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Purpose: In cardiovascular patients, precise risk stratification is crucial for minimizing exercise-related risks and optimizing treat-
ment efficacy during cardiac rehabilitation. Existing classification criteria vary among organizations, necessitating a comprehen-
sive assessment of the underlying conditions and medical tests. We developed machine-learning models to assist in standardiz-
ing risk classification for cardiopulmonary exercise training.
Materials and Methods: Using retrospective data from 1163 patients across three institutions, we developed an AI model to re-
produce clinician-assigned risk stratification for exercise-related cardiovascular events. Data pre-processing involved excluding 
variables with numerous missing values and conducting multiple imputation using chained equations, resulting in 46 variables for 
analysis. Logistic regression, support vector machines, extreme gradient boosting (XGBoost), and random forests were employed, 
optimizing hyperparameters via a grid search. In feature selection, the least absolute shrinkage and selection operator (LASSO), 
with a range of regularization strengths, was applied to the L1 term to determine the optimal penalty value.
Results: Several machine-learning models were evaluated for their ability to replicate clinician-assigned cardiovascular risk-type 
classifications. XGBoost achieved the best performance with 76.72% accuracy and an area under the curve (AUC) of 88.76%. After 
applying LASSO-based feature selection, performance improved, with the best result (α=0.001) showing 79.31% accuracy and an 
AUC of 89.40%. Feature importance analysis identified ventilatory efficiency, maximal systolic blood pressure, and maximal oxy-
gen consumption as key features for risk stratification based on aerobic exercise load test data, along with weight.
Conclusion: A machine-learning model was established to categorize exercise-related risk types during cardiopulmonary rehabili-
tation, serving as a decision-support tool for the safe and effective training of cardiovascular patients.
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INTRODUCTION

Cardiovascular diseases (CVD) are a leading cause of mortality 
in South Korea, with the death rate increasing from 52.5 to 65.8 
per 100000 individuals between 2012 and 2022.1 Since 2014, 
CVD has been consistently ranked as the second leading cause 
of death, with ischemic heart diseases, such as myocardial in-
farction, angina, and heart failure, accounting for a significant 
proportion.1 Despite advances in acute treatment, the risks of 
sudden cardiac death and heart failure remain significant, ad-
versely affecting long-term prognosis and quality of life.2,3

Cardiac rehabilitation (CR) is an evidence-based interven-
tion that improves patient survival and reduces disease recur-
rence. Major guidelines from the American College of Cardiol-
ogy and American Heart Association (AHA) recommend CR 
with supervised exercise in patients with myocardial infarction, 
coronary revascularization, heart failure, or heart transplanta-
tion.4-6 Participation in CR has reduced 5-year mortality by 
45%–47%,7 leading to its adoption and insurance coverage in 
several countries. In South Korea, CR programs are available at 
multiple institutions, including government-supported cardio-
vascular centers established in 2008.8

Recent developments in artificial intelligence (AI) have en-
abled real-time monitoring, exercise correction, and the inte-
gration of therapeutic devices for CR. AI-driven tools using 
biometric data and mobile applications are being applied to 
support individualized rehabilitation.9-11 However, accurate risk 
stratification is essential for tailoring exercise prescriptions. Cal-
culated parameters, such as target heart rate (HR) and target 
metabolic equivalent of task (MET), based on the Karvonen 
formula, are used to estimate individual risk levels and guide 
clinicians in determining appropriate exercise intensity, dura-
tion, and monitoring strategies.

Risk classification criteria vary among the guidelines pub-
lished by the AHA, the American Association of Cardiovascu-
lar and Pulmonary Rehabilitation (AACVPR), the American 
College of Sports Medicine, and other national societies.12,13 
These differences include the presence or absence of stress 
testing, inclusion of comorbidities, and thresholds for left ven-
tricular ejection fraction (EF).4 For example, the AACVPR de-
fines high risk as EF <40%, whereas the European Society of 
Cardiology defines it as <35%. The 2019 Korean guidelines for CR 
for acute coronary syndrome also differ, contributing to clinical 
inconsistencies.

To address these challenges, this study aimed to develop a 
machine learning-based model to standardize the risk stratifica-
tion process by learning from expert clinical interpretations. Us-
ing a dataset in which risk levels were assigned by clinical spe-
cialists in accordance with the AACVPR guidelines, we trained 
an AI model to automate and reproduce expert-driven risk clas-
sification (Fig. 1). The primary objective was to establish a reli-
able clinical decision-support tool that ensures consistent and 
objective risk stratification, thereby supporting safe and indi-
vidualized exercise prescription in cardiopulmonary rehabili-
tation settings. The performance of the proposed model was 
subsequently evaluated by comparing its concordance with cli-
nician-assigned risk classifications in a real-world clinical setting.

MATERIALS AND METHODS

Data
This study was conducted using muscle exercise prescription 
data provided by the National Information Society Agency, 
South Korea, through the AI-Hub platform.14 The dataset used in 
this study was obtained from the AI-Hub platform, a national 
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Fig. 1. Flowchart of study population. MICE, multiple imputation by chained equations; LASSO, least absolute shrinkage and selection operator.
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data repository supported by the Ministry of Science and ICT 
of Korea. Detailed information regarding the data structure, 
variable definitions, and data collection protocols was obtained 
from the official dataset documentation provided by AI-Hub. 
The dataset was established in 2022 to prescribe resistance ex-
ercises to individuals with cardiovascular, respiratory, and mus-
culoskeletal disorders, as well as healthy individuals. In this 
study, we retrospectively analyzed data collected from patients 
with CVD. The study protocol was reviewed and approved by 
the Institutional Review Board of the Gachon University Gil 
Medical Center (IRB No. GCIRB2024-326; approval date: No-
vember 15, 2024).

A dataset on CVDs was constructed retrospectively by select-
ing patients diagnosed with cardiovascular conditions at three 
medical institutions: Korea University Anam Hospital, Pusan 
National University Hospital, and Jeju National University Hos-
pital. Specifically, data were collected from 303 patients at Ko-
rea University Anam Hospital (162 new patients and 141 re-
turning patients), 476 patients at Pusan National University 
Hospital (199 new and 277 returning patients), and 384 patients 
at Jeju National University Hospital (230 new and 154 returning 
patients), totaling 1163 individuals.

A total of 147 variables were included in the initial feature set. 
Information regarding the dataset, including variable defini-
tions and data structure, was verified using the official dataset 
documentation provided by AI-Hub,14 which was downloaded 
and reviewed prior to analysis. The analyzed variables were or-
ganized into clinically relevant domains and included demo-
graphic characteristics (age, sex), medical history (hypertension, 
diabetes mellitus, coronary artery disease, heart failure, prior 
revascularization), anthropometric measurements (height, 
weight, body mass index), questionnaire-derived variables re-
lated to physical activity and symptoms, cardiopulmonary ex-
ercise testing (CPET) parameters [peak oxygen uptake, oxygen 
uptake at anaerobic threshold, ventilatory efficiency (VE/VCO2 
slope), peak heart rate (PHR), blood pressure response]. A de-
tailed list of all analyzed variables and their clinical definitions 
is provided in Supplementary Table 1 (only online).

“Risk type” was categorized into three levels: low, moderate, 
and high, which are commonly used for risk stratification of 
exercise-related cardiovascular events. Risk classification was 
performed in accordance with the guidelines of the AACVPR, 
based on a comprehensive assessment integrating CPET results 
and relevant clinical information. According to the AACVPR cri-
teria, individuals were classified as high risk or moderate risk if 
they met at least one criterion corresponding to the respective 
risk category. In contrast, individuals were classified as low risk 
only if all low-risk criteria were satisfied and no moderate- or 
high-risk criteria were present. Using this guideline-based cli-
nician assessment, 214 individuals were categorized as low 
risk, 650 as moderate risk, and 299 as high risk.

Expected outcomes defined for the risk stratification 
model
The target HR and target MET for each patient were calculated 
using the Karvonen and MET formulas, respectively.15,16 The 
Karvonen method determines the target HR during exercise 
based on the concept of heart rate reserve (HRR), which is the 
difference between the PHR, measured during a test exercise, 
and the resting heart rate (HR_rest). Similarly, the target MET 
is calculated by multiplying the proportionality constant by 
the difference between 1 and the peak MET values obtained 
from the exercise test.

Both formulae require a proportional constant, kappa (κ), 
which reflects the exercise intensity level based on the indi-
vidual’s risk stratification. Patients with higher risk levels are 
assigned lower exercise intensities, whereas those with lower 
risk levels are prescribed relatively higher intensities. The κ 
value typically ranges from 0.40 to 0.85 and is individualized 
for each patient. In this study, κ was determined for each pa-
tient using a machinel earning-based risk stratification model 
that categorizes risk levels. 

The target HR was calculated as follows:
        Target HR=[(HRmax-HRrest )×kappa]+HRrest	       (1)

The target MET was calculated as follows:
           Target MET=1 MET+ (peak MET-1)×kappa 	       (2)

Where HR refers to HR, MET refers to metabolic equivalent, 
and κ is the exercise intensity coefficient determined by car-
diovascular risk level. The κ values corresponding to risk cate-
gories are as follows: 1) low risk 0.70–0.85; 2) moderate risk 
0.55–0.70; and 3) high risk 0.40–0.55.

Data preprocessing
The original dataset comprised 147 variables. After excluding 
the columns related to dataset information, patient identity 
numbers, and labels unsuitable for model training, 141 vari-
ables remained. Additionally, four variables representing the 
maximum and minimum recommended METs and target HRs 
for aerobic exercise, derived based on the κ values of risk clas-
sification, were excluded, resulting in 137 variables for analysis.

Due to the retrospective nature of data collection, some vari-
ables had missing values, particularly those derived from pa-
tient questionnaires. As machine-learning algorithms cannot 
process missing data directly, a series of preprocessing steps 
was undertaken to address this issue. Variables with more than 
100 missing values (88 variables) were removed, along with two 
variables with identical values across all observations. Con-
sequently, 46 variables were retained for model development, 
with risk type designated as the target label. 

For the 12 variables with fewer than 100 missing values, miss-
ing entries were imputed using the multiple imputation by 
chained equations (MICE) method,17 specifically designed for 
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continuous data. MICE is a robust statistical technique that ad-
dresses missing data by iteratively modeling each variable to 
determine missing values as a function of other variables in the 
dataset. This approach generates plausible estimates by creat-
ing multiple imputed datasets that reflect the uncertainty inher-
ent in the missing data. By leveraging the relationships among 
variables, MICE provides reliable and realistic imputations, 
thereby enhancing the integrity of the dataset for subsequent 
analysis. Through these preprocessing steps, a final training da-
taset was constructed with the imputed values to ensure its 
suitability for machine learning model development.

The constructed dataset was divided into training and test 
sets. The independent test set was strictly held out and used ex-
clusively for final performance evaluation and was not involved 
in any stage of feature selection or model training. The dataset 
was split at an approximate ratio of 9:1. Specifically, data from 
1047 individuals (approximately 90% of the dataset) were 
used for model development, including feature selection and 
model training, while data from 116 individuals (approximately 
10%) were allocated to the independent test set. The test set was 
constructed by randomly sampling approximately 10% of indi-
viduals from each risk category to preserve the original class dis-
tribution, resulting in 26 low-risk, 65 moderate-risk, and 25 
high-risk individuals.

Machine learning algorithms
To develop a classification model for risk-type categorization, 
four widely used machine-learning algorithms were employed: 
logistic regression (LR), support vector machine (SVM), extreme 
gradient boosting (XGBoost), and random forest (RF). LR18 is a 
linear model commonly applied to binary or multiclass classifi-
cation tasks. It estimates the probability of class membership by 
applying a logistic function to a linear combination of input 
features. SVM19 is a supervised learning algorithm that identi-
fies the optimal hyperplane that maximizes the margin be-
tween classes and employs kernel functions to address non-
linear classification problems. XGBoost20,21 is an efficient and 
scalable implementation of the gradient boosting framework 
that sequentially constructs decision trees to minimize classi-
fication errors. It incorporates regularization techniques to re-
duce overfitting and enhance performance. RF22 is an ensem-
ble learning method that generates multiple decision trees 
using random subsets of features and samples, with the final risk 
stratification determined by majority voting across all the trees.

Grid search for optimal hyperparameter selection
In this study, the hyperparameters for each machine learning 
model were optimized using the grid search23,24 method. Hy-
perparameters are predefined parameters that significantly 
influence model performance and must be set prior to the train-
ing process. A grid search is a systematic approach for identify-
ing the optimal combination of hyperparameter values.25 This 
involves specifying a discrete set of candidate values for each 

hyperparameter and evaluating all possible combinations 
through model training and validation.

Cross-validation was performed for each combination to as-
sess average model performance.26 The combination that yield-
ed the highest average accuracy was selected and applied to 
the final model. Using grid search, we defined the search space 
for the hyperparameters of each model and conducted cross-
validation of the training data to identify the configuration that 
achieved the best classification performance. Table 1 summariz-
es the final hyperparameter configurations selected through 
grid search for each model.

Feature selection using LASSO
Feature selection was performed using the least absolute shrink-
age and selection operator (LASSO)27 method to enhance the 
stratification performance and interpretability of the training 
models. LASSO is a regularization technique for linear regres-
sion that improves both model interpretability and generaliza-
tion by applying L1 regularization to penalize the absolute sum 
of regression coefficients. This penalty effectively shrinks some 
coefficients to zero, thereby performing variable selection and 
reducing multicollinearity among correlated clinical variables. 
As a result, LASSO yields a sparse and interpretable model, 
which is particularly advantageous for clinical decision-support 
applications. Given the relatively large number of candidate 
variables (n=147) and the moderate sample size of the dataset, 
inclusion of irrelevant or redundant variables could increase 
the risk of overfitting and reduce model generalizability. Fea-
ture selection was therefore applied to retain only variables that 
contributed meaningfully to model performance.

In this study, regression coefficients were initially estimated 
for all candidate variables, and variables with coefficients 
shrunk to zero were excluded from subsequent analyses. To 
identify the optimal level of regularization, a range of penalty 

Table 1. Parameters for Each Machine Learning Model Selected Through 
Grid Search

Model Hyperparameter
Selected 

value
Logistic regression Penalty L2

Solver LBFGS
C (regularization) 1.0

Support vector machine Kernel RBF
C 10
Gamma 0.01

Random forest Number of trees (n_estimators) 100
Max depth 10
Min samples split 2

Extreme gradient boosting Learning rate (eta) 0.1
Max depth 6
Number of estimators 100
Subsample 0.8
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values (i.e., L1 regularization strengths) was evaluated. The 
number and types of features selected at each penalty level are 
summarized in Supplementary Table 2 (only online), which 
provides a complete list of the variables used for model devel-
opment.

Model performance comparison
All four machine learning algorithms were trained using the full 
set of features from the training dataset to classify risk types ac-
cording to clinician-assigned labels. To evaluate model perfor-
mance, a confusion matrix was constructed by comparing the 
classified labels with the ground truth. Standard classification 
metrics, including true positives, true negatives, false positives, 
and false negatives, were derived from the confusion matrix.

Based on these values, the accuracy, precision, recall, and F1-
score were determined to assess the classification performance 
of each model. In addition, receiver operating characteristic 
(ROC) curve analysis was performed, and the area under the 
curve (AUC) was computed to evaluate the discriminatory abil-
ity of the models. To address the black-box nature of machine 
learning models, we employed SHapley Additive exPlanations 
(SHAP) to clearly elucidate the model’s logic in determining 
risk stratification.21,28 SHAP quantifies the contribution of each 
feature to risk stratification by applying the Shapley value prin-
ciple from cooperative game theory, thereby enabling the visual-
ization of feature importance and corresponding directional ef-
fects. Hence, we analyzed the SHAP values to assess how each 
variable contributed to the model’s stratification decisions and 
evaluated whether the relationships among the clinically es-
sential features aligned with those established in conventional 
medical analyses.

All data preprocessing, machine-learning model develop-
ment, and performance evaluations were conducted using Py-
thon software (version 3.8.19; Python Software Foundation, 
Wilmington, DE, USA) along with Pandas (version 1.5.3) and 
Scikit-learn (version 1.2.2), setting significance at p<0.05.

RESULTS

Participant characteristics 
The demographic and clinical characteristics of the dataset used 
in this study, stratified by risk categories (low, moderate, and 
high), are presented in Tables 2 and 3. The p-values for continu-
ous variables were derived from one-way analysis of variance, 
whereas those for categorical variables were obtained using the 
chi-square test.

We analyzed CR prescription data from 1163 patients, of 
whom 214 (18.39%) were classified as low risk, 650 (55.89%) as 
moderate risk, and 299 (25.71%) as high risk. The mean age was 
59.14±12.56 years, and 77.73% were male. Hypertension (64.66%), 
hyperlipidemia (44.63%), and diabetes mellitus (27.86%) were 
the most common comorbidities. Among comorbid conditions, 

hypertension and hyperlipidemia were most frequently ob-
served in the high-risk group and least frequent in the low-risk 
group. A history of cancer was also more common in the high-
risk group. With respect to surgical history, prior cardiac surgery 
was considerably more frequent in the high-risk group, whereas 
non-cardiac surgeries were more frequently reported in the low-
risk group.

Regarding cardiovascular diagnoses, ischemic heart disease 
was the most common overall, comprising non-ST-segment 
elevation myocardial infarction (24.94%), ST-segment eleva-
tion myocardial infarction (22.79%), and angina (17.28%). 
Congestive heart failure was present in 11.35% of the total co-
hort and occurred most frequently in the high-risk group. Simi-
larly, atrial fibrillation was observed predominantly in the 
high-risk group. CPET results showed significant differences 
among the risk groups in terms of maximal oxygen consump-
tion (VO2 max), maximal and HR_rest, predicted maximal % 
HR, MET, O2 pulse, systolic blood pressure (SBP) (resting and 
maximal), exercise duration, rate pressure product, and per-
ceived exertion. VO2 max was lowest in the high-risk group 
(20.24±7.09), followed by the moderate-risk group (25.46±12.04) 
and the low-risk group (26.54±5.20) (p<0.0001).

Performance of the risk stratification model using the 
entire dataset
In this study, the classification performance of the risk stratifi-
cation model was evaluated using a test dataset of 116 indi-
viduals. The machine learning models were trained using the 
full set of features, and their performance was validated by as-
sessing their concordance with clinician-assigned risk types 
in an independent test dataset.

Table 4 lists the performance metrics of the models, includ-
ing accuracy, precision, recall, F1-score, and AUC. Among the 
LR, SVM, XGBoost, and RF algorithms, XGBoost demonstrated 
the highest overall performance, achieving an accuracy of 
76.72%, a precision of 79.82%, a recall of 69.33%, an F1-score of 
72.66%, and an AUC of 88.76%. In terms of the AUC, XGBoost 
outperformed the other models, followed by RF (88.32%), SVM 
(84.76%), and LR (80.98%). These results indicate that XGBoost 
yielded the most accurate and balanced performance for clas-
sifying risk types across the test dataset. The ROC curve for the 
XGBoost model presented in Fig. 2 demonstrates the high dis-
criminatory capacity of the model for classifying risk types. The 
AUC value of 88.76% further supports the robustness of this 
model compared with those of the other tested algorithms.

To investigate the contribution of individual features to the 
classification performance of the XGBoost model, the feature 
importance was assessed using the F-score, which reflects the 
frequency at which a feature is used to split nodes in decision 
trees; a higher score indicates greater influence on the model’s 
risk-type categorization. The top 20 most important features 
identified using the XGBoost model are presented in Fig. 3. The 
x-axis represents the relative importance of each feature and 
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Table 2. Demographic and Clinical Characteristics of Participants According to Risk Type

Characteristic
Total

(n=1163)
Risk type

p
Low (n=214) Moderate (n=650) High (n=299)

Age (yr)     59.14±12.56     58.13±12.42     59.32±12.21     59.47±13.40 0.4240
Sex (Male : Female) 904 : 259 146 : 68 528 : 122 230 : 69 0.0144
Height (cm) 165.44±8.67 164.75±8.96 165.70±8.78 165.38±8.18 0.3759
Body weight (kg)     68.89±12.97     67.77±11.18     69.58±13.07     68.19±13.87 0.1177
Body mass index (kg/m2)   25.07±3.61   24.93±3.18   25.23±3.52   24.83±4.05 0.2333
Comorbidity

Hypertension 752 (64.66) 100 (46.73) 437 (67.23) 215 (71.91) <0.0001*
Diabetes 324 (27.86) 46 (21.50) 193 (29.69) 85 (28.43) 0.4879
Hyperlipidemia 519 (44.63) 64 (29.91) 302 (46.46) 153 (51.17) 0.0004*
Liver 25 (2.15) 8 (3.74) 12 (1.85) 5 (1.67) 0.7864
Lung disease 25 (2.15) 2 (0.93) 14 (2.15) 9 (3.01) 0.8623
Cancer 45 (3.87) 11 (5.14) 12 (1.85) 22 (7.36) 0.0066

Surgery/procedure
Heart surgery 204 (17.54) 25 (11.68) 94 (14.46) 85 (28.43) <0.0001*
Heart procedure 315 (27.09) 48 (22.43) 176 (27.08) 91 (30.43) 0.6703
Other surgeries 391 (33.62) 99 (46.26) 204 (31.38) 88 (29.43) 0.0039

Cardiovascular disease
Angina 201 (17.28) 49 (22.90) 101 (15.54) 51 (17.06) 0.4107
NSTEMI 290 (24.94) 47 (21.96) 176 (27.08) 67 (22.41) 0.7275
STEMI 265 (22.79) 30 (14.02) 176 (27.08) 59 (19.73) 0.0069
Congestive heart failure 132 (11.35) 26 (12.15) 36 (5.54) 70 (23.41) <0.0001*
Mitral stenosis 19 (1.63) 4 (1.87) 7 (1.08) 8 (2.68) 0.7641
Mitral regurgitation 63 (5.42) 18 (8.41) 32 (4.92) 13 (4.35) 0.5800
Aortic stenosis 29 (2.49) 0 (0.00) 22 (3.38) 7 (2.34) 0.2670
Aortic regurgitation 18 (1.55) 6 (2.80) 3 (0.46) 9 (3.01) 0.0756
Pulmonary stenosis 1 (0.09) 1 (0.47) 0 (0.00) 0 (0.00) 0.6176
Atrial fibrillation 91 (7.82) 5 (2.34) 44 (6.77) 42 (14.05) 0.0002*
Paroxysmal supraventricular tachycardia 1 (0.09) 1 (0.47) 0 (0.00) 0 (0.00) 0.6176
Arteriovenous block 5 (0.43) 0 (0.00) 5 (0.77) 0 (0.00) 0.6817
Others 48 (4.13) 14 (6.54) 19 (2.92) 15 (5.02) 0.4084
Aortic dissection 15 (1.29) 0 (0.00) 10 (1.54) 5 (1.67) 0.7499
Aortic aneurysm 6 (0.52) 0 (0.00) 1 (0.15) 5 (1.67) 0.1030

NSTEMI, non-ST-segment elevation myocardial infarction; STEMI, ST-segment elevation myocardial infarction.
Data are presented as mean±standard deviation or n (%).
*p<0.001. 

not an absolute scale. Among all the features, the minute venti-
lation carbon dioxide output ratio (VE/VCO2) exhibited the 
highest importance, followed by SBP max and VO2 max. Other in-
fluential factors include exercise duration, predicted VO2, and age. 

The SHAP beeswarm plot for the high-risk class (Fig. 4) illus-
trates how individual feature values influence the model’s as-
signment of the high-risk label. Each dot represents one patient; 
the actual value of the feature is shown in color, with red indi-
cating higher values and blue indicating lower values; the hori-
zontal position corresponds to the SHAP value. Positive SHAP 
values push the model output toward high-risk classification, 
whereas negative values push it toward low-risk categorization. 
Overall, VE/VCO2, VO2 max, HR_rest, and age are the principal 
determinants that push the model toward high-risk classification.

Performance of the risk stratification model via 
feature selection
To improve model interpretability and reduce overfitting, a risk 
stratification model was developed using a subset of features 
selected using a LASSO-based feature selection method. The 
degree of regularization was controlled by varying the α pa-
rameter. Feature selection was applied before model develop-
ment using the XGBoost algorithm, which demonstrated the 
highest performance when trained on a full set of features.

Table 5 summarizes the performance metrics of the XGBoost 
models trained using different α values. Among the tested val-
ues, an α of 0.001 yielded the best overall performance, with an 
accuracy of 79.31%, precision of 82.07%, recall of 72.46%, F1-
score of 75.49%, and AUC of 89.40%. These results suggest that 
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(e.g., 0.1) imposed stronger regularization, substantially reduc-
ing model performance across all evaluation metrics. This in-
dicates that excessive regularization may eliminate informa-
tive features and degrade the model’s classification accuracy 
in identifying the expected outcomes.

The top 20 features most critical to the performance of the 
XGBoost model following LASSO-based selection are ranked 
by their F-scores in Fig. 5. The F-score quantifies the usage fre-
quency of each feature in node splitting within the decision 
trees, thereby reflecting the relative contribution to stratification 
accuracy. Among these features, VE/VCO2 and weight achieved 
the highest importance, followed sequentially by predicted 
maximal VO2, maximal SBP, and HR_rest.

The corresponding SHAP beeswarm plot for the high-risk 
class (Fig. 6) was derived from the XGBoost model trained on 
the LASSO-selected features (α=0.001). This analysis reveals that 
impaired ventilatory efficiency, reduced aerobic capacity, ele-
vated HR_rest, advanced age, and specific comorbidities (hy-
perlipidemia and heart failure) exert the greatest positive in-
fluence on high-risk category assignment.

Table 3. Aerobic Exercise Load Test Results of the Participants According to Risk Type

Characteristic
Total 

(n=1163)
Risk type

p
Low (n=214) Moderate (n=650) High (n=299)

VO2 max (mL/kg/min) 24.32±10.24 26.54±5.20 25.46±12.04 20.24±7.09 <0.0001*
Maximal HR (bpm) 138.39±23.86 144.88±20.79 138.14±23.04 134.28±26.61 <0.0001*
Resting HR (bpm) 75.46±13.23 72.45±11.98 74.42±11.95 79.86±15.51 <0.0001*
% of predicted maximal HR 86.00±13.92 89.65±11.88 85.82±13.92 83.78±14.78 <0.0001*
Maximal MET 6.97±3.27 7.61±1.51 7.28±3.96 5.83±2.03 <0.0001*
Maximal ventilatory threshold (mL/kg/min) 21.37±66.20 23.91±69.01 22.89±78.87 16.25±10.18 0.2941
Minute ventilation-carbon dioxide output ratio 35.29±90.27 28.80±5.16 36.73±120.54 36.79±8.35 0.5084
Maximal oxygen pulse (mL/beat) 12.44±5.19 12.98±2.98 13.04±6.09 10.76±3.75 <0.0001*
Predicted VO2 max (%) 92.19±29.82 94.78±20.90 93.10±27.92 88.36±37.90 0.0280
Maximal SBP (mm Hg) 169.88±56.18 182.18±30.15 170.70±69.54 159.31±30.08 <0.0001*
Maximal DBP (mm Hg) 74.37±12.84 75.20±13.48 74.68±12.71 73.09±12.59 0.1185
Resting SBP (mm Hg) 122.10±16.92 126.19±16.24 121.67±16.91 120.12±16.97 0.0002*
Resting DBP (mm Hg) 75.00±11.84 76.84±12.11 74.76±11.78 74.21±11.66 0.0335
Exercise duration (sec) 769.96±353.84 861.72±148.06 798.46±421.78 642.34±246.88 <0.0001*
Maximal respiratory exchange ratio 1.19±2.98 1.12±0.10 1.27±3.98 1.06±0.20 0.5601
Maximal rate pressure product (mm Hg · beats/min) 23453.48±14955.83 26329.10±16456.37 23907.34±16927.42 20408.71±6236.69 <0.0001*
Maximal rate perceived exertion 17.32±1.88 17.19±1.98 17.66±1.70 16.68±2.02 <0.0001* 
VO2 max, maximal oxygen consumption; HR, heart rate; MET, metabolic equivalents of task; SBP, systolic blood pressure; DBP, diastolic blood pressure.
Data are presented as mean±standard deviation.
*p<0.001. 

Table 4. Performance Metrics of the Risk Stratification Model Using the Entire Dataset

Accuracy Precision Recall F1-score AUC
Logistic regression 66.38 (57.76–74.14) 65.42 (53.36–76.56) 58.46 (49.21–68.13) 60.66 (49.94–70.01) 80.98
Support vector machine 71.55 (63.79–80.17) 70.78 (59.30–81.37) 63.13 (54.02–71.96) 65.55 (55.74–74.95) 84.76
Extreme gradient boosting 76.72 (68.97–84.48) 79.82 (69.82–88.54) 69.33 (59.54–78.58) 72.66 (62.89–81.36) 88.76
Random forest 71.55 (62.93–79.31) 76.72 (64.68–87.29) 60.62 (51.80–70.11) 63.57 (53.67–72.64) 88.32
AUC, area under the curve.
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Fig. 2. Receiver operating characteristic curve analysis of the extreme 
gradient boosting-based risk type prediction model. AUC, area under the 
curve.

moderate regularization balances the trade-off between model 
complexity and generalization, effectively reducing overfitting 
while retaining essential features. Conversely, a higher α value 
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Fig. 3. Top 20 feature importance plot of the extreme gradient boosting model using all features. The VE/VCO2 ratio contributed most to risk prediction (F-
score=3906), followed by maximal systolic blood pressure (3594), maximal oxygen consumption (3515), exercise duration (3330), and percentage of predict-
ed maximal VO2 (3223).
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Fig. 4. SHAP beeswarm plot for the high-risk class, generated from an extreme gradient boosting model trained on all 46 features. The VE/VCO2 ratio, VO2 
max, resting heart rate, age, and exercise duration are the strongest predictors of high cardiovascular risk. Higher cardiopulmonary fitness (as indicated 
by VO2 max) is protective, whereas elevated VE/VCO2 and resting heart rate reflect greater cardiovascular strain and increase risk.

Table 5. Performance Metrics of the Risk Stratification Model Using LASSO-Based Feature Selection

Alpha (α) Accuracy Precision Recall F1-score AUC (mean)
0.1 66.38 (57.76–75.00) 69.87 (56.53–80.89) 54.46 (45.32–63.93) 57.02 (46.57–66.35) 78.66
0.01 74.14 (65.52–81.90) 76.25 (65.94–85.66) 66.15 (56.79–75.33) 69.11 (59.24–78.59) 87.40
0.001 79.31 (71.55–86.21) 82.07 (72.99–90.25) 72.46 (63.47–81.51) 75.49 (65.90–83.37) 89.40
0.0001 73.28 (65.52–81.03) 76.20 (65.52–86.42) 64.87 (56.53–73.84) 67.96 (57.96–76.36) 88.14

LASSO, least absolute shrinkage and selection operator; AUC, area under the curve.
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DISCUSSION

CR is beneficial in reducing secondary cardiovascular events 
and cardiovascular death rates.4 In this study, we aimed to de-
velop a machine learning–based model to classify risk levels for 
exercise-related cardiovascular events in patients with CVD, us-

ing clinician-assigned risk levels as the reference standard.
We developed an XGBoost-based machine learning model 

incorporating 46 variables to stratify the risk levels associated 
with exercise-related cardiovascular events in patients with 
CVD. The model was trained using risk categories assigned by 
clinicians, who determined the stratification by integrating 
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Fig. 6. SHAP beeswarm plot for the high-risk class, generated from an XGBoost model trained on the features selected by least absolute shrinkage and se-
lection operator (α=0.001). The VE/VCO2 ratio, VO2 max, resting heart rate, age, and exercise duration were identified as the strongest predictors of high car-
diovascular risk. Higher VE/VCO2, elevated resting heart rate, and the presence of hyperlipidemia or congestive heart failure drive the model toward high-
risk prediction. Conversely, higher VO2 max and the percentage of predicted VO2 levels, along with younger age, reduce the predicted risk.

Fig. 5. Feature importance of the top 20 predictors selected by LASSO feature selection (α=0.001) and evaluated using the extreme gradient boosting F-
score. The VE/VCO2 ratio exhibits the highest importance (F-score=917), followed by weight (875), percentage of predicted maximal VO2 (775), maximal 
systolic blood pressure (774), and resting heart rate (729).
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CPET results and clinical data in accordance with the AACVPR 
guidelines. The model demonstrated high accuracy in risk 
stratification, achieving an accuracy of 76.72% and an AUC of 
88.76%, reflecting XGBoost’s ability to capture complex non-
linear relationships and interactions among clinical features. 
Among the most influential factors for risk stratification identi-
fied by the XGBoost model, ventilatory efficiency, aerobic ca-
pacity, HR_rest, and age were the most important. SHAP analy-
sis further confirmed that elevated VE/VCO2 and reduced VO2 
max were strongly associated with high-risk classification, un-
derscoring the critical role of ventilatory and aerobic efficien-
cies in risk stratification.

To enhance interpretability and the accuracy of risk strati-
fication, we applied LASSO-based feature selection, which 
improved performance (accuracy=79.31%, AUC=89.40%) by 
reducing redundant features and streamlining the model. Us-
ing a LASSO-based feature selection approach (α=0.001), the 
XGBoost model identified VE/VCO2, body weight, predicted 
maximal VO2, maximal SBP, and HR_rest as the most critical 
factors driving the risk stratification, based on F-scores. SHAP 
beeswarm plot analysis for the high-risk class derived from this 
LASSO-refined model indicated that impaired ventilatory effi-
ciency, reduced aerobic capacity, elevated HR_rest, older age, 
and comorbid conditions such as hyperlipidemia and heart fail-
ure were the strongest contributors to high-risk classification.

The ventilatory equivalent of carbon dioxide (VE/VCO2 slope), 
which represents the amount of ventilation required to elimi-
nate carbon dioxide during exercise, is a well-established pa-
rameter of ventilatory efficiency measured using CPET. It reflects 
not only pulmonary function but also cardiovascular pathophys-
iology such as impaired cardiac output, increased pulmonary 
vascular resistance, and elevated left ventricular filling pres-
sures. Previous studies have consistently linked elevated VE/
VCO2 values to poorer cardiovascular outcomes and greater 
diastolic dysfunction severity.29,30 Similarly, VO2 max is a robust 
and objective indicator of cardiac function, with modest im-
provements linked to clinically meaningful reductions in cardio-
vascular-related hospital readmissions and all-cause mortality 
in patients with coronary artery disease and heart failure.31,32 
Our findings are consistent with this evidence and reinforce the 
clinical significance of CPET-derived parameters in determin-
ing risk categories.

A notable finding of this study is the model’s ability to achieve 
a high level of concordance with clinician-assigned risk stratifi-
cation despite being trained on a comparatively limited dataset. 
Whereas clinician-based assessment incorporates multidimen-
sional clinical information—such as echocardiographic param-
eters (e.g., left ventricular EF), continuous electrocardiographic 
monitoring for exercise-induced arrhythmias and hemody-
namic responses (blood pressure and HR), and post-treatment 
clinical stability (including recent coronary artery disease, per-
cutaneous coronary intervention, or coronary artery bypass 
grafting)—in accordance with the AACVPR guidelines, the pro-

posed AI model relied primarily on baseline medical history 
and CPET-derived variables (Supplementary Table 1, only online).

The model’s ability to closely approximate expert risk classifi-
cation in the absence of direct echocardiographic data or real-
time electrocardiographic waveforms suggests that physiologi-
cal responses elicited during exercise testing may act as robust 
surrogates for more complex clinical and imaging-based pa-
rameters. These findings underscore the potential utility of the 
proposed AI-based approach as a streamlined and automated 
screening tool, particularly in clinical environments where im-
mediate access to advanced cardiac imaging or specialized 
electrocardiographic interpretation is limited. 

The strengths of this study include a large, multicenter, retro-
spective dataset from the Korean population, which provides a 
tailored risk stratification tool to guide CR prescriptions. The 
model maintained high accuracy even with limited non-exer-
cise test data, thereby enhancing its clinical utility. 

However, several limitations of this study should be acknowl-
edged. First, a limitation of this study relates to the definition of 
the study population. As this work constitutes a secondary anal-
ysis of an open-access database, detailed information regard-
ing the original inclusion and exclusion criteria and screening 
procedures of the primary cohort was not fully available. Al-
though the dataset was generated as part of a standardized na-
tional project using a unified protocol to promote consistency 
across participating institutions, the lack of granular recruit-
ment details limits precise characterization of the study popu-
lation. This limitation arises from the methodological charac-
teristics of secondary analyses using national or administrative 
datasets. Second, the retrospective design and the use of a da-
taset derived from a single cohort across three hospitals may 
limit the generalizability of our findings. While internal valida-
tion was conducted to assess model performance, the absence 
of external validation using independent datasets from diverse 
institutions or ethnic populations restricts the applicability of 
the model to the broader population of CR patients. Further-
more, as this study was conducted exclusively on Korean pa-
tients, our results may not fully reflect the clinical characteris-
tics of other populations. Therefore, international validation 
involving different healthcare systems and diverse disease 
profiles is essential to confirm the global generalizability of our 
findings. Third, exercise intensity prescriptions in the dataset 
were based solely on HR. This approach may be less reliable 
for patients taking beta-blockers, which can blunt HR respons-
es. Future studies should incorporate alternative measures, 
such as the Borg Rating of Perceived Exertion (RPE), to ensure 
more robust exercise prescriptions. Fourth, this study did not 
include outcome-based validation. The model was trained and 
evaluated against clinician-assigned risk classifications rather 
than longitudinal clinical outcomes, such as major adverse car-
diovascular events, mortality, or exercise-related complications. 
Consequently, the findings primarily reflect the model’s ability 
to reproduce expert clinical judgment rather than its direct 
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prognostic performance. Prospective validation against objec-
tive clinical outcomes is an essential next step to establish the 
clinical utility of this approach. Finally, the reference labels used 
for training were based on expert clinician judgment, which is 
inherently subject to inter-rater variability and subjectivity. Al-
though risk stratification followed established guidelines, indi-
vidual clinician interpretation may have influenced the labeling 
process. Future research employing more objective labeling strat-
egies or consensus-based multi-rater assessments could help 
mitigate this limitation and further improve model reliability.

To the best of our knowledge, this is among the first studies to 
develop a machine-learning model specifically aimed at classi-
fying CR risk levels, which may assist in standardizing risk strati-
fication for benchmarking existing clinical classifications of ex-
ercise-related cardiovascular events and potentially help optimize 
exercise interventions pending clinical validation. While the cri-
teria for this stratification can vary across clinical guidelines, our 
model successfully integrates complex factors—such as age, co-
morbidities, EF, and history of intervention—to replicate the 
expert clinical judgment required to identify these specific risk 
categories. 

To ensure the generalizability of these findings, a concrete 
external validation strategy is warranted. Future studies should 
prioritize multicenter collaborations involving diverse clinical 
settings, from primary clinics to tertiary academic centers, and 
encompass patient populations with varied ethnic backgrounds 
and healthcare systems. Supporting generalizability would re-
quire demonstrating consistent discriminative performance, 
specifically maintaining high sensitivity and specificity, along 
with robust AUC-ROC and F1-scores, across different disease 
profiles and institutional datasets. Looking ahead, data accumu-
lation, including prescriptions and actual patient outcomes, 
will enable precise analysis of exercise-related events and side 
effects, thereby improving the accuracy and safety of CR pre-
scriptions using evidence-based AI models. 

This approach has the potential to assist clinical decision-
making by offering objective and standardized risk assessments. 
However, while the model reproduces clinician-assigned risk 
classifications, its ability to actually reduce adverse events or im-
prove clinical outcomes has not been validated. Prospective 
studies incorporating clinical outcome measures are essential 
before routine clinical implementation.
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