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ABSTRACT 
 
Myocardial Infarction (MI) is a critical medical emergency characterized by the sudden 
blockage of blood flow to the heart muscle, often resulting from a blood clot in a 
coronary artery that has been narrowed by atherosclerotic plaque buildup. This 
condition demands immediate attention, as prolonged disruption of blood supply can 
cause irreversible damage to the heart muscle. Diagnosing MI typically involves a 
combination of methods, including a physical examination, electrocardiogram (ECG) 
analysis, blood tests to measure heart-specific enzymes, and imaging techniques such 
as coronary angiography. Early prediction of potential MI complications is crucial to 
prevent severe outcomes and improve patient prognosis. This study focuses on the 
early prediction of MI complications through the application of machine learning 
classification methods. We employed algorithms such as Support Vector Machine 
(SVM), Random Forest, and XGBoost to analyze patient medical records and 
accurately predict these complications. The selection of Support Vector Machine 
(SVM), Random Forest, and XGBoost in this study is driven by their proven 
effectiveness in handling complex classification problems. To manage incomplete 
datasets and preserve valuable information, data imputation techniques like K-Nearest 
Neighbors (KNN) Imputation, Iterative Imputation, and MissForest were applied.  KNN, 
Iterative, and MissForest imputations were chosen to handle missing data due to their 
effectiveness in preserving data integrity, which is crucial for accurate predictions in 
myocardial infarction complication studies. Additionally, Bayesian Optimization was 
utilized to fine-tune the hyperparameters of the models, thereby enhancing their 
predictive accuracy. The Iterative Imputation method yielded the best performance, 
particularly in SVM and XGBoost algorithms. SVM achieved 100% accuracy, precision, 
sensitivity, F1 score, and Area Under the Curve (AUC), while XGBoost attained 99.4% 
accuracy, 100% precision, 79.6% sensitivity, an F1 score of 88.7%, and an AUC of 
0.898. While XGBoost and MissForest proved to be the most successful pairing, the 
overall effectiveness of the models suggests that Iterative Imputation and Random 
Forest also have potential under certain conditions. 
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1. INTRODUCTION 

One of the leading causes of global mortality and 

hospitalization is the life-threatening heart disease known 

as myocardial infarction (MI) [1][2]. The diagnosis of MI is 

commonly performed using electrocardiography (ECG), 

which reflects the heart’s electrophysiological activity [3]. 

This dangerous state stems from myocardial dysfunction, 

precipitating harm to the cardiac muscle tissue. 

Insufficient blood circulation often obstructs one or 

multiple arteries, affecting the cardiac musculature. As a 

result, timely intervention becomes imperative in the 

management of myocardial infarction [4]. According to 

data released by the World Health Organization (WHO), 

cardiovascular diseases claimed approximately 17.9 

million lives in 2019, representing 32% of all global 

fatalities [5]. Given the severity of this condition, analyzing 

data on myocardial infarction complications plays a critical 

role in predicting disease progression, allowing for earlier 

interventions, better management strategies, and 

improved outcomes in patient care. 
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Accurately predicting or detecting cardiovascular 
diseases is the primary challenge in implementing 
effective prevention and early intervention strategies. In 
the digital era, the rise of electronic health records (EHR) 
has made the need for efficient data mining tools to 
uncover valuable insights increasingly apparent [4]. The 
rise of digital health advancements and the accessibility 
of extensive data have given machine learning (ML) and 
data mining algorithms the potential to significantly 
enhance clinical decision support [6]. ML can be utilized 
for early screening and diagnosis, identifying risk factors 
for disease prevention [7], managing and monitoring 
treatments with improved pharmacovigilance and patient 
safety, and ultimately improving care and outcomes [8], 
particularly in cardiovascular diseases [9][10]. 

Machine learning has emerged as a modern predictive 
technique. Unlike traditional statistical tools, ML methods 
identify relationships between variables in a training 
dataset to forecast various outcomes, including mortality 
[11]. Random Forest, XGBoost, and Support Vector 
Machine (SVM) are examples of machine learning 
algorithms, are commonly employed to achieve accurate 
prediction outcomes in classification tasks that analyze 
patient medical record data. 

Recognized for its effectiveness in high-dimensional 
spaces and strong performance with clear margin 
separation, the Support Vector Machine (SVM) is a 
supervised learning model utilized for data analysis in 
both classification and regression tasks [12]. The way 
SVM works is by finding the best hyperplane in a high-
dimensional space to divide data points from various 
classes. This approach makes sure that the model 
effectively generalizes to new, unknown data by 
optimizing the margin between the closest data points of 
different classes, often known as support vectors. 

Random Forest, an ensemble learning method, builds 
multiple decision trees during the training phase and 
outputs the mode of the classes for classification tasks. 
This process results in high accuracy and a strong 
resistance to overfitting [13].Combining the predictions of 
multiple decision trees, Random Forest mitigates the risk 
of overfitting that individual trees might exhibit. It achieves 
this by training each tree on a random subset of features 
and data points, ensuring tree diversity. 

Designed for efficiency, flexibility, and portability, 
XGBoost (Extreme Gradient Boosting) is an optimized 
gradient boosting library recognized for its high speed and 
robust performance in classification and regression tasks. 
Based on the Gradient Boosted Decision Tree (GBDT) 
framework, XGBoost improves the management of 
missing values and incorporates advanced regularization 
techniques to reduce overfitting, which makes it especially 
effective for analyzing large-scale datasets. 

Addressing missing data and class imbalance 
represents critical challenges in creating robust predictive 
models, in addition to selecting appropriate machine 
learning algorithms. To manage incomplete datasets and 

prevent the loss of valuable information, data imputation 
techniques such as K-Nearest Neighbors (KNN) impute, 
Iterative impute, and MissForest are essential [15]. KNN 
imputation functions by locating the k-nearest neighbors 
to a missing value and replacing it with the mean or mode 
derived from these neighboring data points. For example, 
a missing blood pressure value might be imputed by 
averaging the values of patients with similar 
demographics [16]. Iterative imputation, commonly known 
as Multiple Imputation by Chained Equations (MICE), 
addresses missing data by performing multiple rounds of 
imputations. This method takes uncertainty into 
consideration by producing several imputed datasets. 
This method could iteratively fill in missing cholesterol 
levels while accounting for the potential correlation with 
other patient health metrics [17]. MissForest, which is a 
non-parametric imputation method, utilizes random forest 
algorithms to predict and substitute missing values by 
relying on the observed data. it can handle complex cases 
like imputing missing ECG readings by utilizing patterns 
in other variables such as age, gender, and prior health 
history [18]. Class imbalance, a common issue in medical 
datasets, occurs when there are significantly fewer 
instances of a minority class, such as complications, 
compared to a majority class, like non-complications. To 
address this, the Synthetic Minority Over-sampling 
Technique (SMOTE) is often employed. SMOTE 
rebalances the dataset by generating synthetic instances 
for the minority class (over-sampling) or by reducing the 
instances of the majority class (under-sampling), helping 
to mitigate the effects of imbalance and improve model 
performance. 

Despite the advancements in ML and data imputation 
techniques, there remain challenges in effectively 
handling missing data and class imbalance. Prior 
research has frequently concentrated on discrete 
imputation approaches or machine learning models 
without incorporating sophisticated methods for 
hyperparameter optimization. Furthermore, there hasn't 
been a detailed investigation of how well these integrated 
techniques predict the consequences of myocardial 
infarction. 

Improving performance requires optimizing the 
hyperparameters of machine learning models. Bayesian 
Optimization, which has become widely used for 
hyperparameter tuning, builds a surrogate probability 
model based on previous evaluation results to identify the 
value that minimizes the objective function [21]. 
Particularly beneficial for problems involving costly, non-
differentiable, or complex function evaluations, Bayesian 
Optimization is highly effective [22]. 

Recent studies have demonstrated the efficacy of 
these methods. For instance, Ishaq et al. (2021) utilized 
SMOTE and effective data mining techniques to improve 
the prediction of heart failure patients’ survival, achieving 
significant improvements in accuracy with Random Forest 
and SVM models, with Extra Tree Classifier (ETC) and 

https://ijeeemi.org/index.php/ijeeemi/index
https://doi.org/10.35882/ijeeemi.v6i4.13
https://creativecommons.org/licenses/by-sa/4.0/


Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics 
Homepage:  ijeeemi.org; Vol. 6, No. 4, pp. 227-239, November 2024; e-ISSN: 2656-8624. 

              
JEEE

MIi
 

https://doi.org/10.35882/ijeeemi.v6i4.13  

 

 
Corresponding author: Triando Hamonangan Saragih, Triando.saragih@ulm.ac.id, Department of Computer Science, Lambung Mangkurat 

University, Jalan A. Yani Km 36, Banjarbaru 70714, Kalimantan Selatan, Indonesia.  

Copyright © 2024 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work is 

an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).  

229 

SMOTE achieving the highest accuracy of 92.62% [23]. 
Similarly, Alaa et al. (2019) implemented XGBoost with 
Miss Forest and Iterative imputation, demonstrating a 
notable accuracy in cardiovascular disease risk prediction 
using automated machine learning, with an AUC-ROC of 
0.713 in diabetic populations [24]. Additionally, Ogunpola 
et al. (2024) employed SVM, RF, and XGBoost for 
cardiovascular disease detection, achieving a high 
accuracy of 98.50% [25]. Qin et al. (2020) confirmed the 
effectiveness of KNN impute combined with SMOTE in 
enhancing the prediction of chronic kidney disease, 
showing a significant improvement in diagnostic accuracy 
to 99.75% with Random Forest [26]. Furthermore, Kadhim 
and Radhi (2023) utilized optimized ML algorithms, 
including SVM and RF, to classify heart diseases, 
demonstrating substantial accuracy improvements 
through hyperparameter optimization, achieving up to 
95.4% accuracy with RF [27]. These findings underscore 
the potential of combining advanced imputation 
techniques, oversampling methods, and optimization 
techniques with powerful ML algorithms to improve 
predictive performance in clinical settings. 

Using class imbalance handling techniques (SMOTE) 
and data imputation methods (KNN, Iterative, and Miss 
Forest), this study attempts to assess how well a number 
of machine learning algorithms, including SVM, RF, and 
XGBoost, predict myocardial infarction complications. 
This study also aims to evaluate how Bayesian 
optimization's hyperparameter adjustment affects 
prediction accuracy. This study intends to improve patient 
outcomes and close gaps in the existing literature on 
prediction strategies by integrating these cutting-edge 
approaches to improve early detection and management 
of myocardial infarction complications. The research’s 
contributions are as follows: 1. This study provides a 
comprehensive evaluation of combined data imputation, 
oversampling methods, and ML models for predicting 
myocardial infarction complications; 2. It highlights the 
effectiveness of Bayesian Optimization in enhancing the 
predictive performance of SVM, RF, and XGBoost 
models, 3. The findings offer valuable insights for 
improving clinical decision support systems in 
cardiovascular disease management, 4. By addressing 
challenges related to missing data and class imbalance, 
this research presents a robust framework applicable to 
various medical predictive tasks.  

2. MATERIALS AND METHOD 

In this study, three machine learning models—Support 

Vector Machine (SVM), Random Forest (RF), and 

XGBoost—are used to assess the performance of three 

data imputation techniques: K-Nearest Neighbors (KNN), 

Iterative imputation (MICE), and Miss Forest imputation. 

Each model undergoes hyperparameter tuning through 

Bayesian Optimization. Data preprocessing (including 

SMOTE for oversampling), data splitting into training and 

testing sets, model training, data evaluation, and data 

gathering from a myocardial infarction (MI) complications 

dataset comprise the study's five procedures. Figure 1 

shows the workflow for the research. 

 

 

 

Fig. 1. iResearch IFlowchart 

A. Data Collection 

The data for this study were collected from publicly 

available patient records, ensuring adherence to ethical 

standards, including anonymization to protect patient 

privacy and confidentiality. The dataset utilized in this 

study consists of 1700 instances with 111 features of 

patient’s medical records. During the time of admission, 

the first day, the second day, and the third day of 

hospitalization, these aspects include demographic data, 

medical history, diagnostic test results, and clinical 

findings. Labels for many possible myocardial infarction 

(MI) consequences, including atrial fibrillation, 

supraventricular tachycardia, ventricular tachycardia, and 

pulmonary edema, are included in the dataset, which was 

obtained from this link. 

https://archive.ics.uci.edu/dataset/579/myocardial+infarct

ion+complications is the source of the information [28]. 

B. Data Imputation 

Data imputation addresses the problem of missing values, 

especially in health data, by estimating and filling gaps to 

maintain data integrity for accurate analysis and model 

training. It is crucial for preserving the quality of statistical 

analyses and machine learning models, preventing bias 
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and performance issues. The effectiveness of different 

imputation methods can be observed in Figure 2. 

 

Fig. 2. Density Plots of Original and Imputed Data Across Various 

Medical Features 

In this research, the challenge of missing data is 

particularly significant given the complexity and sensitivity 

of the medical records involved, which include crucial 

diagnostic test results and clinical findings. The missing 

values could lead to incomplete or biased analyses, 

potentially compromising the reliability of the study’s 

conclusions. The study applied three imputation methods 

to address this issue: Iterative Impute, Miss Forest Impute, 

and KNN Impute. As illustrated in the density plots, the 

results indicate that subtle differences exist while each 

method effectively approximates the original data 

distribution. These differences suggest that the choice of 

imputation method can introduce minor biases, especially 

in variables with more complex distributions, such as 

AST_BLOOD and ALT_BLOOD. Therefore, careful 

consideration must be given to selecting an appropriate 

imputation technique to ensure the validity and robustness 

of the following statistical models and analyses. 

 

1) Iterative Imputation 

In statistical literature, iterative imputation, also known as 

multivariate imputation by chained equations (MICE), has 

gained recognition as a principled approach for handling 

missing data. Often referred to as “fully conditional 

specification” or “sequential regression multiple 

imputation,” this method effectively addresses the 

challenge of incomplete datasets [17], [29]. 

This imputation technique involves running multiple 

regression models where the variable with missing data is 

predicted based on other variables in the dataset. The 

modeling approach depends on the variable type: for 

instance, logistic regression is used for binary variables, 

while predictive mean matching is applied to continuous 

variables. The process consists of four steps repeated 

until the best results are achieved. Initially, missing data is 

temporarily replaced with the mean of the observed 

values as a placeholder. Next, these placeholder values 

are reset to missing. Then, a regression model is run, 

where the observed values of the target variable are 

predicted using the other variables as predictors [33]. 

2) KNN Imputation 

K-Nearest Neighbors (KNN) imputation uses the KNN 

principles to fill in missing data. This eliminates gaps by 

substituting the average (or the mode for categorical 

variables) derived from the feature space's closest 

neighbours for missing values. KNN finds a set of 

neighbouring data points with missing values in order to 

estimate and fill in the missing data in the context of 

imputation. This non-parametric approach, frequently 

applied to classification and regression applications, uses 

distance metrics such as Manhattan, Minkowski, or 

Euclidean to determine how close missing data items are 

to their closest neighbours. Following the identification of 

the closest neighbours, the mode for categorical variables 

or the average for numerical variables is used to replace 

the missing values. 

The KNN imputation equation is shown in Eq. (1). 

 

  

𝑑𝑖,𝑗 =
∑ 𝑤𝑘𝛿𝑖,𝑗,𝑘

𝑝
𝑘=1

∑ 𝑤𝑘
𝑝
𝑘=1

 

 

(1) 

The KNN imputation equation is presented in (1), where 

𝑑𝑖,𝑗  represents the distance between the i-th and j-th data 

points. The variable 𝑝 denotes the total number of features 

being compared, while 𝑊𝑘 indicates the weight assigned 

to the k-th feature. Lastly, 𝛿I,j,k signifies the difference 

between the i-th and j-th data points for the k-th feature. 

The KNN imputation approach, which can handle a 

variety of variables, including binary, categorical, ordered, 
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continuous, and semi-continuous distances, is used in this 

study with distance weighting factors. The distance 

between two values is calculated based on a weighted 

average, where each variable’s contribution is considered. 

These weights are designed to represent the importance of 

each variable in the overall distance calculation.  

 

3) MissForest Imputation 

MissForest imputation estimates missing data in a dataset 

by utilizing the Random Forest algorithm, a non-parametric 

technique. This approach takes advantage of Random 

Forest's strength in handling complex, interrelated data, 

resulting in more accurate estimates for missing values. As 

an ensemble learning algorithm, Random Forest enhances 

accuracy and minimizes the risk of overfitting by combining 

predictions from multiple decision trees. In the MissForest 

method, the power of Random Forest is employed to 

predict and fill in missing values by analyzing the existing 

data in the dataset [31]. 

The imputation process begins by replacing missing data 

with the mean (for continuous variables) or the most 

frequent category (for categorical variables). The variable 

in question is then divided into two parts: the observed 

data, which is complete, and the missing data, which 

requires prediction. A Random Forest model is trained 

using the observed data as the response variable, with 

other variables serving as predictors. The missing data is 

then imputed with the predictions from the Random Forest. 

This can be mathematically represented as Eq. (2): 

 
𝐷𝑖𝑚𝑝𝑢𝑡𝑒𝑑

𝑚𝑖𝑠𝑠𝑖𝑛𝑔

= 𝑓(𝐷𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑, 𝐷𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟𝑠) 
(2) 

where 𝑓 represents the function of the Random Forest 

model that predicts missing values based on the observed 

data and other predictor variables. This procedure is 

repeated for each variable until the differences between 

iterations are minimal [32]. 

 

C. Oversampling 

When the distribution of classes is disproportionate, the 

data is considered imbalanced. This issue is common in 

many real-world datasets, where standard instances 

significantly outnumber abnormal ones. Classifiers trained 

on such datasets often become either overfitted or 

underfitted. To address this problem, several resampling 

techniques have been introduced [34]. 

 

1) Synthetic Minority Over-sampling Technique 

(SMOTE) 

The SMOTE (Synthetic Minority Over-sampling 

Technique) algorithm, introduced by Chawla, addresses 

imbalanced data. SMOTE creates new synthetic samples 

through random linear interpolation between existing 

minority samples and their nearest neighbors. By 

generating a specific number of artificial minority samples, 

the imbalance ratio is reduced, leading to improved 

classification performance on the imbalanced dataset 

[35]. 

 

Fig. 3. Distribution of RAZRIV Feature Before and After SMOTE 

Oversampling  

In this research, the "RAZRIV" feature, which is the 

target variable (or “y”), was identified as highly imbalanced. 

As shown in Fig. 3, before applying the SMOTE algorithm, 

the distribution of the "RAZRIV" feature was significantly 

skewed, with a large majority of the instances belonging to 

class 0 (indicating no complication) and a very small 

number to class 1 (indicating a complication). 

To address this imbalance, SMOTE was applied to the 

dataset, specifically to the "RAZRIV" feature, to generate 

synthetic samples of the minority class (class 1). The 

result of this oversampling process is evident on the right 

side of the figure, where the distribution of the "RAZRIV" 

feature has become more balanced. This balance 

between the two classes is crucial for improving the 

performance of classifiers, as it allows the model to learn 

equally from both classes, reducing the risk of overfitting 

to the majority class or underfitting to the minority class. 

D. Data Splitting 

A widely adopted method for validating models is data 

splitting, which involves dividing a dataset into two subsets: 

training and testing. Models are trained on the training data 

and validated using the test data. This separation ensures 

that model evaluation is unbiased, allowing for an accurate 

assessment of predictive performance while minimizing 

concerns about overfitting the training data [36]. 

Once a splitting ratio is determined, the previously 

mentioned data-splitting methods can be applied. A 

typical ratio is 80:20, where 80% of the data is allocated 

for training and 20% for testing. However, other ratios like 

70:30, 60:40, and even 50:50 are also commonly used in 

practice. No definitive rule exists regarding which ratio is 

optimal for a particular dataset. In this research, we adopt 

the 80:20 data splitting ratio, where 80% of the dataset is 

utilized for training the model, and the remaining 20% is 

reserved for testing. 
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E. Hyperparameter Tuning 

 Solving optimization problems is a key component of 

machine learning. An optimization method is used to 

initialize and optimize the weight parameters of an ML 

model until the accuracy or the objective function 

approaches a maximum value [37]. This study employed a 

systematic approach for hyperparameter tuning, starting 

with creating a simple baseline model. This baseline model 

was then used for initial hyperparameter tuning, allowing 

the identification of the best parameters for each model. By 

storing these optimal parameters, the tuning process 

became more efficient. 

After identifying the best hyperparameters, these 

values were applied to more advanced models. This two-

step approach—first tuning the hyperparameters on 

simpler models and then applying them to more complex 

models—was crucial in minimizing computational time 

and resource consumption. Running advanced models for 

both hyperparameter search and classification 

simultaneously would have been highly time-intensive 

and impractical, so this method ensured a balance 

between computational efficiency and model 

performance. 

1) Bayesian Optimization 

Bayesian optimization (BO) is an iterative algorithm that 

uses a model to efficiently optimize objectives that are both 

noisy and costly to evaluate. This approach is especially 

useful in situations where each evaluation of the objective 

function is expensive and time-consuming. For instance, 

BO effectively fine-tun accelerator parameters, such as 

adjusting magnet power supplies, which can take several 

seconds. It also optimizes objectives that require 

considerable measuring time, like transverse beam 

emittance. Additionally, BO proves valuable in simulated 

environments where physics simulations demand 

substantial computational resources for making predictions 

[38]. 

 

F. Machine Learning Model 

 A branch of artificial intelligence (AI) called machine 

learning enables computer systems to learn from data and 

generate predictions without explicit programming. This 

method is especially useful for addressing complex 

problems and deriving valuable insights from large 

datasets [39]. Machine learning has become a useful tool 

in medical diagnostics with great promise for therapeutic 

treatment as learning algorithms continue to improve and 

massive medical datasets become more widely available. 

These methods, which are being used more and more in a 

variety of medical specialties, such as the diagnosis of 

cancer, heart disease, musculoskeletal disorders, and 

mental disorders, have proven to be useful in supporting 

doctors by providing precise forecasts, disease detection, 

and image-based diagnosis. Moreover, machine learning 

algorithms play a crucial role in addressing challenges such 

as class imbalances in medical datasets, which enhances 

the accuracy and reliability of predictive models [40], [41]. 

 

1) Random Forest 

The Random Forest algorithm makes decisions through a 

series of steps organized as decision trees. Within the 

Random Forest, multiple decision trees are generated, 

each providing its prediction. The final prediction is 

determined by selecting the class with the majority of 

votes from these trees [42]. A tree-based model divides 

the dataset into two groups recursively based on a 

specific criterion, continuing this process until a 

predetermined stopping point is reached. The endpoints 

of these decision trees are referred to as leaf nodes or 

leaves. 

 

Fig. 4. Recursive binary partition of a two-dimensional subspace 

 

Fig. 5. A igraphical irepresentation of the idecision tree in Figure 4 

Figure 3 depicts a recursive partitioning of a two-

dimensional input space using axis-aligned boundaries, 

meaning the input space is split along lines parallel to one 

of the axes. In this example, the first division occurs at 

𝑥2 ≥  𝑎2. Subsequent splits further divide the subspaces: 

the left branch is split at 𝑥1 ≥  𝑎4, while the right branch is 

initially split at 𝑥1 ≥  𝑎1, with one of its subbranches 
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further split at 𝑥2 ≥  𝑎3. Fig. 4 visually represents the 

subspaces divided in Figure 3 [43]. 

2) Support Vector Machine (SVM) 

Support Vector Machines (SVM) are used in supervised 

learning for both classification and regression tasks [44], 

[45], [46]. SVM aims to identify the hyperplane that 

maximizes the margin between data classes, which helps 

separate them linearly (Fig. 5). SVM is particularly 

effective for datasets with limited training samples, where 

traditional statistical methods may not guarantee an 

optimal solution [47]. 

 

Fig. 6. Margin and Support Vectors 

When linear separation is challenging, SVM uses kernel 

functions to project the training data into a higher-

dimensional feature space, making separation more 

feasible. Kernel functions like the radial basis function 

(RBF) or polynomial kernel enhance classification 

accuracy, especially with small training sets [48]. Selecting 

an appropriate kernel function is essential for evaluating 

hyperplanes and minimizing classification errors. The 

SVM’s effectiveness largely depends on the choice and 

size of the kernel, as well as the density of the kernel’s 

surface, which influences smoothness [49], [50]. 

Unlike other machine learning algorithms, choosing the 

right kernel function is a complex and critical task. The 

strength of the SVM algorithm lies in its ability to refine 

itself by adjusting its kernel feature, allowing it to adapt to 

different dimensions of the problem. However, this 

adaptability can increase computational demands, 

particularly in comparison to other machine learning 

methods, depending on the problem’s dimensionality [51], 

[52]. 

3) Extreme Gradient Boosting (XGBoost) 

Initially introduced by Chen et al. [53], XGBoost is a 

scalable tree-boosting system that has gained significant 

attention for its remarkable efficiency and predictive 

accuracy. It was prominently utilized in Kaggle’s Higgs sub-

signal recognition contest, and its popularity has only 

grown since then. XGBoost improves upon the traditional 

Gradient Boosting Decision Trees (GBDT) algorithm [54], 

leveraging a collection of decision trees to handle both 

classification and regression tasks effectively. 

Chen et al. [53] introduced XGBoost as equation (3) 

described. During each step of the gradient boosting 

process, the residual is adjusted to improve the accuracy 

of the previous predictor by optimizing the specified loss 

function. The term 𝑓𝑘(𝑥𝑖) refers to the predicted value for 

the 𝑖-th sample generated by the 𝑘-th tree. The set of 

functions 𝑓𝑘 is learned by minimizing the following 

objective function (Eq. (3)): 

𝑂𝑏𝑗 =  ∑ |(𝑦̂𝑖, 𝑦𝑖) +  ∑ 𝛺(𝑓𝑘)𝑘
𝑘=1

𝑛
𝑖=1  (3) 

Where: 

𝛺(𝑓𝑘) =  𝛾𝑇 + 
1

2
 ⋏ 𝜔2  (4) 

In Eq. (3), the first term, l, is used in the classification tree 

and is defined as (Eq. (5)):  

(𝑦̂𝑖 , 𝑦𝑖) =  𝑦𝑖 ln(1 + 𝑒−𝑦̂𝑖) + (1 −  𝑦𝑖)𝑙𝑛(1 + 𝑒−𝑦̂𝑖) (5) 

This term represents the loss function, which measures 

the difference between the predicted value 𝑦̂𝑖 and the 

actual target value  𝑦𝑖.  The second term, 𝛺, refers to the 

regularization component (Eq. (4), which evaluates the 

complexity of the tree 𝑓𝑘. In this context, 𝛾 and ⋏ are 

regularization parameters, while T is the number of leaves 

and ⋏ represents the vector of values assigned to each 

leaf [55]. 

G. Performance Metrics 

Confusion matrices are a fundamental tool for evaluating 

the performance of classification models in machine 

learning. By presenting the actual versus predicted 

outcomes in a structured format, they enable a 

comprehensive analysis of the model's performance. This 

framework helps identify not only how often a model 

correctly or incorrectly classifies data, but also the nature 

of those errors.  

The key metrics in confusion matrices include True 

Positive (TP), False Negative (FN), False Positive (FP), 

and True Negative (TN), which are essential for 

understanding various aspects of classification accuracy. 

TPs refer to the correct predictions of the positive class, 

while FNs occur when the model fails to identify a positive 

instance. Conversely, FPs indicate instances where the 

model incorrectly predicts a positive outcome, and TNs 

capture the accurate identification of negative instances 

[38]. As summed up in Table 1, these keywords offer 

important insights into the model's prediction capabilities' 

advantages and disadvantages across various classes. 
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Table 1. Confusion Matrix 

Actual Class 
Predicted Class 

True False 

True True Positive (TP) 
False 

Negative (FN) 

False False Positive (FP) 
True Negative 

(TN) 

 

To evaluate the performance of the model based on the 

confusion matrix, several key metrics are used: 

Accuracy: This represents the ratio of correctly classified 
instances (both positive and negative) to the total 
instances, as expressed in Eq. (6). 

Accuracy =
TP+TN

TP+FN+FP+TN
  (6) 

Sensitivity: Also known as recall, this metric indicates the 
proportion of actual positives correctly identified by the 
model, shown in Eq. (7). 

Sensitivity =
TP

TP+FN
  (7) 

Precision: This metric reflects the proportion of positive 
identifications that are correct, as given in Eq. (8). 

Precision =
TP

TP+FP
  (8) 

F1 Score: A harmonic mean of precision and recall, 
providing a balance between the two, as represented in 
Eq. (9). 

F1 =
2∗precision∗Recall

precision+Recal
  (9) 

Additionally, the Area Under the Curve (AUC) offers a 

valuable measure of a model's ability to differentiate 

between positive and negative instances. A higher AUC 

value suggests a better-performing model, with values 

ranging from 0 to 1, where 1 indicates perfect 

classification. The AUC can be mathematically modeled 

as shown in Eq. (10). 

 AUC =
(

TP

TP+FN
)x(

TN

TN+FP
)

2
  (10) 

The interpretation of the AUC score is significant in 

assessing the model’s discriminative ability, with higher 

AUC values corresponding to better classification 

performance. Table 2 categorizes model performance 

based on AUC values, helping to determine the 

effectiveness of the classification model [38]. 

 

 

Table 2. Categories of results from classification based on AUC values 

AUC Values Category 

0.90 – 1.00 Excellent 

0.80 – 0.90 Good 

0.70 – 0.80 Fair 

0.60 – 0.70 Poor 

0.50 – 0.60 Failure 

 

3. RESULTS 

This section focuses on evaluating the classification 
algorithms SVM, Random Forest, and XGBoost, while 
also incorporating data imputation techniques like KNN 
Imputation, Iterative Imputation, and MissForest 
Imputation. Furthermore, Bayesian Optimization is 
employed to enhance the hyperparameters of these 
algorithms. The main objective is to assess the 
effectiveness of these classification models in predicting 
complications associated with myocardial infarction. 
Various performance metrics—including precision, 
sensitivity, accuracy, F1-score, and the Area Under the 
Curve (AUC) of the ROC curve—are utilized to achieve 
this.  

Fig. 7. APerformance Matrics Comparison of SVM, Random Forest, and 
XGBoost with Different Data Imputation Method. 

 

In this study, the dataset is split into training and testing 
sets with an 80:20 ratio, ensuring that the models are 
trained on a substantial portion of the data while leaving 
enough data for a robust evaluation of their predictive 
performance. This ratio strikes a balance between 
providing the model with sufficient information for learning 
and retaining a representative test set to evaluate its 
generalization capabilities. Given the issue of imbalanced 
classes in the dataset, the Synthetic Minority Over-
sampling Technique (SMOTE) is applied to the training 
data to create a more balanced distribution of classes, 
thereby improving the models’ ability to accurately classify 
minority classes. This 80:20 split also helps mitigate 
overfitting by ensuring that the model’s performance is 
assessed on data it has not seen during training, leading 
to more reliable predictions in real-world scenarios. 
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The performance results of the models with different 

imputation techniques are presented in Fig. 6. The 

evaluation results, as seen in the figure, demonstrate a 

detailed comparison of various metrics across different 

models and imputation techniques, highlighting the 

effectiveness of each approach in improving prediction 

accuracy. As shown in Figue 7, the performance metrics of 

all algorithms using various data imputation methods are 

notably strong, with results approaching near-perfect 

scores of 100%. 

 A more detailed breakdown can be seen in Table 3, 
where the XGBoost algorithm, when combined with 
MissForest data imputation, stands out as the top 
performer. Specifically, it achieved an accuracy of 99.6%, 
a sensitivity of 100%, a precision of 99%, an AUC (Area 
Under the Curve) score of 99.6%, and an F1 score of 
99.5%. 

Table 3. Performance Metrics Result 

Mod

el 

Imputatio

n 

Performance Metrics 

AUC F1 Acc 

Sens

itivit

y 

Preci

sion 

SVM 

Iterative 0.995 0.995 0.996 0.99 1.0 

Miss 

Forest 0.989 0.99 0.987 1.0 0.968 

KNN 0.944 0.926 0.937 0.981 0.876 

RF 

Iterative 0.966 0.964 0.972 0.935 0.995 

Miss 

Forest 0.956 0.954 0.964 0.912 1.0 

KNN 0.954 0.951 0.962 0.912 0.994 

Xgb

oost 

Iterative 0.993 0.99 0.992 0.995 0.986 

Miss 

Forest 0.996 0.995 0.996 1.0 0.99 

KNN 0.994 0.993 0.994 0.995 0.99 

 

 

4. DISCUSSION 

The results of this study shed important light on how well 
the machine learning algorithms SVM, Random Forest, 
and XGBoost perform when used to the prediction of 
myocardial infarction-related complications. We sought to 
determine the best strategy for improving prediction 
accuracy by utilizing a variety of data imputation 
techniques, including KNN, Iterative, and MissForest 
Imputation, and optimizing model performance using 
Bayesian Optimization. The inclusion of SMOTE, a 
technique for balancing the dataset, proved essential for 
addressing the inherent class imbalance in the data, 
particularly by ensuring that minority classes were well 
represented during training. 

Among the algorithms evaluated, XGBoost paired with 
MissForest Imputation emerged as the superior model, 
achieving near-perfect performance across key metrics 
such as accuracy (99.6%), sensitivity (100%), and 
precision (99%). This suggests that the combination of 
XGBoost's advanced gradient-boosting methodology and 
MissForest's ability to handle missing data effectively 
contributed significantly to the model’s predictive strength. 
Additionally, the model's high AUC score of 99.6% 
highlights how strong it is at differentiating across classes, 
which makes it a good fit for challenging classification 
tasks like forecasting the consequences of myocardial 
infarction. 

In comparison to other studies that can be seen in 
Table 4, our results exhibit superior performance across 
key metrics, particularly with the integration of XGBoost 
and MissForest Imputation, yielding 99.6% accuracy, 
100% sensitivity, and an AUC of 0.996. For example, 
Ishaq et al. (2021) reported an accuracy of 92.62% using 
the Extra Tree Classifier (ETC) with SMOTE, while 
Ogunpola et al. (2024) achieved an accuracy of 98.50% 
with SVM, Random Forest (RF), and XGBoost for 
cardiovascular disease detection. Although these studies 
demonstrate strong results, our application of Bayesian 
Optimization, SMOTE, and advanced imputation methods 
consistently led to higher accuracy and improved 
predictive performance. This comparison highlights the 
effectiveness of combining XGBoost with MissForest 
Imputation for tackling complex healthcare prediction 
challenges, such as myocardial infarction complications.   

Despite the promising outcomes, several limitations 
need to be acknowledged. First, the computational cost 
associated with MissForest Imputation and Bayesian 
Optimization is relatively high, especially when applied to 
large datasets. In real-time clinical settings, where rapid 
decisions are crucial, this could pose a challenge. Another 
limitation is the use of KNN Imputation, which consistently 
underperformed across all models. This highlights that 
simpler imputation methods may not be suitable for 
handling datasets with complex variable interactions, 
such as those seen in healthcare applications. 

 
Table 4. Comparison of Performance Metrics Result 

Study Model & Method 
Accuracy 

(%) 

This Study 

(2024) 

XGBoost + MissForest, 

SMOTE, Bayesian Opt 99.6 

Ishaq et al. 

[23] 
ETC + SMOTE 

92.62 

Ogunpula et 

al. [25] 
SVM, RF, XGBoost 

98.50 

Qin et al. [26] Random Forest + KNN 

Impute, SMOTE 99.75 

Kadhim and 

Radhi [27] 

Random Forest, 

hyperparameter tuning 95.4 
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Moreover, the study is limited to three machine 
learning models—SVM, Random Forest, and XGBoost—
and three imputation techniques. While these are widely 
used, exploring a broader range of models, including deep 
learning algorithms or ensemble models, might yield 
additional insights. Finally, the dataset used in this study 
was relatively small and sourced from a single database. 
Larger, more diverse datasets from multiple sources 
would improve the generalizability of the results. 

The findings of this study have several important 
implications for healthcare and machine learning. First, 
they confirm that advanced algorithms like XGBoost, 
when paired with robust imputation techniques such as 
MissForest, can significantly enhance the predictive 
accuracy of models in clinical settings. This improvement 
in prediction accuracy is critical for timely intervention in 
patients at risk of complications from myocardial 
infarction, potentially reducing mortality and improving 
patient outcomes. 

Moreover, the study highlights the importance of 
addressing data imbalance and missing data, both of 
which are common in medical datasets. The success of 
SMOTE in balancing the dataset and MissForest in 
handling missing data underscores the need for 
thoughtful data preprocessing techniques to ensure 
reliable model performance. Additionally, the high 
accuracy achieved through Bayesian Optimization 
suggests that careful hyperparameter tuning can further 
improve the performance of machine learning models in 
healthcare. 

Finally, the results suggest that future research should 
focus on scalability and computational efficiency to make 
these methods more applicable to real-time clinical 
decision-making. Researchers should also investigate the 
benefits of combining feature selection techniques with 
existing models to reduce complexity and improve 
interpretability. By continuing to explore new imputation 
methods, data balancing techniques, and more powerful 
machine learning models, the predictive capabilities of 
healthcare algorithms can be further enhanced. 

Future research should explore additional methods 
that could further enhance the predictive performance of 
machine learning models in healthcare-related tasks, 
particularly in the context of myocardial infarction 
complications. One promising area is incorporating 
feature selection techniques, which can help identify the 
most relevant variables for prediction, potentially 
improving model efficiency and reducing computational 
complexity. Additionally, experimenting with ensemble 
methods or hybrid models that combine the strengths of 
multiple algorithms may yield even better results. Further 
investigation into more advanced imputation techniques 
and exploring alternative data balancing methods beyond 
SMOTE could also enhance the handling of imbalanced 
datasets. 

 

5. CONCLUSION 

Three popular machine learning algorithms—SVM, 
Random Forest, and XGBoost—were evaluated in this 
study for their ability to predict myocardial infarction-
related complications. The models were assessed using 
various data imputation methods, including KNN, 
Iterative, and MissForest Imputation, with their 
hyperparameters optimized through Bayesian 
Optimization. The results demonstrated that all three 
algorithms achieved strong performance across multiple 
metrics, such as accuracy, sensitivity, precision, F1 score, 
and AUC. However, XGBoost, in combination with 
MissForest Imputation, emerged as the most effective 
approach, achieving near-perfect performance across key 
metrics such as AUC score of 99.6%, F1 (99.5%), 
accuracy (99.6%), sensitivity (100%), and precision 
(99%), and showcasing its robustness in handling missing 
data and imbalanced classes. 

These results reflect the importance of oversampling 
imbalanced datasets. This research, therefore, offers a 
better understanding of the effectiveness of various data 
imputation methods and machine learning algorithms. 
Future development prospects could involve feature 
selection methods and combining several classification 
models. 
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