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Cardiovascular disease (CVD) can often lead to serious consequences such as death or disability. This 
study aims to identify a tree-based machine learning method with the best performance criteria for 
the detection of CVD. This study analyzed data collected from 9,499 participants, with a focus on 
38 different variables. The target variable was the presence of cardiovascular disease (CVD) and the 
villages were considered as the cluster variable. The standard tree, random forest, Generalized Linear 
Mixed Model tree (GLMM tree), and Generalized Mixed Effect random forest (GMERF) were fitted to 
the data and the estimated prediction power indices were compared to identify the best approach. 
According to the analysis of important variables in all models, five variables (age, LDL, history of 
cardiac disease in first-degree relatives, physical activity level, and presence of hypertension) were 
identified as the most influential in predicting CVD. Fitting the decision tree, random forest, GLMM 
tree, and GMERF, respectively, resulted in an area under the ROC curve of 0.56, 0.73, 0.78, and 0.80. 
The GMERF model demonstrated the best predictive performance among the fitted models based on 
evaluation criteria. Regarding the clustered structure of the data, using relevant machine-learning 
approaches that account for this clustering may result in more accurate predicting indices and targeted 
prevention frameworks.
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Cardiovascular disease (CVD) can often lead to serious consequences such as death or disability1. According 
to the published reports, CVD is responsible for about 30% of all deaths globally, while it accounts for 46% 
of deaths in our country, Iran.2 If the current trend continues, it is predicted that approximately 23.6 million 
people will die from this disease in 20303. Furthermore, The economic costs of CVD are estimated to be around 
four hundred billion dollars throughout the world4. Similar to other non-communicable diseases, various 
factors influence the risk of cardiovascular disease5. Apparently, some of these factors such as age, gender, and 
inheritance, are beyond the control of the individuals, while factors like smoking, obesity, physical inactivity as 
well as higher levels of blood pressure, blood sugar, blood fat, and stress could be considered as the factors which 
can be managed by the individuals5–8.

In recent decades, data analysts have employed various statistical techniques to predict and identify effective 
indicators of non-communicable diseases9,10. In healthcare research, well-established statistical methods such as 
logistic regression (LR), Fisher’s discriminant analysis11, and the area under the curve (AUC) method have been 
extensively utilized to identify factors linked to different diseases and categorize subjects accordingly. However, 
the landscape of these statistical methods has undergone a significant transformation, driven by the exponential 
growth of data and enhanced access to detailed medical information6.

Machine learning (ML) algorithms, which fall under the broader field of artificial intelligence, employ 
different statistical, probabilistic, and optimization techniques to learn from previous experiences and identify 
helpful patterns in unstructured, complex, and big data sets12. Nowadays, there are numerous machine learning 
techniques available, such as support vector machines (SVM)13, decision trees (DT)14, random forests (RF)15, 
and K-nearest neighbor (KNN)16algorithms, each with its unique advantages and limitations making them 
suitable for different types of problems and datasets17. The choice of the most appropriate machine learning 
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method often depends on the specific requirements of the task at hand, the characteristics of the data, and the 
desired model performance18. Therefore, Ml techniques are continuously evolving and improving over time, 
which makes them more sophisticated and effective, with researchers and data analysts working to enhance their 
performance19.

The diagnosis of CVD in its initial stages and providing timely treatment remains a major challenge for 
cardiologists20. Detecting cardiovascular disease at early stages can provide the opportunity to treat patients and 
save numerous lives21. ML methods can assist cardiologists in predicting diseases at an early stage, allowing them 
to provide appropriate treatment for patients17. Literature review in this field shows that numerous studies have 
previously explored the application of machine learning in predicting cardiovascular disease, for instance, studies 
conducted by Marbaniang et al.22, Baghdadi et al.23, Swathy et al.24, and Pal et al.25. In the study by Subramani 
et al.26 seven different machine learning models were evaluated—logistic regression (LR), RF, DT, KNN, naive 
Bayes (NB), SVM, and extreme gradient boosting (XGB). The evaluation was performed on a dataset consisting 
of 1,190 samples. The results showed that for predicting the risk of CVD, the penalized logistic regression model 
outperformed the other machine learning approaches, similar to the performance of the SVM model. The 
KNN and RF models were ranked the next best. Ogunpola et al.27 evaluated seven traditional machine learning 
models—KNN, SVM, LR, Convolutional Neural Network (CNN), Gradient Boost, XGBoost, and RF—on two 
datasets: the Cardiovascular Heart Disease Dataset and the Heart Disease Cleveland Dataset, each containing 
1000 samples. When compared, the XGBoost model demonstrated the best performance, achieving an accuracy 
of 98.50% and a precision of 99.14%, outperforming the other six machine learning approaches. The study 
conducted by Uddin et al.28 employed a variety of ML algorithms to detect the presence of cardiac abnormalities. 
The algorithms utilized in the study included DT, AdaBoost Classifier (AB), Extra Trees Classifier (ET), SVM, 
Gradient Boost, MLP, XGB, RF, KNN, and LR. The researchers combined three different datasets with training 
and testing. The experimental results showed that, among the tested algorithms, the Decision Tree algorithm 
achieved the highest accuracy at 99.16%, outperforming the other ML techniques.

Typically, traditional statistical models such as linear models—the term “traditional models” refers to well-
established models—generally assume a linear relationship between the risk factors and outcomes29,30. In addition, 
these models tend to oversimplify complex relationships, which can include nonlinear interactions29,31,32. In 
contrast, machine learning (ML) models do not carry assumptions as traditional statistical models, like linear 
relationship or normally distributed residuals33This property enables the data analysts to thoroughly and 
effectively examine and analyze extensive amounts of data with numerous variables, and even medical images 
and signals34. The sole fundamental assumption in these machine learning models is the independence of the 
data35. The research studies that have been carried out up to this point have not placed sufficient emphasis or 
focus on examining and understanding the correlation between the data36–38. When data are collected over time 
(longitudinally) or as clusters, many ML methods may not be accurate or efficient due to the correlation within 
such data structures35,39. To resolve the challenge of correlated data, the integration of statistical and machine 
learning methods has recently been suggested . generalized mixed effects random forests40 and generalized 
linear mixed-model tree (GLMM tree)41 are some of these advanced techniques. These approaches combine 
the strengths of GLMMs to handle data with correlated structures and non-normal distributions42, along with 
the ability of tree-based machine learning to discovery and pattern recognition in the data43. This integrated 
methodology empowers researchers, particularly in fields like medicine, to tackle complex questions that involve 
evaluating the effectiveness of treatments while accounting for variability among individual patients44. Studies in 
this field show that utilizing classification techniques that match the data structure and appropriately handle the 
correlation arising from repeated measurements can lead to improved predictive performance remarkably35,45.

Regarding the significant burden of CVD in our country, Iran, and considering the clustered (correlated) 
nature of the available data from a cohort study in Fars Province, this study aims to utilize more complex 
statistical models to identify the most effective machine learning model for analyzing correlated data and 
rigorously evaluate the chosen model’s predictive capabilities for true classification of new patients at risk of 
CVD. By adopting more advanced modeling methodologies that are aligned with the data structure, researchers 
and policymakers will be better equipped to analyze the CVD landscape, identify critical patterns and trends, 
and inform the development of targeted strategies to address this major public health challenge.

Materials and methods
Data source
The data used in this study were from the baseline phase of the Fasa Cohort Study (FACS)46. The FACS was 
designed to examine and evaluate the health conditions and risk factors that contribute to the increased 
vulnerability of rural inhabitants to non-communicable diseases (NCDs) in Fasa, located in Fars Province, 
southern parts of Iran. The cohort consisted of 10,118 individuals aged 35 to 70 from 29 villages in the Sheshdeh 
and Qara Balag areas (suburbs of Fasa City). The FACS was conducted in accordance with the standards of the 
ethics committee of Fasa University of Medical Sciences. Informed consent was obtained from all participants 
before they took part in the study. More detailed information about the design of the FACS and its participants 
can be found elsewhere47. In this study, the villages (rural regions) were considered as clusters and incorporated 
into the model as a random intercept.

Main outcome and potential predictors
In this study, 38 different variables were considered as the potential effective factors of CVD including 
demographic variables (such as age, gender, and marital status), lifestyle habits (including night sleep hour, 
morning wake-up hour,and dietary energy intake(Energy)), socio-economic status (wealth score index (WSI)), 
anthropometric measurements (BMI, waist-to-height ratio), metabolic equivalent of task (MET), dietary 
patterns (Dietary Inflammatory Index(DII)), blood biomarkers (LDL, HDLC, PLT, SGOT, SGPT, ALP, GGT, 
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cholesterol, glucose, triglyceride (TG)), and medical history (having diabetes, hypertension, thyroid problems, 
chronic headaches, depression, fatty liver) as well as family health history, smoking, alcohol consumption, 
and tobacco use. In addition, the main outcome variable was defined as the presence of cardiovascular disease 
(CVD) at the baseline phase of the FACS study. Subjects with heart failure (HF) or ischemic heart disease (IHD) 
were classified as those with CVD. In this study, villages were considered as a cluster variable or, in other words, 
a random effect.

Statistical analysis
First, individuals with 50% or more missing data in the input variables removed and the analysis focused on a 
dataset comprising 9499 participants. In this dataset, the proportion of missing data for each variable was less 
than 1%, and these missing values were filled in through a single imputation (mean imputation for numerical 
features and mode imputation for categorical features) process. Then the Z-score normalization was applied 
to the numerical variables. In order to evaluate the performance of the machine learning models, the data was 
divided into 80% training set and 20% test set. This data split was performed in a stratified manner, ensuring the 
distribution of the outcome variable was preserved across the training and test sets (the proportion of CVD in 
the total data was 0.11).

Next, we employed the ‘Boruta’ R package to address the issue of feature multicollinearity by selecting a 
final set of features that were most relevant to the subsequent predictive modeling, with the aim of enhancing 
the performance of the machine learning (ML) approaches. Boruta implements a feature selection method 
based on random forests. It identifies relevant features by comparing the importance of original attributes to 
the importance that could be achieved randomly, estimated using their permuted copies (shadows). It iteratively 
eliminates features that a statistical test shows to be less relevant than random probes48.

Then, four different tree-based ML models including RF, decision tree (DT), GLMM tree, and GLMM RF were 
fitted to the data using functions randomForest, rpart, glmertree, and gmerf, respectively. A random intercept 
was calculated for villages, utilizing Default settings of restricted maximum likelihood (REML) estimation for 
the GLMM tree and GLMM RF. The tree-based methods have the capability to model complex, high-order 
interactions between the input variables. Finally, to compare the ability of these models to predict the disease, 
we assessed and compared predictive criteria such as accuracy, sensitivity, specificity, and the area under the 
receiver operating characteristic (ROC) curve.

It is noteworthy to mention that the ten-fold cross-validation method was also used to estimate the validation 
parameters (based on the algorithm type) such as the number of trees (the total count of decision trees in 
Random Forest49), maximum tree depth—a deeper tree can capture more complex patterns but may lead to 
overfitting50-, number of features at each split (The number of features considered when making a split at each 
node in the tree49) and evaluate the predictive performance of each algorithm. Default settings were used for other 
parameters. Prediction error was quantified as the mean absolute difference between predicted and observed 
response variable values (predictive misclassification rate (PMCR)). Machine learning predictive models were 
developed using the features outlined in Supplementary Table S1 online. The K-fold cross-validation (CV) 
procedure can help us to prevent overfitting and artificially inflated validation metrics51. All statistical analyses 
were conducted utilizing the RStudio software (version 2023.06.0). The default significance level (α) for testing 
parameter instability across all trees was established at 0.05. Figure 1 illustrates the overall framework of the 
study design.

Fig. 1.  The framework of the study design.
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Results
In this study, the data from a total of 9,499 individuals, including 4199 (44.20%) male and 5300 (55.80%.) female 
participants, was analyzed. The mean ± SD age of the participants was 48.95 ± 9.47 years. Table S1 online shows 
more details about the characteristics of the participants in the presence of CVD.

In the first step, we used the ‘Boruta’ R package to select the final set of features for predicting CVD. The 
obtained findings are presented in Fig.  2. Based on this figure, the following features were removed in the 
first stage: dietary energy intake, night sleep duration, history of diabetes and hypertension in second-degree 
relatives (FH2_diabetes and FH2_hypertension), history of diabetes and hypertension in first-degree relatives 
(FH1_diabetes and FH1_hypertension), smoke use, DII, and chronic headaches. Then, the remaining features 
were entered into the random forest model. Three features WSI, FH2_MI, and thyroid problems in Fig. 2 were 
identified as tentative features, which were removed one by one from the final model to improve the decision-
making process and enhance the predictive power of the model. The predictive power indices were then calculated 
each time a feature was removed. Ultimately, all three features were found to cause an increase in the predictive 
power indices, and therefore, they were retained in the final model. Consequently, the final model includes 29 
features such as age, gender, marital status, WSI, BMI, waist-to-height ratio, morning wake-up hour, MET, LDL, 
HDLC, SGOT, SGPT, ALP, GGT, PLT, alcohol consumption, smoking, cholesterol, glucose, triglyceride, medical 
history (history of diabetes, hypertension, thyroid problems, depression, and fatty liver), as well as the history of 
cardiac disease and MI in first and second-degree relatives.

Comparing the estimated predictive power indices in Table 1 shows that the gmerf model has resulted in the 
best performance among the evaluated models (AUC (0.95% CI) = 0.80 (0.77,0.84)). The glmm tree model was 

Model Sensitivity Specificity Accuracy (0.95%CI) AUC (0.95%CI)

Tree 0.83 0.59 0.81 (0.79,0.83) 0.56 (0.54,0.59)

RF 0.70 0.75 0.70(0.68,0.72) 0.73 (0.69,0.76)

GLMM Tree 0.74 0.73 0.74 (0.72,0.76) 0.78 (0.75,0.82)

GMERF 0.75 0.72 0.75 (0.73,0.77) 0.80 (0.77,0.84)

Table 1.  Comparison of Predictive Power Indices for RF, Decision Tree, GLMMRF, and GLMM Tree Models.

 

Fig. 2.  Feature selection using the Boruta algorithm.
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ranked second, with a very small difference in performance compared to the gmerf model. While the tree model 
had the highest accuracy equal to 0.81, there was an imbalance between its sensitivity and specificity, so this 
model showed the lowest specificity value (0.59) among the other models.

To compare the estimated predictive criteria of the fitted models more visually, we also evaluated the power 
of these models for predicting the outcome (presence of CVD) using the ROC curve. As shown in Fig. 3, the 
tree model had the lowest value of the area under ROC curve (with AUC of 0.55), while the gmerf model had 
the highest AUC value of 0.80. Furthermore, the glmm tree model outperformed the random forest (RF) model.

According to the output of important variables displayed in Fig. 4, one can conclude that the five variables 
identified as the most important indicators of CVD were age, LDL, family history of cardiac disease in first-
degree relatives (FH1-cardiac disease), physical activity level (MET-Final), and presence of hypertension. In 
contrast, the variables that were recognized as less important in at least two of the models were alcohol use, 
waist-to-height ratio, family history of myocardial infarction in second-degree relatives (FH2-MI), presence of 
thyroid disease, gender, and presence of fatty liver.

Finally, the features of hypertension and age were recognized as the variables with the most importance in the 
GLMM tree model. After pruning the tree model, the variables that were identified as less important, similar to 
other models, were alcohol use, waist-to-height ratio, family history of myocardial infarction in second-degree 
relatives (FH2-MI), presence of thyroid disease, gender, and presence of fatty liver. These less important variables 
were ultimately removed from the final tree model (Fig. 5). Based on Fig. 5, patients can be classified into one of 
the terminal nodes according to their characteristics. For instance, terminal node 28 shows that individuals with 
the criteria “Hypertension = 1”, “Age < 49.99”, or "standard age < 0.11", the observed proportion of cases with 
CVD is approximately 0.20.

Discussion
Regarding the high burden and huge cost of CVD imposed on all communities in recent decades, the effective 
prediction and management of cardiovascular disease is of paramount importance in improving public health 
outcomes. Timely diagnosis of the condition can significantly improve patient outcomes by saving lives, 
minimizing disease complications, and reducing mortality rates. In this context, machine learning models have 
emerged as valuable tools that can facilitate the early detection and prediction of various cardiac disorders. In 
this study, we explored the use of machine learning techniques to develop robust predictive models for this 
disease. Predictive power indices enable a systematic and data-driven comparison of the results obtained from 
different models. This information can guide us to select the most appropriate modeling approach for a given 
problem or dataset. In the present study, the results from comparing the predictive power indices showed that 
the gmerf (generalized mixed effect random forest) model exhibited the best performance among the evaluated 
models. The GLMM tree was ranked as the second best performing model with results very close to the GMERF 
results, coming before the RF and DT models in terms of its ranking or performance. In a study by Bernaich, the 
researcher also compared three statistical models—generalized linear mixed-effects models (GLMMs), GLMM 
trees, and RF—to analyze the occurrence of filled and unfilled pauses across different varieties of English. 
They found that GLMMs and GLMM trees performed similarly in predicting pause length, while RF was less 
accurate in this field52. This aligns with our results and indicates that the GLMM tree outperforms the RF. This 
finding is also aligned with the previously reported results in another study by Asadi et al.6. When we have 
multiple observations or measurements taken from the same source or subject, mixed-effects models are able 
to explicitly account for and systematically remove the effects of the relatedness or non-independence of the 
data. These types of machine learning models are designed to handle the fact that observations from the same 
source are likely to be more similar to each other compared to those from different sources. By accounting for 

Fig. 3.  Receiver Operating Characteristic (ROC) Curve for Different Machine Learning Models.
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Fig. 5.  GLMM tree for predicting cardiovascular disease (CVD), where black and gray nodes represent 
individuals with and without CVD.

 

Fig. 4.  Importance index of variables: (A): Random Forest Model, (B): Gmerf Model, (C): Tree Model.
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this relatedness, mixed-effects models can provide more accurate and reliable results compared to models that 
do not consider the non-independent nature of the data53–55. Similarly, the strong performance of mixed-effect 
machine learning techniques is consistent with the growing body of literature to account for hierarchical data 
structures and improve predictive accuracy33,40,41.

Interestingly, the tree model had an imbalance between its sensitivity and specificity, with the tree model 
having the lowest specificity value (0.59) among the other models. This suggests that the DT approach may lead 
to a tendency to misclassify certain cases and subsequently a relatively lower ability to correctly identify negative 
instances. This discrepancy between the accuracy and the balance of sensitivity and specificity is important when 
selecting the optimal model for a given application. The emphasis on evaluating not only the overall accuracy but 
also the balance of sensitivity and specificity underscores the importance of comprehensive model assessment 
to ensure the selection of the most appropriate tool for the available data. Furthermore, the tree model exhibited 
the lowest area under the ROC curve, with an AUC value of 0.55. This suggests that the tree-based approach 
had relatively weaker discriminative power in differentiating between positive and negative cases compared to 
the other models. In contrast, the gmerf model demonstrated the highest AUC value of 0.80. This indicates that 
the gmerf model had the strongest predictive capability and was able to most effectively capture the underlying 
patterns in the data to accurately classify the study participants.

The findings from the present study indicated that features of age, LDL, family history of cardiac disease, 
physical activity level, and presence of hypertension are the most influential predictors of CVD.. In 2019, 
Alizadehsani et al. conducted a review study on the diagnosis of coronary artery disease using machine learning 
techniques with 67 different datasets. The findings from this study showed that variables of age, type of chest 
pain, gender, total cholesterol, ST depression, hypertension, and maximum heart rate were the common 
effective predictors of CAD in machine learning algorithms. The algorithms that utilized these key features 
achieved high accuracy in predicting the risk of cardiovascular disease56. In 2017, Weng et al. explored whether 
machine learning could improve cardiovascular risk prediction using routine clinical data. The study identified 
the variables age, gender, and smoking as top-ranked risk indicators in all four machine-learning algorithms 
including LR, RF, Gradient Boosting, and ANN57. It seems that the discrepancy between our study and the 
study conducted by Weng could be attributed to the differences in the input features in the machine learning 
algorithms.

Our findings indicated that LDL is a significant indicator in CVD, aligning with prior research in this 
field25,58,59. In 2022, Pal et al. used a dataset from the University of California Irvine Repository to develop 
machine-learning models for detecting CVD. This dataset consisted of 303 patients between the ages of 29 and 
77 years. The researchers indicated that increasing a person’s cholesterol level leads to a rise in blood pressure, 
and subsequently the rise in blood pressure increases the risk of CVD25. In another study by Shuaib M. Abdullah 
et al., involving a low 10-year risk cohort of 36,375 participants, the results indicated that LDL-C and non–
HDL-C levels of ≥ 160 mg/dL were independently associated with a 50% to 80% increase in the relative risk 
of cardiovascular disease mortality60. These results underscore the importance of monitoring and managing 
LDL levels to mitigate cardiovascular risk. Age and blood pressure were also significant factors of CVD in 
our research. The AHA 2019 Heart Disease and Stroke Statistical Update reported that the incidence of CVD 
among individuals aged 60 to 79 years was 77.2% for males and 78.2% for females61. In 2020, a prospective 
study in China, with 71,245 participants found that as the age of hypertension onset increased, the risks of 
adverse outcomes gradually decreased. For those under 45, the hazard ratio for CVD was 2.26 (1.19 to 4.30); for 
ages 45 to 54, the ratios were 1.62 (1.24 to 2.12)59. In another study by Fuchs and Whelton, the authors noted 
that adults without CVD, who at lower systolic (120–139 mmHg) and diastolic (80–89 mmHg) levels are at 
more heightened risk of developing higher blood pressure during short follow-up periods62. While age is an 
uncontrollable factor, focusing on early blood pressure detection and ongoing monitoring can help address high 
blood pressure challenges and lower cardiovascular disease prevalence across all age groups. In addition to, both 
family history of heart disease in first-degree relatives and the level of physical activity were important factors 
associated with the occurrence of CVD. The 2023 study with a follow-up period of 15 years, found that having a 
parental history of cardiovascular disease (CVD) increased an individual’s risk of developing future CVD by 1.7 
times among offspring63. On the other hand, a meta-analysis of 33 studies found that adults engaging in physical 
activity at least half the level recommended by the "2008 Physical Activity Guidelines for Americans" had a 14% 
lower risk of coronary heart disease64. According to the ACC/AHA guidelines, even if adults are unable to meet 
the recommended levels of physical activity, any amount of moderate-to-vigorous exercise can still reduce their 
cardiovascular disease risk65. These findings emphasize the importance of a holistic prevention strategy that 
takes into account both genetic and lifestyle factors for the effective prevention and management of CVD.

The findings from the final GLMM tree also indicate that several key variables contribute to the risk score for 
CVD. These variables include blood pressure, age, LDL cholesterol levels, family history of myocardial infarction 
(MI) and cardiac disease, as well as MET (Metabolic Equivalent of Task), and WSI (Weight Status Index). Many 
of these factors are also commonly recognized in traditional cardiovascular risk assessment studies, such as the 
Framingham66, CUORE project67, and Reynolds Risk Score68. The unique capability of the Generalized Linear 
Mixed Model (GLMM) tree to account for complex interactions and nonlinear relationships among these 
variables provides a more detailed and nuanced understanding of heart disease within the FACS population.

One of the key strengths of the current work is utilizing a comprehensive approach for feature selection 
and model development. In this context, we tried to explore a wide range of potential risk factors, including 
demographic characteristics, clinical biomarkers, lifestyle factors, and family history to predict CVD more 
accurately. By leveraging the power of machine learning algorithms, the relative importance of these features was 
systematically evaluated in predicting CVD. Our findings in the present study can help healthcare professionals 
to focus on targeted screening, risk stratification, and personalized preventive strategies. Furthermore, the 
development of accurate machine learning-based predictive models will be a supplement to the clinical portfolio, 
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enhancing human-led decision-making and clinical practices and reducing the financial burden on patients and 
the healthcare system.

Data availability
The data sets used in this study are not publicly accessible due to valid privacy and security reasons. Neverthe-
less, the original raw data can be obtained by contacting the corresponding author upon a reasonable request.
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