, and a P value less than 0.05 was considered statistically 
significant. Detailed preprocessing procedures, model development workflow, hyperparameter settings, and R packages 
used for analysis are provided in Supplementary File S1.

Ethics Approval and Consent to Participate
This study was approved by the Medical Ethics Committee of Renmin Hospital, Hubei University of Medicine (approval 
number: SYSRMYY-KYXS-2022-073). The study site was Shiyan Renmin Hospital. The study was conducted in 
accordance with the Declaration of Helsinki. Because this was a retrospective study using routinely collected clinical 
data, the requirement for written informed consent was waived by the ethics committee.

Results
Study Population and Baseline Characteristics
As shown in Figure 1, a total of 553 eligible patients were included in this study and randomly assigned to the training 
cohort (n = 388, 70.2%) and the independent testing cohort (n = 165, 29.8%). For the 1-week functional recovery 
endpoint, 253 patients (65.2%) in the training cohort and 108 patients (65.5%) in the testing cohort achieved functional 
recovery. For the 90-day readmission endpoint, 42 patients (10.8%) in the training cohort and 18 patients (10.9%) in the 
testing cohort experienced readmission, indicating a relatively low event rate and class imbalance for this outcome.

Baseline demographic characteristics, clinical features, comorbidities, cardiac function indicators, laboratory indices, 
and admission Barthel Index scores were comparable between the training and testing cohorts for both endpoints. No 
statistically significant between-cohort differences were observed across the examined variables (all P > 0.05). 
Standardized mean differences were also small for the examined baseline characteristics, with all key variables below 
0.20, supporting acceptable balance between the development and testing cohorts (Table 1).

Feature Selection and Candidate Predictors
For prediction of 1-week functional recovery, LASSO regression retained five predictors: NYHA functional class, serum 
creatinine, serum sodium, admission Barthel Index score, and serum chloride (Figure 2 and Supplementary Table S1). 
These variables reflected baseline cardiac functional status, renal function, electrolyte balance, and functional depen
dency at admission.

For prediction of 90-day readmission, the modelling feature set included sex, age, BMI, NYHA functional class, 
LVEF, NT-proBNP, troponin, serum creatinine, hemoglobin, total protein, creatinine clearance, uric acid, CRP, serum 
sodium, serum potassium, admission Barthel Index score, hypertension, diabetes mellitus, smoking status, drinking 
status, disease duration, thyroxine, glycated albumin, serum chloride, blood glucose, triglycerides, total cholesterol, LDL- 
C, and HDL-C. In the penalized coefficient output for the readmission endpoint, only the intercept was retained, 
suggesting limited linear penalized signal under the selected regularization setting. Therefore, subsequent model devel
opment for this endpoint was performed using the full baseline predictor set, and model interpretation was based on the 
final RF model and SHAP analysis (Supplementary Table S2).

Performance of Machine Learning Models for 1-Week Functional Recovery
The discrimination performance of all ML models for predicting 1-week functional recovery in the independent testing 
cohort is shown in Figure 3 and Table 2. Training-cohort performance, optimal-threshold results, and detailed supple
mentary curves are provided in Supplementary Tables S3 and S4 and Supplementary Figure S1.

In the testing cohort, RF and LightGBM had the best overall accuracy and F1 score. XGBoost showed the best 
specificity and positive predictive value, suggesting better rule-in performance. At the default probability threshold of 
0.5, the final XGBoost model correctly identified 83 of 108 patients who achieved 1-week functional recovery and 44 of 
57 patients who did not recover (true positives = 83, false negatives = 25, true negatives = 44, false positives = 13). 
Testing-cohort confusion matrices for all models are shown in Supplementary Figure S2.

Journal of Multidisciplinary Healthcare 2026:19                                                                                 https://doi.org/10.2147/JMDH.S625142                                                                                                                                                                                                                                                                                                                                                                                                       5

Tian et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/625142/625142%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/625142/625142%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/625142/625142%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/625142/625142%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/625142/625142%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/625142/625142%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/625142/625142%20Supplementary%20Material.docx


Although RF achieved the numerically highest test-set AUC, XGBoost was selected as the final model for predicting 
1-week functional recovery because it showed comparable discrimination, higher specificity and positive predictive 
value, favorable PR-AUC and Brier score, and suitability for SHAP-based interpretation and web-based implementation.

Performance of Machine Learning Models for 90-Day Readmission
The 90-day readmission endpoint was more difficult to predict because of the low event rate and pronounced class 
imbalance. Model discrimination in the independent testing cohort is presented in Figure 4 and Table 3. Training-cohort 
performance, optimal-threshold results, and detailed supplementary curves are provided in Supplementary Tables S5 and 
S6 and Supplementary Figure S3.

RF achieved the best discrimination for 90-day readmission and showed the best overall classification balance among 
the tested models. However, at the default probability threshold of 0.5, RF identified only 4 of 18 readmission events and 

Figure 1 Study flow diagram. Flowchart of patient inclusion, cohort allocation, model development, and model evaluation. A total of 553 patients with cardiovascular 
disease hospitalized between 2022 and 2024 were included after excluding records with missing data, invalid information, repeated admissions, or data errors. Patients were 
randomly divided into a training cohort of 388 patients and an independent testing cohort of 165 patients. The distributions of 1-week functional recovery and 90-day 
readmission are shown separately for the training and testing cohorts. The workflow also summarizes LASSO-based variable selection, training of 10 machine learning 
models with repeated cross-validation, model evaluation using discrimination, calibration, decision curve analysis, SHAP interpretation, and final deployment of the selected 
Random Forest and XGBoost models in a web calculator.
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Table 1 Baseline Characteristics of the Training and Testing Cohorts

Characteristic 1-Week Functional Recovery Endpoint 90-Day Readmission Endpoint

Variable Category Training Cohort (n = 388) Testing Cohort (n = 165) P value SMD Training Cohort (n = 388) Testing Cohort (n = 165) P value SMD

n 388 165 388 165

Gender (%) Female 167 (43.0) 79 (47.9) 0.340 0.097 171 (44.1) 75 (45.5) 0.837 0.028

Male 221 (57.0) 86 (52.1) 217 (55.9) 90 (54.5)

Age (mean (SD)) 70.79 (12.55) 70.53 (13.37) 0.830 0.020 70.85 (12.63) 70.39 (13.19) 0.703 0.035

BMI (mean (SD)) 23.18 (3.97) 23.32 (3.34) 0.708 0.036 23.13 (3.74) 23.43 (3.92) 0.397 0.078

NYHA (%) I 3 (0.8) 0 (0.0) 0.280 0.170 3 (0.8) 0 (0.0) 0.630 0.125

II 68 (17.5) 27 (16.5) 65 (16.8) 30 (18.2)

II–III 2 (0.5) 1 (0.6) 3 (0.8) 0 (0.0)

III 200 (51.5) 77 (47.0) 194 (50.1) 83 (50.3)

III–IV 7 (1.8) 8 (4.9) 12 (3.1) 3 (1.8)

IV 108 (27.8) 51 (31.1) 110 (28.4) 49 (29.7)

LVEF (mean (SD)) 45.88 (11.67) 46.15 (10.80) 0.799 0.024 45.97 (11.37) 45.93 (11.54) 0.969 0.004

NT-proBNP (mean (SD)) 7604.64 (8781.65) 8031.01 (10,283.43) 0.620 0.045 7723.09 (9302.42) 7752.48 (9146.24) 0.973 0.003

Troponin (mean (SD)) 0.47 (5.50) 0.06 (0.18) 0.349 0.103 0.16 (0.81) 0.79 (8.34) 0.136 0.108

Creatinine (mean (SD)) 118.28 (82.17) 106.74 (62.19) 0.106 0.158 111.87 (72.33) 121.81 (86.49) 0.164 0.125

Hb (mean (SD)) 116.25 (25.43) 117.58 (25.72) 0.573 0.052 116.15 (25.34) 117.81 (25.93) 0.486 0.064

Total protein (mean (SD)) 63.83 (10.01) 65.57 (10.52) 0.066 0.169 64.86 (9.03) 63.15 (12.45) 0.072 0.157

Endogenous creatinine (mean (SD)) 52.10 (25.74) 54.76 (22.62) 0.250 0.110 53.91 (24.79) 50.51 (24.96) 0.141 0.137

Uric acid (mean (SD)) 393.16 (156.05) 391.77 (165.47) 0.925 0.009 393.79 (163.02) 390.30 (148.75) 0.814 0.022

CRP (mean (SD)) 26.16 (51.89) 25.97 (65.09) 0.972 0.003 23.91 (46.77) 31.40 (73.67) 0.155 0.122

Serum sodium (mean (SD)) 140.11 (5.30) 140.49 (4.22) 0.425 0.078 140.27 (4.09) 140.13 (6.69) 0.763 0.025

K (mean (SD)) 4.07 (3.58) 3.91 (0.63) 0.588 0.059 3.88 (0.57) 4.36 (5.45) 0.086 0.124

Barthel admission (mean (SD)) 57.25 (18.74) 56.98 (19.63) 0.877 0.014 57.27 (18.36) 56.94 (20.46) 0.854 0.017

(Continued)
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Table 1 (Continued). 

Characteristic 1-Week Functional Recovery Endpoint 90-Day Readmission Endpoint

Variable Category Training Cohort (n = 388) Testing Cohort (n = 165) P value SMD Training Cohort (n = 388) Testing Cohort (n = 165) P value SMD

HTN (%) No 57 (14.7) 20 (12.1) 0.506 0.075 53 (13.7) 24 (14.5) 0.888 0.025

Yes 331 (85.3) 145 (87.9) 335 (86.3) 141 (85.5)

DM (%) No 304 (78.4) 126 (76.4) 0.687 0.047 300 (77.3) 130 (78.8) 0.789 0.035

Yes 84 (21.6) 39 (23.6) 88 (22.7) 35 (21.2)

Smoking (%) No 324 (83.7) 141 (85.5) 0.701 0.054 329 (85.0) 136 (82.4) 0.524 0.071

Yes 63 (16.3) 24 (14.5) 58 (15.0) 29 (17.6)

Drinking (%) No 326 (84.0) 143 (86.7) 0.507 0.075 326 (84.0) 143 (86.7) 0.507 0.075

Yes 62 (16.0) 22 (13.3) 62 (16.0) 22 (13.3)

Disease duration (mean (SD)) 5.49 (6.26) 4.72 (5.02) 0.169 0.136 4.99 (5.22) 5.87 (7.26) 0.111 0.140

Thyroxine (mean (SD)) 117.51 (30.26) 118.81 (31.84) 0.650 0.042 118.84 (28.47) 115.70 (35.43) 0.272 0.098

GA (mean (SD)) 2.40 (3.62) 2.25 (0.17) 0.592 0.059 2.23 (0.18) 2.64 (5.55) 0.152 0.103

Serum chloride (mean (SD)) 100.62 (4.95) 100.67 (4.96) 0.911 0.010 100.57 (4.57) 100.80 (5.75) 0.613 0.045

Blood glucose (mean (SD)) 8.05 (5.13) 15.34 (96.79) 0.140 0.106 10.98 (63.19) 8.45 (6.42) 0.608 0.056

Triglycerides (mean (SD)) 1.33 (3.75) 1.22 (0.82) 0.723 0.039 1.19 (0.85) 1.55 (5.66) 0.223 0.089

Total cholesterol (mean (SD)) 3.46 (3.71) 3.53 (1.08) 0.794 0.028 3.40 (1.09) 3.67 (5.55) 0.351 0.069

LDL (mean (SD)) 2.18 (3.72) 2.12 (0.79) 0.843 0.022 2.08 (0.84) 2.36 (5.62) 0.339 0.070

HDL (mean (SD)) 1.18 (3.70) 1.01 (0.36) 0.554 0.065 0.98 (0.36) 1.48 (5.65) 0.085 0.124

Notes: Data are presented as n (%) for categorical variables and mean (SD) for continuous variables. P values and standardized mean differences (SMDs) compare the training and testing cohorts. 
Abbreviations: BMI, body mass index; NYHA, New York Heart Association; LVEF, left ventricular ejection fraction; NT-proBNP, N-terminal pro-B-type natriuretic peptide; Hb, hemoglobin; CRP, C-reactive protein; HTN, hypertension; 
DM, diabetes mellitus; GA, glycated albumin; LDL, low-density lipoprotein; HDL, high-density lipoprotein.
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Figure 3 Discrimination performance of machine learning models for 1-week functional recovery in the testing cohort. Receiver operating characteristic and precision– 
recall curves were used to compare the test-set performance of 10 machine learning algorithms for predicting 1-week functional recovery. (A) ROC curves showing the 
relationship between sensitivity and 1-specificity across probability thresholds. The Random Forest model achieved the highest test-set AUC, while XGBoost showed 
comparable discrimination. (B) Precision–recall curves showing the trade-off between precision and recall, providing additional evaluation of model performance for the 
binary recovery outcome. Together, these curves supported the selection of XGBoost as the final functional recovery model based on overall discrimination, precision– 
recall performance, and interpretability considerations.

Figure 2 LASSO regression for feature selection. LASSO regression was used to select candidate predictors for model development. (A) Coefficient profiles of candidate 
variables across different values of the regularization parameter λ. As the penalty increased, less informative coefficients were gradually shrunk toward zero. (B) Cross- 
validation curve showing binomial deviance according to log(λ). The vertical dotted lines indicate the selected λ values based on cross-validation criteria. Variables retained 
under the selected penalty were used as the final candidate predictors for subsequent machine learning model construction.
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146 of 147 non-readmission cases (true positives = 4, false negatives = 14, true negatives = 146, false positives = 1), 
confirming low sensitivity despite high specificity and accuracy. XGBoost identified 7 of 18 readmission events but 
produced more false positives (true positives = 7, false negatives = 11, true negatives = 113, false positives = 34), 
illustrating the sensitivity-specificity trade-off. Testing-cohort confusion matrices for all models are shown in 
Supplementary Figure S4.

Table 2 Performance of Machine Learning Models for Predicting 1-Week Functional Recovery in the Independent Testing Cohort

Model AUC (95% CI) PR- 
AUC

Brier 
Score

Accuracy 
(%)

Sensitivity 
(%)

Specificity 
(%)

PPV 
(%)

NPV 
(%)

F1 Score 
(%)

Logistic regression 0.848 (0.788–0.907) 0.915 0.156 75.8 80.6 66.7 82.1 64.4 81.3

Support vector machine 0.832 (0.769–0.894) 0.907 0.167 75.2 83.3 59.6 79.6 65.4 81.4

Neural network 0.846 (0.785–0.907) 0.912 0.159 75.8 80.6 66.7 82.1 64.4 81.3

K-nearest neighbours 0.790 (0.715–0.865) 0.838 0.185 78.8 84.3 68.4 83.5 69.6 83.9

Random forest 0.863 (0.805–0.921) 0.921 0.145 79.4 86.1 66.7 83.0 71.7 84.5

Gradient boosting machine 0.856 (0.797–0.915) 0.917 0.149 77.0 84.3 63.2 81.2 67.9 82.7

Naive Bayes 0.823 (0.759–0.888) 0.902 0.175 77.6 88.0 57.9 79.8 71.7 83.7

Decision tree 0.835 (0.769–0.901) 0.899 0.172 75.2 76.9 71.9 83.8 62.1 80.2

XGBoost 0.856 (0.798–0.914) 0.919 0.156 77.0 76.9 77.2 86.5 63.8 81.4

LightGBM 0.849 (0.786–0.912) 0.903 0.162 79.4 86.1 66.7 83.0 71.7 84.5

Notes: Classification metrics were calculated using a probability threshold of 0.5. For 1-week functional recovery, the testing cohort included 108 recovery events and 57 
non-events. 
Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval; PR-AUC, area under the precision-recall curve; PPV, positive 
predictive value; NPV, negative predictive value.

Figure 4 Discrimination performance of machine learning models for 90-day readmission in the testing cohort. Testing-cohort ROC and precision–recall curves were 
generated to evaluate the ability of 10 machine learning models to predict 90-day readmission. (A) ROC curves demonstrate modest discrimination across models, with the 
Random Forest model achieving the highest AUC among the evaluated algorithms. (B) Precision–recall curves illustrate the difficulty of predicting readmission in the setting 
of a low event rate and class imbalance. The overall results indicate that 90-day readmission was more challenging to predict than 1-week functional recovery.
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XGBoost had higher sensitivity for detecting readmission events but lower specificity and overall accuracy. 
Therefore, RF was chosen as the final model for the readmission endpoint.

Calibration and Clinical Utility
Calibration curves and decision curve analyses were used to evaluate the agreement between predicted probabilities and 
observed outcomes, as well as potential clinical net benefit. For 1-week functional recovery, calibration and decision 
curve results are shown in Figure 5, and numerical calibration summaries are provided in Supplementary Table S7. For 
the final XGBoost model, the test-set calibration intercept was 0.539 and the calibration slope was 0.937, suggesting 
acceptable calibration slope but some miscalibration in calibration-in-the-large.

Calibration and decision curve analyses for 90-day readmission are shown in Figure 6, and numerical calibration 
summaries are provided in Supplementary Table S8. For the final RF model, the test-set calibration intercept was −0.768 
and the calibration slope was 0.684, consistent with limited calibration and the exploratory nature of the readmission 
model.

Model Interpretation Using SHapley Additive ExPlanations Analysis
For the 1-week functional recovery model, SHAP analysis was performed for the final XGBoost model to clarify the 
contribution of individual predictors to model output (Figure 7). Top SHAP-ranked predictors are summarized in 
Supplementary Table S9, and model-specific importance plots are provided in Supplementary Figure S5.

SHAP analysis of the final RF model for 90-day readmission revealed that the top predictors were serum creatinine, 
LDL-C, total cholesterol, CRP, and creatinine clearance (Figure 8). Model-specific importance plots for the readmission 
endpoint are provided in Supplementary Figure S6.

To facilitate individualized risk estimation and interpretation, we further developed a Shiny-based web risk calculator 
based on the final prediction models. The calculator provides predicted probabilities for 1-week functional recovery and 
90-day readmission and displays corresponding SHAP-based interpretability outputs through an interactive interface 
(Supplementary Figure S7).

Table 3 Performance of Machine Learning Models for Predicting 90-Day Readmission in the Independent Testing Cohort

Model AUC (95% CI) PR- 
AUC

Brier 
Score

Accuracy 
(%)

Sensitivity 
(%)

Specificity 
(%)

PPV 
(%)

NPV 
(%)

F1 Score 
(%)

Logistic regression 0.425 (0.267–0.583) 0.129 0.118 87.9 5.6 98.0 25.0 89.4 9.1

Support vector machine 0.569 (0.412–0.726) 0.284 0.093 89.1 0.0 100.0 - 89.1 -

Neural network 0.539 (0.377–0.701) 0.246 0.124 84.2 22.2 91.8 25.0 90.6 23.5

K-nearest neighbours 0.567 (0.389–0.745) 0.374 0.103 90.3 22.2 98.6 66.7 91.2 33.3

Random forest 0.662 (0.518–0.806) 0.364 0.092 90.9 22.2 99.3 80.0 91.2 34.8

Gradient boosting machine 0.619 (0.462–0.776) 0.313 0.097 88.5 16.7 97.3 42.9 90.5 24.0

Naive Bayes 0.567 (0.412–0.723) 0.167 0.122 87.9 11.1 97.3 33.3 89.9 16.7

Decision tree 0.606 (0.480–0.733) 0.183 0.100 87.3 5.6 97.3 20.0 89.4 8.7

XGBoost 0.585 (0.428–0.742) 0.280 0.178 72.7 38.9 76.9 17.1 91.1 23.7

LightGBM 0.621 (0.473–0.768) 0.333 0.092 90.3 22.2 98.6 66.7 91.2 33.3

Notes: Classification metrics were calculated using a probability threshold of 0.5. For 90-day readmission, the testing cohort included 18 readmission events and 147 non- 
events. 
Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval; PR-AUC, area under the precision-recall curve; PPV, positive 
predictive value; NPV, negative predictive value.
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Discussion
This study developed and interpreted ML models for predicting 1-week functional recovery and 90-day readmission in 
patients with CVD. The main findings were as follows. First, short-term functional recovery could be predicted with 
relatively good performance using routinely available admission variables. Although RF achieved the numerically 

Figure 5 Calibration and clinical utility of models for 1-week functional recovery. Calibration curves and decision curve analysis were used to evaluate probability agreement 
and potential clinical usefulness of the functional recovery prediction models in the testing cohort. (A) Calibration curves compare mean predicted probabilities with 
observed event rates for each model; the diagonal reference line represents perfect calibration. Models closer to the diagonal show better agreement between predicted and 
observed recovery probabilities. (B) Decision curve analysis shows the net benefit of each model across different threshold probabilities, with “treat all” and “treat none” 
strategies included as clinical reference strategies. These analyses provide complementary information beyond discrimination alone.

Figure 6 Calibration and clinical utility of models for 90-day readmission. Calibration and decision curve analyses were performed for the 90-day readmission models in the 
testing cohort. (A) Calibration curves show the relationship between predicted readmission probabilities and observed readmission rates. The compressed range of 
observed event rates reflects the relatively low frequency of 90-day readmission. (B) Decision curve analysis evaluates the net clinical benefit of each model across threshold 
probabilities. The results suggest limited but variable clinical utility for readmission prediction, consistent with the modest discrimination and class imbalance observed for 
this endpoint.
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highest test-set AUC, XGBoost showed comparable discrimination, higher specificity and positive predictive value, 
favorable PR-AUC and Brier score, and better suitability for SHAP-based interpretation and web-based implementation. 
Therefore, XGBoost was selected as the final model for 1-week functional recovery. Second, admission Barthel Index 
score, NYHA functional class, serum creatinine, serum chloride, and serum sodium were important contributors to 
functional recovery prediction. Third, prediction of 90-day readmission was more challenging. The RF model achieved 
the highest test-set AUC for this endpoint, but its discrimination was modest and its sensitivity was low, indicating 
limited ability to identify patients who were subsequently readmitted. Finally, SHAP analysis improved model inter
pretability, and the Shiny-based application provided a preliminary platform for presenting individualized predictions.

Figure 7 SHAP-based interpretation of the final XGBoost model for 1-week functional recovery. SHAP analysis was used to interpret the final XGBoost model for 
predicting 1-week functional recovery. (A) Global SHAP importance plot ranking predictors according to mean absolute SHAP value. Admission Barthel Index was the most 
influential predictor, followed by serum sodium, serum chloride, NYHA class, and creatinine-related variables. (B) SHAP beeswarm plot showing both the magnitude and 
direction of each predictor’s contribution to model output across individual patients. Each point represents one patient, with color indicating the original feature value. (C) 
SHAP dependence plot for admission Barthel Index, showing its nonlinear relationship with the predicted probability of functional recovery. Higher admission Barthel Index 
values generally contributed positively to the model output, indicating a higher likelihood of early functional recovery.
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For 1-week functional recovery, the final XGBoost model demonstrated acceptable discrimination and balanced 
classification performance in the independent test cohort. This finding suggests that short-term functional recovery after 
hospitalization for cardiovascular disease may be predicted using routinely available admission variables. Although 
XGBoost was not the best model in terms of AUROC, it was selected as the final model based on an overall evaluation of 
discrimination, specificity, precision, probability performance, interpretability and feasibility of implementation. The RF 
model performed slightly better than XGBoost in terms of AUROC, but XGBoost had a better rule-in performance, as 
evidenced by a higher specificity and positive predictive value, while having a comparable discrimination. These 
characteristics may be useful when the purpose is to identify patients with a high likelihood of early functional recovery.

Figure 8 SHAP-based interpretation of the final Random Forest model for 90-day readmission. SHAP analysis was applied to the final Random Forest model for predicting 
90-day readmission. (A) Global SHAP importance plot showing the predictors with the largest average contribution to model output. Serum creatinine ranked as the most 
important variable, followed by LDL cholesterol, total cholesterol, C-reactive protein, endogenous creatinine, serum sodium, troponin, serum chloride, blood glucose, LVEF, 
hemoglobin, age, NT-proBNP, and other laboratory or clinical indicators. (B) SHAP dependence plot for serum creatinine, illustrating how creatinine values influenced the 
model’s predicted readmission risk. (C) SHAP beeswarm plot displaying the distribution, direction, and magnitude of feature effects across patients. These findings suggest 
that renal function, lipid metabolism, inflammatory status, and cardiac-related indicators contributed to the Random Forest readmission prediction model.
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Among the selected predictors, admission Barthel Index score was the most influential variable in SHAP analysis. 
This is clinically plausible because the Barthel Index reflects baseline independence in activities of daily living and may 
capture the combined effects of frailty, disease severity, physical reserve, and rehabilitation potential. Recent studies and 
reviews also support the prognostic relevance of ADL impairment and functional independence in patients with heart 
failure and CVD.9,27–29 Patients with higher functional independence at admission are more likely to achieve favorable 
short-term recovery after discharge. In contrast, patients with lower admission Barthel Index scores could require more 
intensive rehabilitation planning and more intensive post-discharge support.27,30

The NYHA functional class was also an important contributor to the model prediction. The NYHA class reflects the 
severity of cardiac functional limitation, and patients with advanced functional impairment may have lower exercise 
tolerance, greater symptom burden, and slower recovery of daily living ability. Serum creatinine, serum sodium and 
serum chloride were also retained as important predictors. These variables may reflect renal function, fluid balance, 
neurohormonal activation, and electrolyte disturbance, all of which are clinically relevant in patients with cardiovascular 
disease and heart failure.31–33 These associations should be interpreted as predictive contributions rather than causal 
relationships, especially because SHAP values describe how model features contribute to predictions rather than 
establishing etiologic mechanisms.34

Compared with the functional recovery endpoint, the prediction of 90-day readmission was less satisfactory. The RF 
model was the best model for discrimination for this endpoint (test-set AUC: 0.662). The overall accuracy and specificity 
were good but the sensitivity was low (22.2%). This suggests that the model correctly identified most patients not 
readmitted but also missed a large number of patients that were readmitted. Hence the high accuracy should be taken with 
caution, likely due to the low event rate and class imbalance. From a clinical perspective, low sensitivity limits the 
usefulness of the model for screening patients at high risk of readmission.14–18

The relatively weak performance for readmission prediction is not unexpected. Hospital readmission is a complex 
outcome that is affected by multiple factors including severity of disease, comorbidity burden, medication adherence, 
participation in rehabilitation, socioeconomic status, caregiver support, access to outpatient care, and quality of transi
tional care. Recent reviews have emphasized that readmission risk is often influenced by clinical and non-clinical factors 
that are difficult to fully capture in routinely collected inpatient datasets.14,17,18,35 Many of these factors were not 
available in the present dataset. Also, the number of positive events was small, which limited the statistical power. Future 
work should explore larger sample sizes and multicenter datasets, class-weighted algorithms, threshold optimization, 
cost-sensitive learning and inclusion of post-discharge and social determinants of health to improve readmission 
prediction.35,36

SHAP analysis for the readmission model suggested key predictors including serum creatinine, LDL-C, total 
cholesterol, CRP, and creatinine clearance. This is clinically plausible as renal dysfunction, lipid metabolism, and 
systemic inflammation are closely associated with cardiovascular risk and post-discharge vulnerability.32,33,37 

However, the modest AUC and low sensitivity indicate that these predictors alone may not suffice to stratify the risk 
of readmission accurately. Therefore, the readmission model should be regarded as exploratory and hypothesis- 
generating rather than ready for direct clinical decision-making.

A strength of this study is that it simultaneously evaluated two clinically relevant post-discharge outcomes: short-term 
functional recovery and 90-day readmission. Functional recovery is an important patient-centered outcome, but is less 
often studied than mortality or readmission in cardiovascular risk prediction studies. By incorporating admission 
functional status and laboratory indicators, the present study provides a more comprehensive view of early post- 
discharge prognosis. The use of SHAP analysis also improves model transparency and can help clinicians understand 
which variables most strongly influence individual predictions.

From a multidisciplinary health care perspective, the proposed models could provide a practical framework for 
identifying patients needing different levels of support postdischarge. Patients with a low predicted probability of early 
functional recovery could benefit from early rehabilitation assessment, individualised exercise planning, nursing educa
tion, nutritional support, medication review and closer outpatient follow-up. For patients with elevated predicted read
mission risk, coordinated management involving cardiologists, rehabilitation physicians, nurses, pharmacists, primary 
care providers, and family caregivers may be particularly important.27,30,35 Although the current models should not be 
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used as standalone decision-making tools, the integration of interpretable predictions into a Shiny-based application may 
facilitate communication among multidisciplinary team members and support individualized care planning.38

Telemedicine and digital health modalities may provide a practical pathway for incorporating prediction models into 
post-discharge cardiovascular management. Remote follow-up, home-based cardiac rehabilitation, wearable or app-based 
monitoring, and structured mHealth communication may help reinforce adherence, support symptom surveillance, and 
identify patients who need early contact from multidisciplinary teams. A recent randomized trial of the European Society 
of Hypertension CARE smartphone application showed that app-assisted follow-up improved office and ambulatory 
blood pressure control compared with usual care, supporting the feasibility of mHealth-assisted cardiovascular risk 
management.39 In the present study, the Shiny-based application should be viewed as an early research prototype that 
could be combined with such telemedicine workflows only after external validation and prospective evaluation.

The Shiny-based web application further improves the accessibility of the models by allowing individualized 
probability estimation and visualization of model interpretation results. However, this application should be considered 
a research prototype rather than a clinically validated decision-support system. Before clinical implementation, the 
models require external validation, prospective evaluation, assessment of calibration in independent populations, and 
investigation of whether model-guided interventions can improve patient outcomes.36,38,40,41

Several limitations should be acknowledged. First, this study was a retrospective single-center study, which may lead 
to selection bias and affect the generalizability. Second, the sample size was moderate and the number of readmission 
events was small, which decreased the reliability and stability of the readmission model. Several models, especially 
flexible tree-based or instance-based algorithms, achieved near-perfect training performance but substantially lower 
testing performance, indicating possible overfitting and limited generalizability. Third, although internal validation and 
independent test-set evaluation were performed, external validation was not available and no fully nested outer cross- 
validation procedure was performed. Fourth, important variables related to post-discharge care, medication adherence, 
rehabilitation intensity, socioeconomic status, and family support were not included. These unmeasured factors may be 
particularly important for predicting readmission. Fifth, although SHAP improves interpretability, it does not establish 
causal relationships between predictors and outcomes. Finally, the choice of the classification threshold may have 
influenced sensitivity and specificity, particularly for the imbalanced endpoint of readmission.

Future studies should validate these models in larger and more diverse multicenter cohorts. For prediction of 
functional recovery, future studies may explore longitudinal functional trajectories beyond 1 week after discharge. For 
readmission prediction, additional clinical, behavioral, social, and post-discharge management variables should be 
incorporated to improve sensitivity and clinical usefulness. Prospective studies are also needed to determine whether 
prediction-guided rehabilitation planning, follow-up scheduling, or transitional care interventions can improve functional 
outcomes and reduce preventable readmissions.

Conclusion
ML models showed promising performance for predicting 1-week functional recovery in patients with CVD, with 
admission functional status, cardiac functional class, renal function, and electrolyte indicators contributing importantly to 
model predictions. XGBoost was selected as the final functional recovery model based on comprehensive performance 
and implementation considerations. In contrast, prediction of 90-day readmission remained challenging, with only 
modest discrimination and limited sensitivity. The SHAP-based interpretation and Shiny application may support 
individualized risk estimation, model transparency, and multidisciplinary post-discharge management, but further 
optimization, external validation, and prospective clinical evaluation are required before these models can be applied 
in routine clinical practice.
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