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This study examined the predictive performance of cardiovascular disease (CVD)-specific mortality 
using traditional statistical and machine learning models with non-invasive indicators, and assessed 
whether adding blood lipid profiles improves prediction. Data were from 1,749,444 Korean adults 
(44.7% female) from the Korea Medical Institute. Non-invasive predictors included sex, age, waist-to-
height ratio, diabetes, hypertension, and physical activity; invasive variables included triglycerides, 
fasting glucose, and cholesterol. CVD-specific mortality was tracked over a 10-year follow-up. We 
applied Cox proportional hazards models (with and without elastic net penalty), Random Survival 
Forest, Gradient Boosting Survival, and Survival Tree models. Predictive performance was compared 
using area under the curve (AUC), c-index, and Brier score. All models using only non-invasive 
predictors achieved AUCs > 0.800 and were not inferior to models including blood profiles. Machine 
learning models showed slightly higher predictive performance over time than traditional models, but 
differences were not substantial. Both approaches appear valid for predicting CVD-specific mortality 
using non-invasive data. Machine learning models may offer marginally improved prediction, and the 
addition of invasive variables may not substantially enhance model performance.
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Cardiovascular disease (CVD) stands as the leading global cause of mortality, contributing to 32% of all 
deaths1. In Korea, CVD-specific mortality ranks as the second leading cause of death2. Fatalities stemming from 
CVD often manifest abruptly, with cardiac arrest frequently preceding demise, and frequently occur without 
preceding prognostic indicators or discernible symptoms3–5. Consequently, averting cardiovascular-related 
deaths constitutes paramount importance, prompting the development of risk assessment models aimed at the 
prediction and mitigation of CVD.

There have been well-established CVD risk prediction models, including the Framingham Risk Score model 
developed in the United States6,7 and the SCORE Project developed in Europe8. These prediction models serve 
as web-based tools to aid clinicians in decision-making regarding CVD risk management in primary medical 
institutions and are valuable in personal healthcare9. However, the application of the Framingham Risk Score 
model may lead to an overestimation of risk in Koreans10, and to date, there is no established CVD or CVD 
mortality prediction model specifically tailored for the Korean population. Furthermore, foreign prediction 
models may exhibit racial and/or cultural disparities7,8,10,11; therefore, it could be challenging to apply and 
generalize to the Korean population.
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Currently, in Korea, there are CVD prediction services offered by the Korean National Health Insurance 
Service and national health examination CVD risk assessment models4,12. However, the predictive performance 
of these models utilizing age, blood pressure, blood indicators, diabetes, and smoking may not be sufficiently 
accurate for CVD prediction services4. Additionally, there is a lack of long-term follow-up data representing 
Koreans for future health risk assessment purposes12.

To address the limitations of current CVD prediction models, numerous studies have examined model 
validation for predicting CVD using both traditional statistical methods6–12 and the increasingly popular 
machine learning techniques13. However, research on models specifically predicting mortality from CVD 
remains inadequate, with no studies comparing the predictive efficacy of traditional statistical approaches to 
newer machine learning methods in developing such models. Therefore, this study seeks to fill this gap by 
leveraging long-term large cohort data representative of Koreans to develop a predictive model capable of easily 
and accurately self-assessing the risk of death from CVD.

The objective of this study was to assess and contrast the predictive abilities for CVD mortality of conventional 
statistical techniques and machine learning analyses, encompassing both modifiable and non-invasive factors, 
such as physical activity and anthropometric indicators. These variables, straightforward to measure and closely 
linked to lifestyle, are incorporated as predictive factors in the model for predicting mortality from CVD. 
Furthermore, our study examined the predictive ability of the traditional statistical approach, which relies solely 
on non-invasive variables, in comparison to the machine learning statistical method when additional invasive 
variables (e.g., blood indicators) are integrated into the predictive model.

Results
Participants characteristics
Table 1 presents an overview of the general characteristics of both deceased and surviving participants from 
CVD. Participants who died from CVD were generally older and had more unfavorable cardiometabolic profiles, 
including higher blood pressure, glucose, triglycerides, and lower high-density lipoprotein cholesterol. They also 
had lower physical activity levels, particularly in walking and overall activity. Body mass index did not differ 
significantly in men but was higher in women with CVD events. Among the total participants, 1,791 participants 
died from CVD, with 1,357 being male and 434 females, indicating a higher mortality rate among men compared 

Variables

No event Events

No event vs. 
Events
P-value

Male Female Male Female

Male Femalen = 961,370 n = 776,742 n = 1357 n = 434

Age, years 40.30 ± 11.51 39.74 ± 12.53 57.75 ± 14.29 61.89 ± 14.06 < 0.001 < 0.001

Height, cm 172.87 ± 6.11 159.98 ± 5.76 168.01 ± 7.08 154.15 ± 6.76 < 0.001 < 0.001

Weight, kg 73.94 ± 11.08 57.15 ± 8.95 69.66 ± 12.22 57.50 ± 10.00 < 0.001 < 0.001

BMI, kg/m2 24.70 ± 3.19 22.34 ± 3.40 24.59 ± 3.47 24.17 ± 3.78 0.916 < 0.001

WC, cm 83.12 ± 8.17 72.36 ± 8.60 85.19 ± 8.52 80.39 ± 9.46 < 0.001 < 0.001

WHtR, % 48.11 ± 4.77 45.31 ± 5.82 50.76 ± 5.19 52.27 ± 6.72 < 0.001 < 0.001

SBP, mmHg 121.76 ± 12.50 112.89 ± 13.15 128.94 ± 15.71 126.89 ± 17.08 < 0.001 < 0.001

DBP, mmHg 75.2 ± 9.23 69.49 ± 9.11 78.38 ± 11.35 76.71 ± 11.27 < 0.001 < 0.001

Fasting glucose, mg/dL 96.69 ± 18.79 91.65 ± 15.15 107.78 ± 32.89 104.95 ± 38.49 < 0.001 < 0.001

Triglyceride, mg/dL 123.93 ± 94.31 81.10 ± 53.13 149.64 ± 113.21 124.17 ± 83.10 < 0.001 < 0.001

HDL cholesterol, mg/dL 50.37 ± 13.66 61.74 ± 15.89 47.67 ± 13.83 55.4 ± 15.14 < 0.001 < 0.001

LDL cholesterol, mg/dL 104.38 ± 33.04 98.94 ± 31.58 104.17 ± 38.99 109.80 ± 35.76 0.783 < 0.001

Diabetes, n (%) 39,494 (4.1) 15,671 (2.0) 199 (14.7) 46 (10.6) < 0.001 < 0.001

Hypertension, n (%) 73,557 (7.7) 26,270 (3.4) 309 (22.8) 90 (20.7) < 0.001 < 0.001

Frequency of physical activity times/week

Vigorous intensity 1.34 ± 1.59 0.86 ± 1.44 1.26 ± 1.83 0.89 ± 1.62 0.334 0.828

Moderate intensity 1.52 ± 1.72 1.27 ± 1.72 1.35 ± 1.89 1.27 ± 1.97 0.018 0.944

Walking 3.13 ± 2.17 2.90 ± 2.18 2.72 ± 2.47 2.40 ± 2.48 < 0.001 < 0.001

Physical activity level < 0.001 0.009

Active, n (%) 87,740 (9.1) 46,064 (5.9) 148 (10.9) 38 (8.8)

Minimally active, n (%) 462,626 (48.2) 318,623 (41.0) 520 (38.3) 148 (34.1)

Inactivity, n (%) 410,704 (42.7) 412,055 (53.0) 689 (50.8) 248 (57.1)

Table 1.  Participants characteristics according to CVD mortality. Data are presented as mean ± standard 
deviation or n (%). The differences between event vs. no event were tested using either independent samples 
t-tests or Chi-square tests, as appropriate. Abbreviation: CVD, cardiovascular disease death; BMI, Body mass 
index; WC, Waist circumference; WHtR, Waist to height ratio; SBP, Systolic blood pressure; DBP, Diastolic 
blood pressure; HDL-C, High density lipoprotein cholesterol; LDL-C, Low density lipoprotein cholesterol.
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to women (Supplemental Table 1; P < 0.001). Diabetes, and hypertension had a higher prevalence in men than 
in women (P < 0.001). The results of the CVD prediction model utilizing traditional statistical methods are 
presented in Supplemental Table 2. Across all participants, an increase in WHtR corresponds to an elevated 
risk of CVD mortality, with the risk ratio increasing significantly in the presence of hypertension, and diabetes 
(all P < 0.001).

Predictive performance using non-invasive variables only
The predictive performance of the both traditional statistical methods and machine learning approach models 
in the Validation Set, specifically including non-invasive variables is presented in Fig. 1. To evaluate the time-
dependent ROC-AUC, the mean ROC-AUCs of the Cox proportional hazards model and with elastic net 
penalty were 0.829 (95% CI: 0.811–0.847) and 0.806 (95% CI: 0.786–0.832) across all participants. The mean 
ROC-AUCs of Survival Tree, RSF, and GBS were 0.820 (95% CI: 0.803–0.840), 0.836 (95% CI: 0.813–0.856), and 
0.837 (0.819–0.853) across all participants, respectively.

Predictive performance using non-invasive plus invasive variables
Furthermore, the predictive performance of the both traditional statistical methods and machine learning 
approach models in the Validation Set, specifically including non-invasive plus invasive variables is presented in 
Fig. 2. The mean ROC-AUCs of the Cox proportional hazards model and with elastic net penalty were 0.833 (95% 
CI: 0.816–0.852) and 0.813 (95% CI: 0.788–0.831) across all participants. The mean ROC-AUCs of Survival Tree, 
RSF, and GBS were 0.819 (95% CI: 0.800-0.836), 0.844 (95% CI: 0.819–0.859), and 0.841 (0.816–0.854) across 
all participants, respectively. Overall, the predictive performance of both traditional statistical methods and 
machine learning prediction models was superior in females compared to males. Models that included invasive 
variables showed slightly higher predictive performance than those incorporating non-invasive variables only. 
However, the difference in predictive performance between models using non-invasive variables only vs. those 
with the additional inclusion of invasive variables was not significant, although this difference could not be 
statistically examined.

Predictive accuracy based on Brier scores
The predictive performances, expressed by the Brier score, of both traditional statistical methods and machine 
learning approach models in the Validation Set are presented. This includes models using non-invasive variables 
only (Supplemental Fig. 1) and models using both non-invasive and invasive variables (Supplemental Fig. 2). 
When evaluated in terms of the Brier score and integrated Brier score, the Cox PH and RSF models exhibited 
the lowest values, indicating relatively better predictive accuracy compared to the other models. Furthermore, 
the difference in predictive performance between models using only non-invasive variables and those including 
additional invasive variables was minimal, although this difference could not be statistically examined.

Comparative model performance based on ROC-AUC and c-Index
The comparative performance results for predicting CVD mortality (by including non-invasive variables only) 
among the Cox proportional risk models and with elastic net penalty using traditional statistical methods and 
the three machine learning models (RSF, GBS, Survival Tree) are presented in Table 2. Overall, the GBS model 
showed the highest ROC-AUC, and c-index compared to the other models. Furthermore, machine learning 
models appeared to outperform models using traditional statistical methods in terms of discriminatory 
performance and predictive accuracy, however, there were no notable differences, although this difference could 
not be statistically examined. The comparative performance results for predicting CVD mortality (by including 
both non-invasive and invasive variables) are presented in Table 3. Overall, the RSF or GBS model showed the 
highest ROC-AUC, and c-index compared to the other models. Similar to the prediction models using non-
invasive variables only, machine learning models appeared to outperform models using traditional statistical 
methods in terms of discriminatory performance and predictive accuracy, however, there were no notable 
differences, although this difference could not be statistically examined.

Discussion
Utilizing large-scale longitudinal data, this study examined Koreans, incorporating non-invasive measurement 
indicators relevant to predicting CVD-specific mortality alongside additional blood indicators. First of all, all 
prediction performances examined in this study using non-invasive variables appear to be sufficiently valid 
in predicting CVD mortality. Overall, the predictive ability of the machine learning-based predictive model 
surpassed that of traditional statistical methods. Interestingly, there was no significant disparity in predictive 
performance between the model incorporating non-invasive predictive indicators only vs. the one integrating 
blood indicators when using either traditional statistical or machine learning methods.

The results of comparing the performance of models predicting CVD mortality over a 10-year observation 
period, which was divided into 10 equal intervals (each containing approximately 10% of the CVD mortality 
cases), showed that overall, machine learning-based models demonstrated higher predictive performance 
compared to Cox proportional hazard models for most segments during the observation period. The potential 
rationale for this is hypothesized as follows. First, the Cox proportional hazard model requires that the predictor 
variables used do not violate the proportional hazard assumption14. However, in practice it is common for the 
hazard ratio to change over time. For example, as age increases, the risk of mortality also tends to increase, and 
besides age, there is the possibility that the hazard ratio may be unstable over time15. Considering the biological 
and physiological responses, this assumption is often not valid15, and stratifying variables arbitrarily can lead 
to a deterioration in the predictive performance of the model16. Second, there is a limitation to applying the 
Cox proportional hazards model to high-dimensional data with a large number of predictor variables and 
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Fig. 1.  Prediction performance of cardiovascular disease mortality prediction model using traditional 
statistical methods and machine learning approach adjusting for non-invasive variables only (A, all 
participants; B, male; C, female). Adjusted for age, sex, diabetes status, hypertension status, physical activity 
level, and waist to height ratio. Abbreviations: PH, proportional hazard; RSF, Random Survival Forest; GBS, 
Gradient Boosting Survival; AUC, the area under the receiver operating characteristic curve.
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Fig. 2.  Prediction performance of cardiovascular disease mortality prediction model using traditional 
statistical methods and machine learning approach adjusting for both non-invasive and invasive variables 
(A, all participants; B, male; C, female). Adjusted for age, sex, diabetes status, hypertension status, physical 
activity level, waist to height ratio, fasting glucose, high-density lipoprotein cholesterol, low-density lipoprotein 
cholesterol, and triglyceride. Abbreviations: PH, proportional hazard; RSF, Random Survival Forest; GBS, 
Gradient Boosting Survival; AUC, the area under the receiver operating characteristic curve.
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computational complexity17. In contrast, algorithms used in machine learning-based prediction models such as 
RSF and GBS do not have assumption constraints on predictor variables like the proportional hazards assumption 
in the Cox model. Therefore, the selection of predictor variables is more flexible, and unlike Cox proportional 
hazards, these algorithms may be more appropriate for analyzing high-dimensional data. Furthermore, when 
stratifying variables, traditional statistical methods often rely on the discretion of the researcher to categorize 
continuous variables into discrete categories, which may lack clear criteria in some cases. In contrast, RSF can 
find the optimal split points based on the Gini index or entropy, which allows for a consistent and quantitative 
approach to finding the best split points that can most effectively differentiate between deceased and surviving 
individuals18. Additionally, the boosting algorithms used in this study have the characteristic of assigning 
weights to data that the prediction model fails to learn properly, thereby reconstructing the training data and 
boosting models with poor predictive performance through learning19,20. Third, unlike traditional statistical-
based prediction models, the ensemble learning-based prediction models used in this study have improved 

Prediction models Sex
Time dependent mean AUC
(95% CI)

C-index
(95% CI)

Integrated Brier Score
(95% CI)

Traditional statistics

Cox regression

All 0.833 (0.815–0.854) 0.829 (0.815–0.854) 0.048 (0.044–0.051)

Male 0.814 (0.792–0.844) 0.809 (0.792–0.844) 0.058 (0.052–0.062)

Female 0.853 (0.802–0.897) 0.858 (0.802–0.897) 0.027 (0.023–0.030)

Cox regression with elastic net penalty

All 0.813 (0.788–0.834) 0.810 (0.788–0.834) 0.049 (0.047–0.053)

Male 0.806 (0.777–0.832) 0.802 (0.777–0.832) 0.058 (0.054–0.065)

Female 0.846 (0.787–0.895) 0.852 (0.787–0.895) 0.027 (0.023–0.031)

Machine learning

Random Survival Forest

All 0.844 (0.825–0.863) 0.840 (0.825–0.863) 0.048 (0.045–0.051)

Male 0.819 (0.792–0.845) 0.812 (0.792–0.845) 0.058 (0.053–0.065)

Female 0.862 (0.819–0.906) 0.862 (0.819–0.906) 0.027 (0.023–0.032)

Gradient Boosting Survival

All 0.841 (0.819–0.858) 0.838 (0.819–0.858) 0.058 (0.053–0.062)

Male 0.818 (0.792–0.838) 0.810 (0.792–0.838) 0.071 (0.067–0.077)

Female 0.903 (0.883–0.920) 0.861 (0.821–0.901) 0.032 (0.028–0.037)

Survival Tree

All 0.819 (0.799–0.838) 0.817 (0.799–0.838) 0.049 (0.046–0.053)

Male 0.793 (0.762–0.815) 0.786 (0.762–0.815) 0.060 (0.055–0.067)

Female 0.819 (0.760–0.872) 0.823 (0.760–0.872) 0.029 (0.023–0.033)

Table 3.  Comparison of prediction performance between traditional statistics and machine learning models 
using both non-invasive and invasive variables. Models adjusted for age, sex (for all models only), waist 
to height ratio, hypertension status, diabetes status, physical activity level, fasting glucose, high-density 
lipoprotein cholesterol, low-density lipoprotein cholesterol, and triglyceride. Abbreviations: AUC, the area 
under the receiver operating characteristic curve; CI, confidence intervals.

 

Prediction models Sex
Time dependent mean AUC
(95% CI)

C-index
(95% CI)

Integrated Brier Score
(95% CI)

Traditional statistics

Cox regression

All 0.829 (0.809–0.851) 0.826 (0.809–0.851) 0.048 (0.044–0.051)

Male 0.809 (0.786–0.835) 0.806 (0.786–0.835) 0.058 (0.053–0.064)

Female 0.849 (0.798–0.897) 0.855 (0.798–0.897) 0.027 (0.023–0.032)

Cox regression with elastic net penalty

All 0.806 (0.783–0.829) 0.804 (0.783–0.829) 0.049 (0.045–0.051)

Male 0.797 (0.774–0.823) 0.797 (0.774–0.823) 0.059 (0.054–0.065)

Female 0.845 (0.799–0.892) 0.851 (0.799–0.892) 0.027 (0.023–0.032)

Machine learning

Random Survival Forest

All 0.836 (0.820–0.860) 0.834 (0.820–0.860) 0.048 (0.044–0.053)

Male 0.809 (0.785–0.834) 0.805 (0.785–0.834) 0.059 (0.054–0.066)

Female 0.845 (0.809–0.898) 0.849 (0.809–0.898) 0.027 (0.023–0.032)

Gradient Boosting Survival

All 0.837 (0.815–0.854) 0.834 (0.815–0.854) 0.058 (0.054–0.062)

Male 0.810 (0.786–0.836) 0.806 (0.786–0.836) 0.071 (0.066–0.078)

Female 0.869 (0.826–0.901) 0.868 (0.826–0.901) 0.032 (0.027–0.038)

Survival Tree

All 0.820 (0.796–0.842) 0.817 (0.796–0.842) 0.049 (0.046–0.053)

Male 0.797 (0.773–0.819) 0.791 (0.773–0.819) 0.061 (0.056–0.065)

Female 0.829 (0.767–0.877) 0.834 (0.767–0.877) 0.027 (0.024–0.032)

Table 2.  Comparison of prediction performance between traditional statistics and machine learning models 
using non-invasive variables only. Models adjusted for age, sex (for all models only), waist to height ratio, 
hypertension status, diabetes status, and physical activity level. Abbreviations: AUC, the area under the receiver 
operating characteristic curve; CI, confidence intervals.
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predictive performance compared to conventional statistical models by preventing biased results and enabling 
more rational inference21,22.

Despite the superiority of RSF and GBS models, as shown by slightly higher time-dependent AUCs, the Cox 
model consistently showed lower Brier scores, suggesting better calibration. This indicates a trade-off: machine 
learning-based models may excel at distinguishing between high- and low-risk individuals, while the Cox 
model may provide more accurate absolute risk estimates. These findings highlight the need to consider both 
discrimination and calibration when evaluating prognostic models and suggest that combining strengths from 
both modeling approaches may offer a more robust framework for CVD mortality prediction.

In previous studies using traditional statistical methods, superior predictive performance was reported 
by including blood indicators in addition to non-invasive variables4,6–8,10. Our study found that a predictive 
model for CVD mortality rates including non-invasive predictive variables only was not inferior to the model 
including blood indicators. However, as the absolute difference in predictive performance was minimal and 
varied depending on sex and analytical approach, further research is needed to determine whether predictive 
models incorporating blood indicators provide more precise predictions of CVD mortality rates or if simpler 
predictive models demonstrate sufficient predictive performance.

In addition to biological differences, disparities in the occurrence of metabolic diseases, including 
cardiovascular conditions, exist between sexes. Therefore, previous studies have also segmented CVD prediction 
models by sex7,8,10,11. Besides such sex disparities, variations in life expectancy between males and females may 
also have influenced the results of our predictive model to some extent7. In previous studies evaluating CVD 
prediction, it has been noted that predictive performance varies with the passage of time (age), and although there 
is no consistent pattern, sex differences exist7. Furthermore, given the substantial observed sex disparity in CVD 
mortality rates in our study, such differences could have contributed to variations in predictive performance.

The Cox proportional hazards model is a well-established statistical method traditionally used in clinical 
research, and its primary purpose lies in inferential analysis, to estimate the effect of covariates on the hazard 
of an event. In contrast, machine learning models, including RSF and GBS, are optimized for predictive 
accuracy. In this study, the Cox model was used both as a reference model and to identify statistically significant 
predictors of CVD mortality, whereas the machine learning algorithms were implemented with the primary 
goal of enhancing risk prediction performance. Our findings underscore the distinction between inferential and 
predictive modeling approaches. While the Cox model offers interpretable associations between risk factors and 
outcomes, it is not inherently optimized for prediction. In contrast, the ML models in our study demonstrated 
stronger time-dependent discrimination, highlighting their potential utility in risk prediction applications.

To our knowledge, our study is the first to compare the predictive performance of CVD mortality prediction 
models using traditional statistical methods and machine learning techniques, using a large-scale longitudinal 
dataset representing Korean adults. However, several limitations should be acknowledged. First, study findings 
may not be generalized to wider populations. The predictive performance of various CVD prediction models 
may differ among different cultural and racial groups4,11. In addition to this, our cohort, from a nationwide 
health-screening dataset, is skewed toward younger adults (median age 39 years; 11% ≥60 years), leading to a 
lower CVD mortality incidence than the general Korean population. Although the large person-time provided 
sufficient power, the relative paucity of older participants may limit generalizability to high-risk older groups. 
Furthermore, due to the limited availability of predictive variables in our study, there were constraints in utilizing 
the advantages of machine learning algorithms that integrate diverse variables to derive predictive outcomes. 
Moreover, although our study examined a large dataset, there were relatively few cases of CVD mortality. High 
censoring rates in survival analysis can result in reduced statistical power and potentially biased or unstable 
hazard ratio estimates. These issues are particularly relevant in rare event scenarios, where overfitting or 
exaggerated risk estimates may occur in complex models. However, a large nationally representative cohort with 
extended follow-up in this study offers sufficient person-time for modeling. Furthermore, we applied internal 
validation strategies and multiple modeling approaches to ensure the robustness of our findings. While this study 
aimed to develop CVD risk models in Korean using population-based data, we acknowledge that its applicability 
to clinical or high-risk populations may require further validation and model refinement. Additional work 
with a large dataset that includes more cases of CVD is warranted to confirm and expand upon our findings. 
Lastly, due to the dynamic nature of survival analysis data, where the distribution and variance of survivors and 
non-survivors continuously change over time, conventional statistical tests, such as Delong’s test23, cannot be 
applied to compare the performances of the prediction models. Thus, it was not possible to technically compare 
their differences. Instead, we estimated the 95% confidence intervals for the time-dependent AUC via repeated 
bootstrap sampling and presented the differences in AUC between the models as an alternative approach.

Both traditional statistical and machine learning models using non-invasive indicators demonstrated 
excellent predictive performance for CVD mortality during a 10-year follow-up period based on a Korean 
medical dataset. Moreover, the predictive performance of models using non-invasive indicators only was not 
inferior to those incorporating blood indicators for prediction. Furthermore, when compared to models using 
traditional statistical methods, those using machine learning techniques demonstrated superior performance 
in predicting mortality during the 10-year follow-up period. Although further research in various settings is 
warranted to validate our results, our findings could be a milestone in the development of a healthcare system 
specifically focused on the CVD mortality prediction models. Our study results imply potential improvements in 
risk assessment and long-term prognostication for CVD-specific mortality, advocating for the adoption of non-
invasive and machine learning-based approaches in healthcare decision-making to enhance patient outcomes.
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Methods
Data and study participants
We used the data from a longitudinal study tracking 1,749,444 adults aged 20 and above who attended health 
checkups at the Korea Medical Institute (KMI) comprehensive screening centers (Seoul, Suwon, Busan, Daegu, 
Gwangju, and Jeju) between January 2011 and December 2019. KMI centers provide standardized examinations 
that are subsidized by the National Health Insurance Service and therefore collect participants from all provinces, 
yielding a sample reflective of the general working-age population. Of the initial participants surveyed at KMI 
and who completed the health questionnaire, physical, anthropometric, and laboratory assessments, a total of 
1,739,903 individuals were included in the analysis, excluding 9,541 individuals who died from causes unrelated 
to CVD. Written informed consent was obtained from all participants in advance, and the study received 
approval from the Yonsei University Bioethics Committee. All methods were performed in accordance with the 
relevant guidelines and regulations.

Measurements
Physical activity
Physical activity levels were assessed using KMI’s Korean standardized questionnaire along with the International 
Physical Activity Questionnaire24. The intensity of physical activity was quantified using metabolic equivalent 
task (MET) values, with walking assigned a value of 3.3 METs, moderate-intensity activities rated at 4.0 METs, 
and high-intensity activities at 8.0 METs or higher. Total physical activity was then converted into MET-minutes 
per week, factoring in both the duration (in minutes) and frequency (times per week) of participation. For 
analytical purposes, physical activity was categorized into three groups: inactive, minimally active, and active, 
based on IPAQ criteria. Specifically, minimally active was defined as meeting at least one of the following criteria: 
engaging in at least three days of vigorous activity for a minimum of 20  min per week, or participating in 
moderate-intensity activity or walking for at least 30 min on at least five days per week, or any combination of 
walking, moderate, and vigorous activity for a minimum of five days per week, amounting to at least 600 MET-
minutes per week. Active individuals were those who either engaged in vigorous activities on at least three days 
per week, accumulating at least 1500 MET-minutes per week, or participated in walking for at least seven days 
per week, along with a combination of moderate and vigorous activities totaling at least 3000 MET-minutes.

Sociodemographics, health characteristics, and clinical measures
Sex and age were measured using a general questionnaire. Additionally, the waist-to-height ratio (WHtR) 
was calculated by dividing waist circumference by height, using measurements obtained from the KMI health 
examination data. The KMI health examination data also included major chronic disease status, including the 
presence or absence of diabetes, and hypertension (yes/no). Blood indicators including triglycerides, fasting 
blood glucose, and high-density/low-density lipoprotein cholesterol were measured after a 12-hour fast using a 
blood analyzer (Hitachi-7600 analyzer; Hitachi Ltd., Japan).

Cardiovascular disease mortality
CVD mortality was defined as follows: among the deceased individuals within a 10-year follow-up period, 
the International Classification of Diseases, Tenth Revision (ICD-10), encompassed essential hypertension, 
hypertensive heart disease, angina, acute myocardial infarction, other acute ischemic heart diseases, chronic 
ischemic heart disease, pulmonary embolism, other pulmonary heart diseases, acute and subacute endocarditis, 
acute myocarditis, myocarditis, cardiomyopathy, cardiac arrest, paroxysmal tachycardia, cardiac fibrillation 
and flutter, cardiac arrhythmia, heart failure, subarachnoid hemorrhage, intracerebral hemorrhage, other 
non-traumatic intracranial hemorrhages, cerebral infarction, other cerebrovascular diseases, sequelae of 
cerebrovascular diseases, mesenteric sclerosis, and aortic aneurysm dissection.

Statistical analysis, predictive model development, and performance evaluation
All conventional statistical analyses were performed using SPSS (Version 25.0, Armonk, NY, USA). Descriptive 
statistics and frequency analyses were conducted to assess the general characteristics of the participants at baseline 
concerning CVD mortality. Differences in general characteristics between men and women were analyzed using 
independent samples t-tests or Chi-square tests as appropriate. For predictors, missing values were observed 
for 352,165 instances of walking physical activities, 39,754 for WHtR, 30,044 for waist circumferences, 25,924 
for fasting blood glucose 19,490 for body mass index, 19,489 for body weight, 19,405 for height, 18,826 for 
moderate physical activities, and 15,041 for high-intensity physical activities. Missing values were addressed 
using the MissForest library25, which employs machine learning-based Random Forest techniques to impute 
missing values by learning from the characteristics and distribution of data.

For the machine learning analysis, 1,390,489 participants (80% of the total) were allocated to the “Model 
Building Set (Train & Internal Validation Set),” while the remaining 20% (n = 347,623) participants were assigned 
to the “Validation Set (Test Set).” A predictive model for CVD mortality was constructed using the model 
building set, and its performance was assessed using the Validation Set, representing data encountered by the 
developed model for the first time. Survival analysis was conducted, with the survival function estimated using 
the Cox proportional hazards model and the Cox proportional hazards model with elastic net penalty26 and 
predictive algorithms such as Random Survival Forest (RSF), Gradient Boosting Survival (GBS), and Survival 
Tree models. For the Cox proportional hazards models, the proportional hazards assumption was assessed 
using both graphical methods (log-minus-log plots) and Schoenfeld residual tests. These diagnostics indicated 
no major violations of the proportional hazard assumption for the primary predictors. The performance of 
the developed predictive model was evaluated based on the time-dependent area under the receiver operating 
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characteristic curve (ROC-AUC)27 and the c-index28 for discriminatory performance, and the time-dependent 
Brier score and the integrated Brier score29 for predictive accuracy.

Predictors (i.e., exposure variable) included age at baseline, sex, duration of observation period, presence of 
diabetes, hypertension, physical activity levels (inactive, minimally active), and WHtR. CVD mortality within a 
10-year period was the primary outcome of interest. Furthermore, we compared the predictive abilities between 
the model using non-invasive predictors only vs. the model integrating additional blood indicators (invasive 
variables; triglyceride, fasting blood glucose, high/low-density lipoprotein cholesterol), presumed to confer 
enhanced predictive capacity. Prior to conducting the predictive model analysis, Cox regression analysis was 
used to identify predictors that potentially violated the proportional risk assumption30. Categorical variables were 
assessed using the Kaplan-Meier analysis method19. In the survival curve analysis based on the level of physical 
activity, an intersection emerged between participants categorized as active and those classified as minimally 
active around 3 years following the observation period. To further assess this observation, an additional 
Schoenfeld residual test was performed14,31, affirming the ongoing statistical significance of the risk ratio for CVD 
mortality concerning physical activity across the duration of the study. A significant temporal variation in the 
risk ratio of CVD mortality was observed with respect to age among the continuous variables. Consequently, an 
interaction variable, denoted as age*observation period, was derived and incorporated into the predictive model. 
This replacement was implemented to address the violation of the proportional risk assumption associated with 
the age variable30. However, including the age*observation period term did not materially change the prediction 
results; therefore, we presented the models without this term. Predictor selection followed a sequential two-
step process. First, a multivariable Cox model was fitted for inferential screening to remove variables lacking a 
statistically or clinically meaningful association with CVD mortality4,6–8,10. Second, the retained variables were 
passed through an ensemble feature-selection framework (filter, wrapper and embedded algorithms)32. The final 
predictor set was entered unchanged into both the Cox (elastic-net) and the three machine-learning models 
(RSF, GBS, Survival Tree). By holding the predictor set constant, this design attributes performance differences 
exclusively to the modeling approach. Subsequently, the development and validation of predictive models were 
conducted using the Jupyter notebook integrated development environment, Python version 3.8.8.

Data availability
The data that support the findings of this study are available from the corresponding author, upon reasonable 
request. All statistical analyses and machine learning procedures, including model training, validation, and per-
formance evaluation, were conducted using Python (ver. 3.8.8.). The full analysis code, including scripts for data 
preprocessing and model implementation, is available at: ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​S​e​o​n​​g​-​G​y​u​-​C​h​o​i​/​K​o​r​a​e​n​-​s​p​e​c​i​f​i​c​_​
C​V​D​_​r​i​s​k​_​m​o​d​e​l​/​b​l​o​b​/​m​a​i​n​/​C​V​D​_​R​i​s​k​_​m​o​d​e​l​.​i​p​y​n​b​.​​
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