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Abstract 

Cardiovascular disease (CVD) is one of the leading causes of mortality worldwide, which raises the 

fundamental need to apply efficient predictive tools to support clinical decision-making. This study 

compares the predictive performance of Bagging, Random Forest, Extra Trees, Gradient Boosting, 

and AdaBoost ensemble learning algorithms applied to a clinical dataset of CVD patients. The 

methodology included data preprocessing and cross-validation to regulate generalization. 

Performance was evaluated using multiple metrics: accuracy, F1 score, precision, recall, Cohen's 

Kappa, and area under the curve (AUC). Among the models evaluated, Bagging demonstrated the 

best overall performance (accuracy: 93.36 %± 0.22; F1 Score: 0.936; AUC: 0.9686), reaching also the 

lowest average rank (1.0) in Friedman's test and placing, together with Extra Trees (90.76 %± 0.18; 

AUC: 0.9689), in the superior statistical group (group A) according to Nemenyi's post-hoc test. Both 

models evidenced high agreement with the real labels (Kappa: 0.87 and 0.83, respectively), which 

reinforces their reliability in real clinical settings. The results validate the superiority of aggregation-

based ensemble methods in terms of accuracy, stability, and concordance, highlighting Bagging and 

Extra Trees as preferred candidates for cardiovascular diagnostic support systems, where reliability 

and generalization are essential. 

Keywords: ensemble models; machine learning; prediction; cardiovascular diseases; myocardial 

infarction 

 

1. Introduction 

Cardiovascular disease (CVD) is the leading cause of death worldwide. According to the World 

Health Organization (WHO), approximately 17.9 million people died from CVD in 2019, representing 

32% of all global deaths [3]. Of these deaths, 85% were attributed to acute cardiovascular events, 

primarily acute myocardial infarction (AMI) and cerebrovascular accidents (CVAs) [2]. More than 

66% of the global burden of CVD is concentrated in low- and middle-income countries (LMICs) [4], 

where structural limitations in health systems, including deficiencies in hospital infrastructure, 

specialized human resources and access to emergency services, represent critical barriers to timely, 

effective and continuous care, thus increasing the associated morbidity and mortality [5]. This 
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structural scenario is exacerbated by an unfavorable epidemiological transition characterized by 

sustained increases in modifiable cardiovascular risk factors, such as obesity, type 2 diabetes mellitus, 

hypertension, and a sedentary lifestyle [6]. The confluence of these clinical and social determinants 

intensifies the disease burden, exacerbating CVD-attributable morbidity and mortality. This upward 

trend reflects a growing challenge for health systems and has profound long-term clinical and 

epidemiological implications [8]. The most recent global estimates project that, without effective 

primary prevention interventions and strengthened primary care, CVD-attributable deaths could 

exceed 23.6 million per year by 2030 [3, 9]. 

The management of CVD is not only a clinical challenge, but also a growing economic burden 

for health systems globally [10]. The most recent estimates project that the total cost associated with 

CVD-linked treatment, rehabilitation, and lost productivity could reach US$1.1 trillion by 2035, a 

substantial increase from the US$555 billion reported in 2015 [11]. This exponential increase in 

economic impact is attributed to both population aging and the expansion of poorly controlled 

cardiovascular risk factors, underscoring the urgent need for cost-effective prevention strategies and 

predictive models for early intervention [12]. 

Prevention and early diagnosis of CVD are essential to reduce its impact on overall morbidity 

and mortality [13]. Most CVDs can be prevented by interventions aimed at modifying risk factors [14, 

15]. At the same time, early detection allows optimal clinical management, facilitating the timely 

implementation of therapeutic and pharmacological strategies that improve the prognosis and 

quality of life of patients [16]. 

In the context of early cardiovascular risk assessment, biomarkers play a key role by facilitating 

early detection of subclinical cardiac dysfunction and enabling accurate risk stratification for adverse 

cardiovascular events [17]. Among the most widely used are cardiac troponins (cTnI and cTnT), 

recognized as the most sensitive and specific markers for the detection of myocardial necrosis [18], 

making them essential tools for the timely diagnosis of acute myocardial infarction (AMI) [19, 20]. 

On the other hand, B-type natriuretic peptide (BNP) and its N-terminal inactive fragment (NT-

proBNP) are key biomarkers in the functional assessment of the left ventricle and the classification of 

heart failure, both with reduced and preserved ejection fraction [21]. Additionally, high-sensitivity 

C-reactive protein (hs-CRP) has been widely validated as a marker of systemic inflammation, with 

relevant clinical implications in the pathophysiology of atherosclerosis and its association with an 

increased risk of major cardiovascular events, including myocardial infarction and stroke [22]. 

In addition to serum biomarkers, the lipid profile is an essential component in the 

comprehensive assessment of cardiovascular risk [23]. This profile includes the quantification of 

lipoproteins such as low-density cholesterol (LDL-C), high-density cholesterol (HDL-C), total 

cholesterol, and triglycerides, whose altered levels have been robustly associated with the 

progression of atherosclerosis and the development of coronary heart disease [24]. Early detection 

and appropriate management of these dyslipidemias allow the implementation of primary and 

secondary prevention strategies aimed at reducing the burden of atherothrombotic cardiovascular 

events [25]. In a complementary manner, noninvasive cardiovascular imaging techniques represent 

fundamental diagnostic tools for the structural and functional detection of heart disease in early 

stages [26]. The electrocardiogram (ECG) allows the identification of electrical alterations of the heart, 

facilitating the diagnosis of arrhythmias and myocardial ischemia [27]. Echocardiography evaluates 

myocardial structure and function, being key in the diagnosis of heart failure and valvular heart 

disease [28]. Coronary angiotomography (CTA) offers a non-invasive assessment of atherosclerosis, 

while cardiac magnetic resonance (CMR) provides detailed information on myocardial viability, 

inflammation, and fibrosis [29]. Complementarily, functional and stress tests, such as stress testing, 

stress echocardiography, and myocardial perfusion by SPECT and PET, allow accurate assessment 

of coronary ischemia and perfusion [30, 31]. 

However, despite their high diagnostic accuracy, many of these techniques are expensive and 

require specialized infrastructure, which limits their implementation in low-resource countries [2, 

12]. Given this problem, predictive models based on machine learning have emerged as a promising 

alternative for the early diagnosis of cardiovascular disease [1, 32]. These models have demonstrated 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 July 2025 doi:10.20944/preprints202507.1750.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202507.1750.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 19 

 

a superior capacity for risk stratification and prediction of cardiovascular events, allowing more 

efficient identification of high-risk patients and optimizing clinical decision making [33]. 

Research on machine learning algorithms applied to cardiovascular problems has gained 

significant relevance in recent years [34, 35]. However, the use of a machine learning model in clinical 

prediction, such as in the early diagnosis of acute myocardial infarction, presents significant technical 

limitations that compromise its applicability in a real-world setting [36, 37]. Problems such as 

overfitting, convergence to local optima, sensitivity to noise, and instability to slight variations in the 

data affect its generalizability and robustness [38, 39]. These shortcomings are compounded when 

working with complex, multivariate, and often unbalanced clinical data, such as those found in 

cardiology [40]. In response to these limitations, ensemble methods have emerged as a superior 

methodological strategy by integrating multiple models to reduce bias, variance, and improve the 

stability of the predictive system [36, 37]. Algorithms such as bagging, boosting, and stacking allow 

leveraging the strengths of diverse classifiers, generating more accurate, interpretable, and clinically 

useful predictions [41]. Despite their proven effectiveness, the application of ensemble architectures 

in predicting myocardial infarction remains scarce in the literature [42], revealing a knowledge gap 

with direct implications for the design of intelligent medical decision support systems. The present 

investigation responds to this gap, proposing a comprehensive approach that combines 

methodological rigor and clinical applicability to contribute to the development of decision support 

tools in cardiovascular medicine.  

In this context, the present study aims at the development and comparative evaluation of 

machine learning assembly architectures oriented to the prediction of acute myocardial infarction. 

This approach seeks not only to maximize diagnostic accuracy but also to improve the robustness 

and generalizability of the models in real clinical settings, where patient heterogeneity, the presence 

of unbalanced data, and variability in the clinical presentation of the disease constitute significant 

challenges for traditional models.  

2. Literature Review 

A comprehensive review of the most relevant literature on myocardial infarction prediction was 

performed, with a focus on the application of machine learning algorithms. In this context, Liu et al. 

[43] developed supervised machine learning models for myocardial infarction prediction, using 

recursive feature elimination as a selection algorithm and a hierarchical modeling approach; random 

forest, gradient boosting decision tree (GBDT), logistic regression, and support vector machine were 

evaluated, and GBDT was determined to be the optimal model. In the same line of research Wang et 

al. [44] developed three machine learning (ML) models to predict the occurrence of tachyarrhythmias 

after acute myocardial infarction (AMI). After variable selection, the artificial neural network (ANN) 

showed the highest accuracy, outperforming the model based on the GRACE score variables. Sharma 

and Sunkaria[45] proposed a technique based on the stationary wavelet transform to analyze 

multiderivative electrocardiogram (ECG) signals, extracting discriminative features; support vector 

machine (SVM) and k-nearest neighbor (KNN) were used to classify patients with MI and controls, 

using the PTB-DB database. In the class-oriented approach, SVM achieved an accuracy of 98.84% 

(AUC = 0.9994) and KNN 98.69% (AUC = 0.9945).  

Additionally, Oliveira et al. [46] analyzed data from patients with a principal diagnosis of AMI 

in a Portuguese hospital (2013-2015) to predict mortality using machine learning. Three experiments 

were performed, varying the number and type of variables included. In Experiment 1, stochastic 

gradient descent achieved an accuracy of 80%, a recall of 77% and an AUC of 79%. In Experiment 2, 

the inclusion of new variables improved SVM performance (AUC = 81%). In Experiment 3, the 

combination of feature selection and the SMOTE technique optimized the model, achieving an AUC 

of 88% and a recall of 80 %. These results highlight the impact of variable selection and data balancing 

in the prediction of AMI mortality. 

On the other hand, Li et al. [47] developed an early warning model for heart failure (HF) in AMI 

patients using machine learning techniques. Cohort 1 (2018-2019) included patients with and without 

HF, and seven algorithms were evaluated using features selected from routine testing. Cohort 2 

(2020-2021) was used for external model validation. Among the models evaluated, XGBoost showed 
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the best performance, identifying troponin I, triglycerides, urine red blood cell count, γ-glutamyl 

transpeptidase, glucose, urine density, prothrombin time, prealbumin, and urea as key features. The 

HF-Lab9 model, based on XGBoost, achieved an AUC of 0.966 and demonstrated a high clinical 

benefit according to decision analysis (DCA), highlighting its potential in early prediction of post-

AMI HF. 

In a systematic review study, Cho et al. [48] reported that of 7348 articles identified, 112 were 

reviewed at full text, resulting in a final set of 24 studies with data from 374,365 patients. Machine 

learning (ML) models evaluated included neural networks (n = 12), random forests (n = 11), decision 

trees (n = 8), support vector machines (n = 8), and Bayesian approaches (n = 7). In comparison, 

traditional case modeling methods (CSM) used logistic regression (n = 19), CSM-derived risk scores 

(n = 12), and Cox regression (n = 2). Of the 19 studies that analyzed mortality, 13 reported higher C 

rates with ML. In total, 29 comparisons were made between ML and CSM, with absolute differences 

less than 0.05 in 90% of cases.  

Using a similar approach, Barker et al. [49] performed a systematic search of 10 databases, 

identifying 4356 studies, of which 11 met the inclusion criteria. The ML models included between 4 

and 72 variables and had an AUC between 0.71 and 0.96. In five of six comparative studies, ML 

outperformed regression. However, no study met reporting standards, and five were at high risk of 

bias. 

Despite recent advances in the application of individual machine learning models for 

cardiovascular event prediction, these approaches have critical limitations, including risk of bias, low 

interpretability, limited generalizability [50], and propensity to converge to local optima [51]. These 

shortcomings reduce their effectiveness in real clinical settings, where data heterogeneity and the 

need for reliable decisions demand robust, stable, and explainable models [52]. These challenges are 

intensified in contexts characterized by large volume datasets, high dimensionality, and clinically 

heterogeneous populations, where the structural complexity and intrinsic variability of the data 

increase the risk of overfitting and hinder the stability and generalizability of models[33] . In this 

context, and as a response to the limitations of individual models, the development and comparative 

evaluation of ensemble architectures in machine learning is proposed. These techniques allow for 

mitigating overfitting, improving learning stability, and strengthening generalization capability by 

combining multiple base estimators that capture different patterns in complex and heterogeneous 

clinical data [38]. 

In this context, the present study aims to address the existing gap in the early prediction of acute 

myocardial infarction by developing, benchmarking, and validating machine learning models based 

on ensemble techniques. This methodological approach aims to improve the stability, interpretability, 

and generalizability of predictive models, fundamental attributes for their future implementation in 

real clinical settings. 

By combining multiple base algorithms through robust aggregation methods such as bagging, 

boosting, AdaBoost, and ExtraTrees, we aim to reduce the limitations of individual models, especially 

regarding performance variability, overfitting, and sensitivity to noise. This research thus contributes 

to developing more accurate, reliable, and clinically relevant predictive tools that can aid medical 

decision-making in the timely identification of patients at risk of acute coronary events. 

3. Methodology 

For the development of the model, the methodology used in the design of machine learning 

machines was applied, as described below:  

3.1. Data Source  

A dataset extracted from the Kaggle repository 

(https://www.kaggle.com/datasets/ankushpanday2/heart-attack-risk-dataset-of-china, accessed 

February 10, 2024), comprising 239,266 records and 28 variables, was utilized in this research. This 

dataset represents a solid basis for modeling the risk of acute myocardial infarction in Chinese 

population by integrating fundamental clinical variables such as age, sex, smoking, blood pressure, 

cholesterol levels, and cardiovascular history along with relevant contextual determinants, including 
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regional disparities in access to health services, urban and rural habits, and environmental exposure 

to air pollutants. 

3.2. Data Pre-Processing  

An initial exploratory analysis of the database was conducted using descriptive statistical 

functions to identify missing values, inconsistencies in data types, and anomalies in the distribution 

of variables. To ensure structural consistency, the data were integrated by merging and concatenation 

techniques, standardizing variable names and formats. 

The management of missing values was addressed through combined elimination and 

imputation strategies, applying the mean, median, or mode depending on the type of variable 

(continuous or categorical). For the treatment of outliers, Z-score analysis was used to preserve only 

clinically plausible patterns in the context of acute myocardial infarction. Likewise, duplicate 

observations were eliminated by drop_duplicates() to avoid redundancies and biases in model training. 

Categorical variables were transformed by one-hot encoding, using OneHotEncoder and 

pd.get_dummies(), ensuring their adequate representation for machine learning algorithms. 

Subsequently, variable scaling and transformation techniques were applied to improve the 

homogeneity of the distributions and the numerical stability of the model: standardization with 

StandardScaler. 

These preprocessing stages were fundamental to optimizing the performance of the predictive 

models in the classification of clinical risk and the identification of complications associated with 

acute myocardial infarction. 

3.3. Selection of Learning Algorithm  

The selection of ensemble models for the prediction of complications of acute myocardial 

infarction is based on their ability to improve model accuracy and robustness by combining multiple 

base estimators. This strategy is advantageous in clinical scenarios where data present high 

variability and nonlinear relationships between patient characteristics and clinical outcomes.  

3.3.1. AdaBoost Classifier 

The Adaptive Boosting (AdaBoost) algorithm is a boosting-based ensemble method that 

combines multiple weak classifiers to build a robust and accurate model [53]. The operation of 

AdaBoost is based on iteratively assigning weights to the observations in the training set [54]. At each 

iteration, the weighting of those instances misclassified by the previous classifier is increased, forcing 

the next classifier to focus on the errors made [55]. The contribution of each classifier to the final 

ensemble is determined by a weighting coefficient inversely proportional to its error rate, ensuring a 

greater influence of the more accurate classifiers on the final decision [53]. 

In the present study, the implementation of AdaBoostClassifier (from the sklearn.ensemble 

library) improved the detection of relevant clinical patterns by more effectively differentiating 

between patients at low and high risk for cardiovascular adverse events. This algorithm proved to be 

particularly effective in identifying nonlinear relationships and synergies between biomedical 

variables (biomarkers, clinical history, vital signs), even in the presence of noisy or partially collinear 

data. 

In addition, the adaptive nature of AdaBoost offers greater resistance to overfitting compared to 

more complex models, mainly when used with simple base classifiers, such as decision stumps. This 

property is particularly relevant in clinical settings, where generalization of the model to new patients 

is critical to the practical utility of the medical decision support system.  

𝐹𝑚(𝑥) =  ∑ 𝛼𝑚ℎ𝑚(𝑥)𝑀
𝑚=1 , 

Where ℎ𝑚(𝑥)  are base estimators (commonly weak regressors such as decision trees), and 𝛼𝑚  

represents their weighting coefficients.  

3.3.2. Gradient Boosting Classifier 

The Gradient Boosting Classifier algorithm is a supervised learning method based on boosting, 

which builds an additive model by progressively minimizing a loss function using downward 
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gradients in the functional space [56]. Its architecture is based on the sequential combination of weak 

base classifiers, where each new estimator is adjusted to correct the residual errors of the previous 

models, thus iteratively improving the accuracy of the model [57]. 

In the context of acute myocardial infarction complication prediction, Gradient Boosting 

Classifier optimizes the identification of complex and nonlinear clinical patterns, facilitating better 

risk stratification of patients [58]. Its ability to handle large volumes of heterogeneous data and its 

resistance to overfitting make it a robust tool for clinical decision making based on advanced 

predictive models [59]. 

𝐹𝑚(𝑥) = 𝐹𝑚−1 + 𝛾𝑚ℎ𝑚(𝑥), 

Where 𝛾𝑚  is the learning coefficient obtained by minimizing: 

𝛾𝑚 = 𝑎𝑟𝑔 min
𝛾

∑ 𝐿(𝑦𝑖

𝑛

𝑖=1
, 𝐹𝑚−1(xi) + γhm(xi) 

Unlike AdaBoost, which adjusts sample weights according to their error, Gradient Boosting 

builds a sequential model by fitting each new estimator to the residual gradients. This formulation 

allows flexibility in using various loss functions, such as mean square error for regression or 

classification.  

3.3.3. Random Forest Classifier  

The Random Forest Classifier algorithm, an ensemble method based on decision trees that 

combines multiple classifiers built on random subsets of data and features, was used to improve 

accuracy, reduce variance, and minimize overfitting [60]. Its implementation, using the 

sklearn.ensemble library, included hyperparameter adjustment by grid search and stratified cross-

validation.  

In the context of predicting complications of acute myocardial infarction, Random Forest 

allowed modeling nonlinear and complex relationships between clinical variables and biomarkers, 

with high robustness to outliers and good tolerance to high dimensionality. In addition, it provided 

measures of variable importance that facilitated the clinical interpretation of the model, contributing 

to its applicability in medical decision support environments. 

𝐹(𝑥) =
1

𝑇
∑ ℎ𝑡(𝑥)𝑇

𝑡=1 , 

whereℎ𝑡(𝑥) are individual regression trees trained with bootstrap sampling. 

3.3.4. Extra Trees Classifier  

The Extra Trees Classifier (Extremely Randomized Trees) is a variant of the Random Forest 

algorithm that incorporates a higher degree of randomization during the construction of decision 

trees [61]. Unlike Random Forest, which selects optimal splitting thresholds according to impurity 

criteria, Extra Trees assigns these thresholds randomly within the subset of features selected for each 

node [62]. This strategy increases the diversity among the ensemble trees, which contributes to a 

further reduction in model variance and improves its stability against noise and overfitting.  

In the present study, ExtraTreesClassifier from the sklearn.ensemble library was used as part of 

the set of models evaluated for the prediction of complications of acute myocardial infarction. Its 

highly randomized architecture allowed us to capture nonlinear interactions and complex 

relationships between clinical variables and biomarkers, even in the presence of collinearity or 

skewed distributions.  

This approach was particularly effective in high-dimensional contexts, showing a superior 

ability to handle large volumes of data without compromising computational performance. 

Furthermore, like other tree-based models, Extra Trees provides measures of variable significance 

that facilitate clinical interpretation and the identification of key predictors in cardiovascular risk 

stratification.    

     𝐹(𝑥) =
1

𝐵
∑ ℎ𝑏(𝑥)𝐵

𝑡=1 , 

the trees ℎ𝑏(𝑥) represents the prediction of the tree 𝑏. This strategy introduces a higher bias 

compared to RF, but reduces the variance and correlation between trees, improving the 

generalization capability. 
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3.3.5. Bagging Classifier 

The Bagging Classifier algorithm is an ensemble method that improves the stability and accuracy 

of base models by reducing variance through training on multiple subsets of data generated by 

sampling with replacement (bootstrap) [63]. Each base classifier ℎ𝑏(𝑥)  is independently fit on a 

different sample, and the final ensemble prediction is obtained by majority voting, thus mitigating 

overfitting and improving model generalization [64]. 

In the context of predicting complications of acute myocardial infarction, Bagging Classifier 

optimizes the model's ability to handle clinical data with high variability, allowing better 

identification of risk factors and greater robustness in the classification of patients according to their 

clinical evolution: 

𝑦̂ =
1

𝐵
∑ ℎ𝑏(𝑥)𝐵

𝑏=1 , 

where each ℎ𝑏(𝑥) is a base model trained on a random subset of the data.  The relationship 

explains the impact of Bagging on variance reduction: 

𝑉𝑎𝑟(𝑦̂) =
1

𝐵
𝑉𝑎𝑟(ℎ𝑏) + (1 −

1

𝐵
) 𝐶𝑜𝑣(ℎ𝑏, ℎ𝑏′), 

where the decrease in variance is greater when the models ℎ𝑏 are less correlated. Bagging improves 

model stability and generalizability, reducing overfitting without significantly increasing bias. 

3.3.6. Performance Metrics 

Model performance is evaluated through performance metrics derived from the confusion 

matrix, a fundamental tool for assessing classification models [65]. The confusion matrix summarizes 

the prediction results by comparing the actual labels with the predictions generated by the model, 

providing detailed insight into its classification capability [66]. 

Since no classification system is completely infallible, prediction errors can manifest themselves 

in two primary forms: false positives and false negatives. To understand these errors, four key metrics 

are defined within the confusion matrix:  

True Positives (TP): cases in which the model correctly predicts an observation belonging to the 

positive class.  

False Negatives (FN): Situations in which the observation belongs to the positive class, but the 

model misclassifies it as negative.  

False Positives (FP): Occur when an observation of the negative class is incorrectly classified as 

positive.  

True Negatives (TN): Cases in which the model correctly predicts an observation as belonging 

to the negative class.  

From these values, fundamental performance metrics can be calculated, such as:   

Accuracy: Proportion of correct predictions over total observations, i.e., a high accuracy 

indicates that the model correctly classifies most cases, both emergencies and non-emergencies. 

However, in medical problems where false negatives can have critical consequences, accuracy alone 

is not sufficient to assess model performance, as it can be high even if the model fails to detect 

emergencies accurately. It is defined as:   

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
  

Accuracy: measures the accuracy of positive predictions, reducing the impact of false positives, 

i.e., if the model classifies non-emergency cases as emergency cases, it creates a significant problem 

for the hospital ED. Real emergency cases will not receive enough medical service. But it is not a 

problem for some misclassification numbers; Further diagnosis shows that they are not emergencies. 

Therefore, it should also be considered that false positives are not so high. 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

Sensitivity (Recall): To evaluate the performance of the model in identifying observations 

belonging to the positive class, it is essential to analyze its ability to detect critical cases correctly. 

Suppose a patient has severe heart failure, which constitutes a medical emergency. Upon arrival at 

the hospital, the model is used to determine whether the patient's condition is an emergency. If the 

model misclassifies the patient as a non-emergent case, a false negative (FN) is generated, which can 
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seriously compromise the patient's life. Since this type of error has critical consequences, the most 

relevant parameter for model evaluation is the false negative rate. Consequently, the primary metric 

used to measure its performance is the Recall, since it reflects the model's ability to identify positive 

cases and minimize false negatives correctly. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
   

Specificity: Indicates the model's ability to identify observations in the negative class correctly, 

i.e., patients who do not present a medical emergency. In a diagnosis of severe heart failure, a true 

negative (TN) occurs when the model correctly classifies a patient with no critical condition. At the 

same time, a false positive (FP) implies a misclassification as an emergency, generating unnecessary 

interventions and inefficient use of resources. It is defined as the proportion of true negatives over 

the total number of negative cases. It is essential to evaluate the model's accuracy in excluding 

emergencies.   

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

(𝑇𝑁+𝐹𝑃)
   

F1-score: Harmonic mean between precision and sensitivity, useful in unbalanced data sets, i.e., 

F1-score (Eq. (10)) is used to have the effects of the two metrics mentioned above in a formula, and 

facilitates the comparison of the performance of different models. It is worth noting that in the 

formula, Recall and Precision have the same effect on the F1 score. However, it is mentioned that the 

Recall score is more important than Precision, and for final evaluation, Recall should be considered 

the most critical metric. 

𝐹1 = 2 ∗
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
  

Evaluating the performance of classification models is crucial for optimizing their predictive 

ability, which involves calibrating hyperparameters and refining data preprocessing. In addition to 

traditional metrics, Cohen's Kappa coefficient is used as a statistical measure to quantify the 

agreement between two classifiers by adjusting the observed agreement based on the expected match 

by chance [67]. 

Unlike standard precision, which measures only the proportion of hits, the Kappa coefficient 

provides a more rigorous assessment by correcting for random agreement, thus allowing for a more 

robust interpretation of model reliability [68]. Mathematically,𝑘 is defined from the proportion of 

observed agreement(𝑝0) and the proportion of expected agreement by chance (𝑝𝑒). The value of 𝑝0 

is obtained by dividing the sum of the frequencies of the main diagonal of the confusion matrix by 

the total observations, while𝑝𝑒  is calculated from the marginal probabilities of each category. Its 

mathematical formulation is expressed as:  

𝑘 =
(𝑝𝑜 − 𝑝𝑒)

(1 − 𝑝𝑒)
 

The interpretation of𝑘 follows the scale proposed by Landis and Koch (1977): values of 𝑘≤ 0.20 

indicate poor agreement, 0.21≤𝑘≤ 0.40 fair, 0.41≤𝑘≤ 0.60 moderate, 0.61≤𝑘≤ 0.80 good, and 0.81≤

𝑘≤ 1.00 very good. Values close to 1 reflect high agreement between raters, while values close to 0 

suggest that the model does not overcome chance. This metric is beneficial for assessing the 

consistency of machine learning models and validating classification systems in environments with 

ambiguous or unbalanced data, providing a robust measure of reliability in classification tasks. 

For model comparison, the present study used a robust nonparametric approach for the 

comparison of multiple supervised classification models, based on Friedman's test and Nemenyi's 

post-hoc test. 

3.3.7. Evaluation of Model Stability 

The stability of a classification model is a fundamental criterion for its application in the 

diagnosis of critical diseases, such as myocardial infarction [69]. To assess its stability and mitigate 

the risk of overfitting, cross-validation is employed and both the mean performance and standard 

deviation of the [70] are calculated. 

N-fold cross-validation segments the dataset into N subsets, using in each iteration one of them 

as a test set and the remaining ones for training the model [71]. This process is repeated N times, 

storing the performance obtained in each cycle. In the evaluation of model stability using N-fold 
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cross-validation, two fundamental metrics are employed: the average performance (𝜇𝑃𝑒𝑟𝑓𝑜𝑚𝑎𝑛𝑐𝑒) 

and the standard deviation of the performance (𝜎𝑃𝑒𝑟𝑓𝑜𝑚𝑎𝑛𝑐𝑒) [72].These metrics allow quantification 

of model stability and generalizability, minimizing the risk of overfitting. In the context of myocardial 

infarction diagnosis, this approach ensures that the model can correctly identify patients with acute 

cardiac events in a consistent manner, reducing the risk of misdiagnosis and improving reliability in 

its clinical implementation. 

𝜇𝑃𝑒𝑟𝑓𝑜𝑚𝑎𝑛𝑐𝑒 =
1

𝑁
∑ 𝑃𝑒𝑟𝑓𝑜𝑚𝑎𝑛𝑐𝑒𝑖

𝑁

𝑖=1

 

𝛿𝑃𝑒𝑟𝑓𝑜𝑚𝑎𝑛𝑐𝑒 = √
∑ (𝑝𝑒𝑟𝑓𝑜𝑚𝑎𝑛𝑐𝑒𝑖 − 𝜇𝑃𝑒𝑟𝑓𝑜𝑚𝑎𝑛𝑐𝑒)2𝑁

𝑖=1

𝑁
 

3.3.8. ROC Curve  

In the healthcare context, the Receiver Operating Characteristic (ROC) curve is a fundamental 

tool for evaluating the performance of binary classification models in the detection of critical diseases, 

such as myocardial infarction [73]. The ROC curve illustrates the model's ability to differentiate 

between two classes: presence or absence of the medical condition of interest [74]. Each point on the 

ROC curve represents a different threshold for classification. An ideal model will approach the upper 

left corner of the graph, indicating a high discriminatory ability [75]. In clinical practice, the ROC 

curve is used to determine the optimal threshold of a diagnostic model, minimizing both false 

negatives (risk of not detecting a patient with infarction) and false positives (possible unnecessary 

hospitalizations). A model with a high sensitivity is crucial in medical settings, as an incorrect 

classification of an infarct patient as healthy (false negative) can have fatal consequences. 

Therefore, the ROC curve and AUC will allow us to select the best predictive model based on 

the balance between sensitivity and specificity, optimizing decision making in clinical settings. The 

area under the ROC curve (AUC) is defined as: 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝑇).
𝑑

𝑑𝑇
𝐹𝑃𝑅(𝑇)𝑑𝑇

∞

−∞

 

Where: T is the classifier decision threshold, TPR(T) is the true positive rate as a function of the 

threshold, FPR(T) is the false positive rate as a function of the threshold, ie:  

𝑇𝑃𝑅 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
  

𝐹𝑃𝑅 =
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
  

The area under the curve shows the performance of the binary classifier regardless of the true 

instance distribution. In other words, it calculates the probability 𝑃(𝑥1 > 𝑥2) of two classes. 

4. Results and Discussion 

The ensemble-based machine learning models applied to the clinical dataset provided evidence 

of differential performance in the classification of the risk of acute myocardial infarction. The 

implementation of multiple algorithms on a large and heterogeneous population base facilitated the 

comparative evaluation of their discriminative ability against complex morbidity patterns. In this 

context, a clear superiority of machine learning ensemble methods was observed, which 

demonstrated greater consistency in the identification of positive cases, as well as adequate 

sensitivity to the presence of diverse clinical and contextual variables. These results highlight the 

value of the ensemble approach in contexts of high epidemiological variability, while establishing a 

technical framework for model prioritization in diagnostic support tasks in preventive cardiology. 

In order to ensure the integrity, consistency and analytical robustness of the dataset, a systematic 

preprocessing protocol was applied to mitigate the effects of missing values, atypicality, structural 

redundancy and class imbalance, all of which are critical factors in clinical studies of AMI prediction. 

In a first stage, imputation strategies differentiated according to the type of variable were 

implemented. For numerical variables, the median was used as a robust estimator, given its resilience 

to extreme values and asymmetric distributions. For categorical variables, imputation by mode was 

applied, preserving the semantic coherence of the categories and maintaining the stability of the 
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marginal distributions. Subsequently, duplicate records were identified and eliminated in order to 

reduce structural redundancies and minimize the risk of overfitting, ensuring that the machine 

learning algorithms were not biased by the replication of specific patterns. Coding of categorical 

variables was performed by one-hot encoding, systematically excluding the first category to avoid 

collinearity per fecta. The StandardScaler standardization technique was then applied, transforming 

the numerical variables to present a zero mean and unit standard deviation. This transformation was 

essential to ensure the correct convergence of models sensitive to the scale of the variables. 

Since the positive event class (IAM) was substantially underrepresented compared to the 

negative class, the problem of class imbalance was explicitly addressed using the Synthetic Minority 

Oversampling Technique (SMOTE) [76]. This method generates synthetic examples from the 

interpolation of the nearest neighbors of the minority class, allowing for the realistic expansion of the 

representation space of infarct patients [77]. The implementation of SMOTE was performed after 

partitioning the dataset in training and validation, in order to avoid information leakage and preserve 

the validity of the cross-evaluation process. 

Consequently, a comparative evaluation of five ensemble algorithms commonly used in 

supervised machine learning was performed: AdaBoost, Gradient Boosting, Random Forest, Extra 

Trees, and Bagging [78]. These models were selected because of their ability to optimize predictive 

accuracy by combining classifiers, thus reducing both bias and variance, critical aspects in complex 

clinical contexts such as the prediction of acute myocardial infarction. 

The performance of each model was quantified using widely accepted clinical and 

computational classification metrics. Overall accuracy was used as an initial measure of performance, 

although its interpretation in isolation can be misleading in contexts with class imbalance [79]. 

Therefore, additional metrics were incorporated that capture different aspects of predictive 

performance. The F1-score, calculated as the harmonic mean between precision and sensitivity, 

allowed assessment of the balance between type I and type II errors. Accuracy (precision) and 

sensitivity (recall) were reported as complementary metrics to examine the ability of the model to 

correctly identify true positive cases and minimize false positives, respectively. 

To assess the adjusted agreement between model predictions and actual values, Cohen's Kappa 

coefficient was estimated, which adjusts for the expected agreement by chance [80]. Values above 

0.80 were considered indicative of a near-perfect level of agreement, according to criteria established 

in the epidemiological literature [81]. Additionally, the area under the ROC curve (AUC) was 

calculated, which measures the discriminative capacity of the model to differentiate between cases 

and controls over multiple decision thresholds [82]. 

Table 1 shows the results obtained for each model, accompanied by a critical analysis that 

addresses their relative performance in terms of accuracy, robustness and generalizability. 

Table 1. Performance of Machine Learning Ensemble Models. 

Model  Accuracy     F1 Score    Precision      Recall   AUC 

Adaboost 0.646122   0.645918    0.646548   0.646179         0.702120 

Gradient Boosting 0.708342   0.708330    0.708406   0.708360         0.786005 

RandomForest 0.912938   0.912910    0.913365   0.912903         0.968798 

ExtraTrees 0.916395   0.916330    0.917540   0.916337         0.968897 

Bagging 0.936273   0.936083    0.941200   0.936156         0.968604 

As can be seen in Table 1, the performance of the ensemble models varies substantially according 

to the metric evaluated. The accuracy metric, defined as the proportion of correct predictions over 

total observations, reached its highest values in the Bagging (0.936) and Extra Trees (0.916) models, 

in contrast to AdaBoost (0.646), which showed the lowest performance. However, since the accuracy 

metric can be misleading in settings with unbalanced classes, as is common in clinical cohorts with 

low prevalence of AMI, its interpretation should be performed with caution [83]. 

In this context, the F1 Score, understood as the harmonic mean between accuracy (precision) and 

sensitivity (recall), is a key metric to assess the performance of models in unbalanced classification 

tasks, such as the detection of acute myocardial infarction (AMI) events [84]. This metric provides a 
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robust measure of the model's ability to balance the correct identification of positive events 

(sensitivity) with the minimization of false positives (accuracy). 

According to the results obtained, the Bagging model not only achieves the highest overall 

accuracy, but also the highest F1 Score (0.936), which evidences its efficacy in the comprehensive 

classification of AMI events. Similarly, Extra Trees exhibits an F1 Score of 0.916, indicating a solid 

and balanced performance in terms of detection and specificity. In contrast, the AdaBoost model, 

with an F1 Score of 0.646, reflects suboptimal performance, possibly associated with an imbalance 

between its detection capability (recall) and the reliability of its positive predictions (accuracy) [85]. 

This behavior suggests a higher incidence of type I (false positives) or type II (false negatives) errors, 

compromising its clinical utility in scenarios where both early detection and diagnostic accuracy are 

critical. 

Accuracy, which represents the proportion of true positives over all cases predicted as positive, 

acquires particular clinical relevance in the prediction of cardiovascular events, given that low 

accuracy translates into a high number of false positives, which could induce unnecessary invasive 

or costly diagnostic procedures [86]. The Bagging model achieved an accuracy of 0.941, indicating 

very high reliability in its positive predictions. In contrast, AdaBoost showed a considerably lower 

accuracy (0.647), which in clinical settings could increase the rate of overintervention. 

Sensitivity or recall indicates the proportion of true positives correctly identified by the model. 

From an epidemiological and clinical perspective, this metric is critical, as low recall may imply a 

high false-negative rate, which is patients with AMI who are missed, with potentially fatal 

consequences [87]. Bagging and Extra Trees maintained a sensitivity above 93%, suggesting high 

effectiveness in capturing individuals at risk. This property makes them ideal candidates for 

implementation in clinical decision support systems. 

Bagging (0.873) and Extra Trees (0.833) showed excellent adjusted concordance, confirming the 

statistical robustness of their predictions. In contrast, AdaBoost (0.292) and Gradient Boosting (0.417) 

evidenced low to moderate agreement, suggesting that much of their accuracy could be attributed to 

chance, which compromises their clinical applicability. 

To evaluate the multiscale discriminative ability of the machine learning models, ROC curves 

were constructed for each of the ensemble algorithms implemented [74]. This graphical 

representation allows the performance of the classifiers to be analyzed as a function of their true 

positive rate (TPR) versus false positive rate (FPR) over different thresholds, thus providing a global 

measure using the AUC, especially useful in scenarios with unbalanced classes, such as acute 

myocardial infarction (AMI) [88]. 

 

Figure 1. Comparative ROC curves of Bagging models for binary classification. 

The Bagging (AUC = 0.9686) and Extra Trees (AUC = 0.9689) models demonstrated outstanding 

discriminative ability, with ROC curves close to the upper left vertex of the graph (TPR≈ 1; FPR≈ 

0), indicating a low probability of error in both false positives and negatives. This behavior is 
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characteristic of models with low variance and high stability, particularly valuable in clinical settings 

where the cost of diagnostic error is asymmetric [58]. Likewise, Random Forest (AUC = 0.9682) 

presented a similar performance, with marginal differences with respect to the previous ones, 

confirming its robustness as a reliable classifier in predictive medicine. 

In contrast, Gradient Boosting (AUC = 0.7860) showed lower convexity in the curve, suggesting 

reduced sensitivity at certain decision thresholds, possibly attributable to overfitting or sensitivity to 

outliers [89]. AdaBoost (AUC = 0.7021), on the other hand, presented the lowest discriminative 

capacity, with a curve close to the non-discrimination diagonal, which limits its usefulness in clinical 

practice. 

These findings are consistently reflected in the results summarized in Table 2, which details the 

statistical comparison of the five ensemble learning models evaluated. 

Table 2. Comparative performance of ensemble learning models: average accuracy, average rank, statistical group, 

and Cohen's Kappa index. 

Model Accuracy± SD Average rank Statistical group 
Cohen's 

Kappa 

Bagging       93.36 ± 0.22              1.0                   A 0.87 

ExtraTrees 90.76 ± 0.18              2.0                   A          0.83 

RandomForest 90.41 ± 0.18              3.0                   B                0.83 

GradientBoosting 70.72 ± 0.30              4.0                   B 0.42 

AdaBoost  65.15± 0.29               5.0                   C 0.29 

Table 2 presents the results of the comparative evaluation of the ensemble learning models 

applied to the data set of interest. The models were evaluated using three complementary 

approaches: average precision with its standard deviation (SD), statistical comparison of average 

ranks using Friedman's test with post-hoc adjustments (Nemenyi's test), and Cohen's Kappa index, 

which quantifies the agreement with the ground truth correcting for the effect of chance. Cohen's 

Kappa coefficient, which measures the agreement between model predictions and the actual 

classification adjusted for expected agreement by chance, provides critical insight into the reliability 

of the model. This coefficient is especially valuable in the presence of class imbalances, as accuracy 

may be inflated in these cases [90]. 

Bagging achieved the highest accuracy (93.36 %± 0.22) and obtained the lowest average rank 

(1.0), evidencing its consistently superior performance across all validation partitions. This model, 

together with ExtraTrees (90.76 %± 0.18, rank 2.0) belongs to statistical group A, indicating that their 

performance differences are not statistically significant at significance level α = 0.05. In terms of 

reliability, both models present high Kappa indices (0.87 and 0.83 respectively), corroborating that 

their high performance is not the product of chance, but of genuine agreement with the actual 

classification. 

For its part, Random Forest showed an average accuracy similar to ExtraTrees (90.41 %± 0.18), 

however, its average rank (3.0) and belonging to statistical group B suggest that, statistically, its 

performance is lower than that of Bagging and ExtraTrees in some test subsets. Nevertheless, its 

Cohen's Kappa (0.83) confirms a high degree of true agreement, aligning with its observed accuracy. 

In contrast, the evaluated boosting algorithms, Gradient Boosting (70.72 %± 0.30) and AdaBoost 

(65.15 %± 0.29), present notably lower accuracies and occupy the highest average ranks (4.0 and 5.0, 

respectively). The post-hoc test groups Gradient Boosting in group B, while AdaBoost clearly lags 

behind in group C, indicating a statistically significant difference with respect to the higher 

performing models. This inferiority in accuracy is consistently reflected in the Kappa indices (0.42 for 

Gradient Boosting and 0.29 for AdaBoost), values that denote a barely moderate or even poor level 

of agreement with the reference classification, suggesting a high risk of overfitting or underfitting, 

possibly attributable to the sensitivity of these algorithms to suboptimal parameter settings or to the 

nature of the data employed. 

These findings reinforce the relevance of applying nonparametric multiple comparison 

statistical tests, in conjunction with robust matching metrics such as Cohen's Kappa[68] , to obtain 
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reliable conclusions about the superiority of machine learning models. In particular, the combination 

of Bagging and ExtraTrees stands out as the most robust and generalizable option for the addressed 

problem, while boosting-based methods should be carefully reconsidered or adjusted before 

implementation in production scenarios. 

From a machine learning perspective applied to medicine, model selection should not be based 

exclusively on global metrics, but also on its behavior under real clinical conditions, its 

interpretability, and stability in the face of data variability[44, 91]. In this regard, Random Forest, 

Extra Trees and Bagging stand out as preferred choices for clinical decision support systems, 

combining high AUC, low FPR and high TPR. This balance minimizes both the risk of 

overintervention (false positives) and diagnostic omission (false negatives), optimizing the screening 

of AMI patients [92]. 

Our findings align with those reported by Zheng et al. [93] , who integrated the hybrid 

SMOTETomek technique with stacking-type assembly models, achieving outstanding metrics (AUC 

= 0.9863), validating the positive impact of combining data balancing techniques with assembly 

architectures. However, divergences are observed with the study of Kasim et al. [94], who reported 

that ML models with feature selection outperformed the TIMI scale (AUC: 0.60-0.93 vs. 0.81), indeed, 

the best performing model was a linear SVM with specific feature selection (AUC: 0.93; 95%CI: 0.89-

0.98), outperforming even the best ensemble model (AUC: 0.91; 95%CI: 0.87-0.96), the robustness of 

that superiority is difficult to generalize because their evaluation was limited exclusively to 

discrimination metrics. In particular, the study omitted concordance analyses such as Cohen's Kappa 

index, which would have made it possible to assess the stability of the predictions in the presence of 

class imbalances, and also failed to apply the nonparametric Friedman test with the Nemenyi post-

hoc adjustment, an indispensable tool to rule out that the differences observed are due to variability 

between cross-validation partitions. In the absence of these contrasts, the AUC confidence intervals, 

although narrow, are not sufficient to affirm that SVM statistically significantly outperforms the 

ensemble models, nor do they guarantee that such performance will be maintained in heterogeneous 

clinical scenarios. Our research remedies these limitations by systematically integrating concordance 

metrics and multiclass comparative tests, which provides a more robust evidence framework and 

ultimately strengthens confidence in the operational superiority of ensembles for myocardial risk 

stratification. 

Finally, our results support the convergence of three lines of quantitative evidence, ROC curves 

with superior AUCs, statistical significance of the Friedman test with post-hoc Nemenyi adjustment, 

and Cohen's Kappa values consistently greater than 0.80, legitimizes the robustness of the Bagging 

and extra Tree models and ratifies their superiority to the other classifiers in predicting 

cardiovascular events. This statistical robustness, however, does not exempt us from considering the 

temporal stability of the performance, the computational cost and the possibility of integrating the 

algorithm into hospital information systems, as well as its transparency to support auditable medical 

decisions. Therefore, clinical adoption should be based on an explicit balance between accuracy, 

methodological robustness and operational suitability, ensuring that the predictive gain translates 

into tangible benefits for cardiology practice. 

5. Conclusions 

The present study provides conclusive evidence on the relative superiority of specific ensemble 

models in the classification of complex clinical events, particularly in the context of automated 

diagnosis of acute myocardial infarction. The findings reflect that the performance of algorithms 

depends not only on their computational structure, but also on their ability to adapt to the inherent 

heterogeneity of clinical data. Models based on aggregation and randomization demonstrated 

remarkable stability, robustness to noise, and ability to capture nonlinear relationships between 

variables, consolidating themselves as reliable tools for eventual integration into medical decision 

support systems. 

In contrast, relevant limitations were identified in models more sensitive to class imbalance and 

structural variability of the data, highlighting the importance of contextualized algorithmic selection. 

These results suggest that the effectiveness of a classification model in medical settings cannot be 
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evaluated solely on the basis of its overall performance, but must consider its behavior under realistic 

clinical conditions, where interpretability, diagnostic consistency and generalizability are critical 

factors. 

Based on the above, the use of robust and stable models in highly complex clinical settings is 

recommended, as well as the development of methodological strategies that include external 

validations, explanatory mechanisms and tests in independent cohorts. Future work should focus on 

the integration of these models into real clinical workflows, as well as on the analysis of their impact 

on medical practice, decision making and health outcomes. 

Based on quantitative and statistical evidence, it is recommended to prioritize Bagging or 

ExtraTrees as reference models for similar applications, given their excellent compromise between 

accuracy, inter-partition stability and high agreement with real labels. The complementary 

application of agreement indices such as Kappa, together with hypothesis testing on average ranks, 

provides a solid basis for objective model selection in classification contexts with multiple candidate 

algorithms.  
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