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Abstract  

 

Heart attack disease is one of the leading causes of death worldwide, making early detection a critical factor in reducing 

mortality. However, manual prediction is often inaccurate due to the complexity of medical data. To address this issue, 

this study evaluates five machine learning algorithms K-Nearest Neighbors (KNN), Decision Tree, Naïve Bayes, Random 

Forest, and Support Vector Machine (SVM) for predicting heart attack risk. The dataset, obtained from Kaggle, was 

preprocessed and divided into training and testing sets using 70:30 and 80:20 ratios. Algorithm performance was assessed 

using accuracy, precision, recall, and F1-score. The results showed that Decision Tree and Random Forest achieved the 

best performance with accuracy up to 97.98%, while KNN recorded the lowest accuracy at around 61.36%. This study 

not only demonstrates the comparative effectiveness of these algorithms on the same dataset, contributing to the growing 

body of research on AI in healthcare, but also highlights their potential clinical utility. In particular, Decision Tree and 

Random Forest can support the development of AI-based clinical decision support systems to assist healthcare 

professionals in early diagnosis and risk management. 

 
Keywords: Decision Tree, Heart Attack Prediction, K-Nearest Neighbors, Random Forest, Support Vector Machine 

 

 

 

1. INTRODUCTION 

Myocardial infarction, another name for heart attack, occurs when the heart muscle does not receive 

sufficient blood and oxygen to function properly [1] [2]. Blockage of the arteries that supply blood to the 

heart is often the main cause, making a heart attack a life-threatening medical emergency [3] [4]. Globally, 

this disease is one of the leading causes of death, responsible for an estimated 17 million deaths each year. 

The impact is also evident at the national level: in Pakistan, heart attacks accounted for 19% of total deaths in 

2020 and increased to 29% in the following year, while in Indonesia they were recorded as the leading cause 

of death across all age groups at 12.9% [5]. These figures highlight that heart attacks are not only a global 

health concern but also a serious national challenge, emphasizing the urgency of research on more accurate 

early detection methods to help reduce mortality rates. 

Heart attacks can be caused by various lifestyle factors as well as genetic predisposition [4]. The most 

common symptoms include chest pain, shortness of breath, and unusual fatigue. In addition, patients may 

experience dizziness, nausea, excessive sweating, or pain that radiates to the neck, jaw, back, shoulders, and 

arms [6]. These diverse symptoms reflect the disruption of blood supply to the heart muscle and highlight the 

importance of early recognition. 

 Prevention of heart attacks can be achieved through lifestyle modifications and risk factor 

management, such as controlling blood pressure, cholesterol, and blood sugar. Several medical procedures 

are also available to treat heart attack patients, including stenting, angioplasty, coronary artery bypass 
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surgery, heart valve surgery, and even heart transplantation [1]. Correct detection and timely treatment have 

been shown to significantly reduce mortality and the risk of recurrence [7].  

Early prediction of heart attack disease is critical to saving a patient's life [8]. Direct prediction by 

doctors is sometimes inaccurate, so in predicting heart attacks, artificial intelligence technology can be used 

[9]. Machine Learning can be used to find invisible patterns to predict heart attack disease and provide 

medical insights that will help doctors determine whether or not someone is having a heart attack [9], [10]. 

Machine Learning helps discover hidden features by analysing data [11]. Some frequently used algorithms 

include K Nearest Neighbors (K-NN), Naive Bayes Classifier (NBC), Decision Tree, Random Forest, and 

Support Vector Machine (SVM) [10]. Each algorithm has a unique approach to dealing with data patterns, 

such as the ability of K-NN to classify based on the closeness of k values, Naïve Bayes' flexibility in 

handling probabilities, and Random Forest's high accuracy in utilizing ensemble methods [12], [13]. 

 Previous studies show varying results in heart attack prediction. Kamila et al. (2023) reported that 

Random Forest achieved an accuracy of 81.82%, higher than Decision Tree which reached 77.44% [14]. 

Likewise, Shashikant R. and Chetankumar P. (2023) found Random Forest to be the most accurate model 

with 93.61%, outperforming Logistic Regression with 88.50% and Decision Tree with 92.59% [14]. In 

contrast, Lite et al. (2024) highlighted the advantages of Naïve Bayes, which demonstrated high speed and 

reliable accuracy in both binary and multiclass prediction, surpassing algorithms such as SVM, K-NN, and 

Logistic Regression. These findings indicate that each algorithm has distinct strengths depending on data 

characteristics. Therefore, this study evaluates five algorithms K-Nearest Neighbors (K-NN), Decision Tree, 

Naïve Bayes, Random Forest, and SVM selected because they represent different categories of machine 

learning methods, to determine the most effective model for heart attack risk prediction [15],[16].  

Previous reviews on heart attack datasets show that Random Forest and Decision Tree algorithms are 

superior to the SVM, and K-NN algorithms, while research conducted by Lite, et al shows the Naïve Bayes 

algorithm has high speed and accuracy [9], [12]. Based on the review of previous research, the novelty of this 

research is to test the prediction of a person's risk of heart attack with five algorithms, namely K-NN, 

Decision Tree, Naïve Bayes Classifier, Random Forest, and SVM. This research aims to test the effectiveness 

of the five algorithms on the heart attack dataset to find out which algorithms provide the most effective 

results. 

 

2. MATERIAL AND METHOD  

The methodology of this research can be seen in Figure 1.  

 

 

Figure 1. Research Methodology 
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This research began with a literature review, which examined heart attack risk, relevant health 

indicators, and machine learning algorithms such as K-NN, Decision Tree, Naïve Bayes Classifier, Random 

Forest, and SVM. This study helps determine the appropriate approach and dataset. The next stage was data 

collection, where a dataset from Kaggle containing 1,319 rows and 9 features, such as age, blood pressure, 

glucose level, and troponin level, was used as the research base. In the Data Preprocessing stage, the dataset 

was analyzed and no empty values were found. The data was then separated into features (x) and labels (y), 

and divided into training data (70%,80%) and test data (30%,20%). This stage ensures data is ready for Next, 

in the Implementation Machine Learning Algorithms stage, five algorithms are applied to predict heart attack 

risk based on health features. The results of each algorithm are evaluated using metrics such as accuracy, 

precision, recall, and F1-score in the Evaluation stage. In the Comparative Analysis step, the performance of 

the algorithms is compared to determine the most accurate model. 

 

2.1. Data Collecting 

The heart attack risk prediction dataset is taken from the Kaggle platform and contains 1,319 records 

with 9 main variables. These variables include various indicators of an individual's health, such as age, 

gender, heart rate, systolic and diastolic blood pressure, blood glucose levels, body mass, and troponin levels, 

which are markers of heart damage. The dataset also includes a category label in the class column, which 

identifies whether the individual is at risk of heart attack (positive) or not (negative). The data is collected 

from relevant clinical sources or medical surveys, to help predict heart attack risk based on an individual's 

physiological data. 

 

2.2. Data Preprocessing 

Preprocessing, an important stage in data processing, is performed to improve the quality of data used 

in machine learning models. Resolving missing values, removing noise, and normalizing and standardizing 

data are all part of this process [1] [2]. The dataset preprocessing stage involves checking and handling 

missing values to ensure the data is clean and complete. In this heart attack dataset from Kaggle, no missing 

values were found, so no imputation or deletion steps were required. The data was then separated into 

features (x) and targets (y), where targets in the form of ‘positive’ and ‘negative’ labels were converted into 

numeric format. After that, the dataset was divided into two scenarios, namely 70:30 and 80:20 for training 

and testing each algorithm. 

 

2.3. Heart Attack 

The World Health Organisation (WHO) states that, in the last 15 years, an estimated 17 million people 

have died each year from heart disease, particularly heart attacks [3] [4]. Heart attack is a term that refers to a 

collection of conditions that include the heart, blood vessels, muscles, valves, or the internal electrical 

pathways that control muscle contraction [5] [3]. Risk factors such as a patient's age and cholesterol levels 

can lead to heart attack disease [6]. There are two main types of heart attack. Type I heart attacks occur when 

the inner wall of an artery ruptures, releasing cholesterol and other chemicals into the circulation. Type II 

heart attacks occur when the artery is not completely blocked, but the heart still does not receive enough 

oxygen-rich blood [7].  

 

2.4. Machine Learning 

It is very important to predict heart attack disease early to save the patient's life [8]. Some academics 

have recently discovered a new method for selecting elements that play a role in the diagnosis of heart attack 

disease [9]. Machine learning is one way of modeling that can be used in the early detection of heart attack 

disease [10]. Machine learning methods are more comprehensive than traditional risk prediction approaches 

[10]. Many variables in a data set are often repetitive or irrelevant when building machine learning models. If 

all these features are included in the model, it may adversely affect the performance and accuracy of the 

model. Therefore, it is important to select the most relevant features and remove unnecessary features, which 

is done through the feature selection process in machine learning [6]. 

 

2.5. K-Nearest Neighbors (K-NN) 

The k-nearest Neighbour approach is a commonly used classification method proposed by Fix and 

Hodges [11]. The k-NN algorithm works on the principle that data that have similar characteristics tend to be 

nearby in the feature space. It predicts the label or value of a new data point by referring to the majority of 

the labels or average values of its k nearest neighbors, which are determined using a distance metric such as 

Euclidean, Manhattan, or Minkowski [9]. The k-NN algorithm equation [9]: 

 

𝐷(𝑋, 𝑌) =  √∑ (𝑥𝑖  
𝑛
𝑖=1 − 𝑦𝑖)2        (1) 
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D(X, Y) is the distance between objects a and b. Where xi is the training data and yi is the testing data. 

While n is the number of independent variables. 

 

2.6.    Decision Tree 

Decision tree is a method used to help make decisions by considering various factors that affect a 

problem [12]. This algorithm forms a tree-like structure, where the main attribute becomes the root, and each 

branch represents a specific value or condition [14]. Decision trees divide the entire data set into subgroups 

containing instances of the same class [16] [17]. This algorithm can be used to predict category class names, 

classify data based on the training set and class labels, and classify new data received [18]. The decision tree 

structure is depicted in Figure 2. 

 

 

Figure 2. Decision Tree Structure 

 

2.7.      Naïve Bayes Clasifier 

Naïve Bayes is a statistical classification technique based on Bayes' Theorem [19]. Naive Bayes is one 

of the simplest supervised learning algorithms. It calculates an initial probability for a particular class label as 

well as its likelihood probability, then generates a conditional probability for a particular target [20][21]. On 

the other hand, the NBC classifier is significantly faster than other algorithms because it only performs 

probability calculations and achieves a high performance rate on categorical data. NBC is based on the 

assumption of independent predictors, although it is very rare to find a set of independent predictors in the 

real world. Several measures can be used to evaluate this learning algorithm [22], [23]. Equation of the Naïve 

Bayes algorithm [24]: 

 

𝑃(𝐴\𝐵)  =  
𝑃(𝐵\𝐴)𝑃(𝐴)

𝑃(𝐵)
      (2) 

 

P(A|B) is the conditional probability from A to B. Where P(A) is the probability of event A and P(B) 

is the probability of event B. 

 

2.8. Random Forest 

Random Forest is an ensemble tree technique developed by Breiman [25]. This technique predicts the 

dependent variable by averaging the predictions of the decision tree [26]. Each tree is trained with a 

randomly sampled subset of the predictor variables and bootstrap samples from the training set [27], [28]. By 

using an ensemble of various decision trees, RF can reduce bias and variance, which helps improve 

prediction accuracy [29]. The downside is the high computational requirements needed to train the model 

well, especially if the dataset is large and complex [30]. Random forest algorithm equation [26]: 

 

Entropy (Y)  = − ∑ p(c\Y) i log2 p (c\Y)     (3) 

 

Where Y is the set of cases, and p(c|Y) is the proportion of Y values to class c. 

 

(Y, a)  =  Entropy (Y)  − ∑ |Yv| |Ya| values Entropy )Yv)    (4) 

 
Where the values of (a) are all possible values in the set of cases of a. Yv is a subclass of Y with class 

v, which corresponds to class a. Yes, there are all values corresponding to a 

 

2.9. Support Vector Machine (SVM) 

SVM is used to categorize image feature vectors into two groups based on class labels [31]. This 

method uses a kernel function to transform the input data into a large space, allowing the separation of non-

linear data [31], [32]. Some of the kernel functions considered are Gaussian, linear, quadratic, and cubic, and 

kernel selection is done based on the best performance. SVM excels in optimizing data separation using a 
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hyperplane that maximally separates different classes. SVM is combined with the Recursive Feature 

Elimination (RFE) method to select the most relevant features among the 104 quantitative features extracted 

from the image. RFE gradually removes features that contribute the least to the classification thereby 

improving the efficiency of SVM in distinguishing abruption [33]. SVM requires accurate motor parameters 

and additional PI control to generate optimal torque change reference [34]. Super Vector Machine algorithm 

equation [35]. 

 

𝑤 ∙ 𝑥 + 𝑏           (5) 

 

SVM Hyperplane Equation that separates two classes w is the vector normal to the hyperplane that 

determines the direction of separation, x is the input feature vector, and b is the bias that determines the 

position of the hyperplane. 

 

3. RESULTS AND DISCUSSION  

3.1. Initial Data 

This heart attack dataset is of good quality as there are no missing values, and all data types are 

suitable for analysis. The clean data structure allows its use in various machine learning algorithms to model 

heart disease risk prediction. Heart attack disease is affected by several conditions shown in Table 1. 

 

Table 1. Heart Attack Prediction Datasets 

Age Gender Impulse Pressurehight ….. Class 

64 1 66 160 ….. Negative 

21 1 94 98 ….. Positive 

55 1 64 160 ….. Negative 

64 1 70 120 ….. Positive 

55 1 64 112 ….. Negative 

58 0 61 179 ….. Negative 

32 

….. 

….. 

….. 

45 

54 

51 

0 

….. 

….. 

….. 

1 

1 

1 

40 

….. 

….. 

….. 

85 

58 

94 

214 

….. 

….. 

….. 

168 

117 

157 

….. 

….. 

….. 

….. 

….. 

….. 

….. 

Negative 

….. 

….. 

….. 

Positive 

Positive 

Positive 

 

3.2. Data Preprocessing 

The preprocessing stage of machine learning classification datasets aims to prepare the data for use in 

modeling algorithms. It starts with data cleaning, such as removing missing values, duplicates, or handling 

outliers. In this heart attack dataset, there are no missing values or the data is clean and normal, it's just that 

the class part which was originally categorical is changed to numeric, negative is changed to 0, and positive 

is changed to 1. Data that has passed the preprocessing stage can be seen in Table 2. 

 

Table 2. Data Preprocessing Results 

Age Gender Impulse Pressurehight ….. Class 

64 1 66 160 ….. 0 

21 1 94 98 ….. 1 

55 1 64 160 ….. 0 

64 1 70 120 ….. 1 

55 1 64 112 ….. 0 

58 0 61 179 ….. 0 

32 0 40 214 ….. 0 

 

3.3. K-Nearest Neighbors (K-NN) 

The test evaluation results of the K-NN algorithm with a confusion matrix can be seen in Figures 3 

and 4. Based on the confusion matrix in Figure 3, the results of testing the K-NN algorithm with a 70:30 data 

split on the heart attack disease dataset correctly predict 169 positive cases (people at risk of developing the 

disease) and 74 negative cases (people who are not at risk). Howeveer, 81 cases were wrongly predicted 

positive, when in fact the person was not at risk (False Positive), and 72 cases that were wrongly predicted 

negative, when in fact the person was at risk (False Negative). Further explanation of the performance 

evaluation of the KNN algorithm with a 70:30 data split is shown in Table 3. 
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Figure 3.  Confusion Matrix KNN with split data 70:30 

 

Table 3. K-NN Performance Evaluation with 70:30 data split 

Accuracy Recall Precision F-1 Score 

61.36% 47.74% 50.68% 49.17% 

 70.12% 67.60% 68.84% 

 

The Table 3 shows the evaluation results of the K-NN algorithm with a data split of 70:30, the model 

accuracy reaches 61.36%, meaning that KNN can correctly predict about 61% of the overall test data. 

Meanwhile, Recall values of 47.74% and 70.12% show how well the model detects positive cases (people at 

risk). Precision values of 50.68% and 67.60% indicate the level of accuracy of positive predictions made by 

the model. While F1-Score, which combines Recall and Precision, has values of 49.17% and 68.84%, 

indicating a balance between the model's ability to recognize positive cases and minimize prediction errors. 

 

 

Figure 4. Confusion Matrix KNN with split data 80:20 

 

Based on the confusion matrix in Figure 4, the results of testing the K-NN algorithm with a data split 

of 80:20 on this heart attack disease dataset successfully predicted 114 positive cases (people at risk of 

developing the disease) correctly, and 56 negative cases (people who are not at risk) correctly. However, 45 

cases were incorrectly predicted to be positive, when in fact the person was not at risk (False Positive), and 

49 cases that were incorrectly predicted to be negative, when in fact the person was at risk (False Negative). 

Further explanation of the performance evaluation of the KNN algorithm with an 80:20 data split is shown in 

Table 4. 

 

Table 4. K-NN Performance Evaluation with 80:20 data split 

Accuracy Recall Precision F-1 Score 

64.39% 55.45% 53.33% 54.37% 

 69.94% 71.70% 70.81% 

 

The Table 4 shows the results of the K-NN performance evaluation with a data split of 80:20, which 

has an accuracy of 64.39%, meaning that the model can correctly predict about 64% of the test data. Recall 

values reached 55.45% and 69.94%, indicating the model's ability to detect positive cases (people at risk). 

Meanwhile, Precision of 53.33% and 71.70% indicates the level of accuracy of positive predictions made by 

the model. F1-Score, which describes the balance between Recall and Precision, has values of 54.37% and 

70.81%, indicating the model's performance in recognizing and minimizing positive case prediction errors. 
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3.4. Decision Tree 

The test evaluation results of the Decision Tree algorithm with a confusion matrix can be seen in 

Figure 5 and Figure 6. 

 

Figure 5. Confusion Matrix Decision Tree with split data 70:30 

 

Based on the confusion matrix in Figure 5, the results of testing the Decision Tree algorithm on a 

heart attack disease dataset with a data division of 70:30. From these results, the Decision Tree successfully 

predicted 150 patient data that were not affected by heart attacks (True Negative) and 238 patient data that 

were affected by heart attacks (True Positive). However, there were 5 prediction errors where the patient was 

predicted to have a heart attack when they did not (False Positive) and 3 prediction errors where the patient 

had a heart attack but was predicted not to (False Negative). Further explanation of the performance 

evaluation of the Decision Tree algorithm with a 70:30 data split is shown in Table 5. 

 

Table 5. Decision Tree Performance Evaluation with 70:30 data split 

Accuracy Recall Precision F-1 Score 

97.98% 96.77% 98.04% 97.40% 

 98.76% 97.94% 98.35% 

 

The Table 5 shows the results of evaluating the performance of the Decision Tree with a 70:30 data 

split, resulting in an accuracy of about 97.98%, which means that almost all predictions are correct. With a 

recall of 96-98%, the model was able to identify most of the patients who were truly at risk of heart attack. A 

precision of 97-98% ensures that the model's positive predictions are generally accurate. The balanced 

combination of recall and precision resulted in an F1-score of about 97-98%, indicating the model is effective 

and reliable for predicting heart attack risk. 

 

 

Figure 6. Confusion Matrix Decision Tree with split data 80:20 

 

Based on the confusion matrix in Figure 6, the results of testing the Decision Tree algorithm on a 

heart attack disease dataset with a data division of 80:20. The model successfully predicted 98 patient data 

that were not affected by heart attacks (True Negative) and 160 patient data that were affected by heart 

attacks (True Positive). However, there were 3 prediction errors where patients were predicted to have a heart 

attack when they did not (False Positive) and another 3 errors where patients had a heart attack but were 

predicted not to (False Negative). Further explanation of the performance evaluation of the Decision Tree 

algorithm with an 80:20 data split is shown in Table 6. 
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Table 6. Decision Tree Performance Evaluation with 80:20 data split 

Accuracy Recall Precision F-1 Score 

97.73% 97.03% 97.03% 97.03% 

 98.16% 98.16% 98.16% 

 

The Table 6 shows the performance evaluation results of the Decision Tree with a data split of 80:20, 

achieving an accuracy of about 97.73%, which means that almost all predictions it makes are correct. With 

recall and precision ranging from 97.03% to 98.16% respectively, this means the model was able to identify 

most of the truly high-risk patients while providing accurate positive predictions. The F1-score, which is also 

in the range of 97.03% to 98.16%, shows that the model has an optimal balance between recall and precision. 

 

3.5.  Naïve Bayes Classifier (NBC) 

The test evaluation results of the Naïve Bayes algorithm with a confusion matrix can be seen in 

Figures 7 and 8. 

 

 

Figure 7. Confusion Matrix NBC with split data 70:30 

 

Based on the confusion matrix in Figure 7, the results of testing the NBC algorithm on a heart attack 

disease dataset with a data division of 70:30. From these results, the model successfully predicts 153 patient 

data that are not affected by heart attacks (True Negative) and 201 patient data that are affected by heart 

attacks (True Positive). However, there were 2 mispredictions where patients were predicted to have a heart 

attack when they did not (False Positive) and 40 other errors where patients had a heart attack but were 

predicted not to (False Negative). Further explanation of the performance evaluation of the NBC algorithm 

with a 70:30 data split is shown in Table 7. 

 

Table 7.  NBC Performance Evaluation with 70:30 data split 

Accuracy Recall Precision F-1 Score 

89.39% 98.71% 79.27% 87.93% 

 83.40% 99.01% 90.54% 

 

Table 7 shows the performance evaluation results of Naïve Bayes with a 70:30 data split, with an 

accuracy of about 89.39%, meaning that almost 90% of the model's predictions are correct. The model 

achieves a high recall of 98.71% in one class, indicating an excellent ability to identify high-risk patients. 

However, the recall in the other class is lower at 83.40%, suggesting potential issues such as data imbalance. 

Precision reached 99.01% for one class, meaning the positive predictions were highly accurate. F1-score 

values were in the range of 87.93% to 90.54%, reflecting a fairly good balance between recall and precision, 

although there is room for improvement in handling both classes more equally. 

Based on the confusion matrix in Figure 8, the results of testing the NBC algorithm with an 80:20 split 

data on the heart attack disease dataset show that this algorithm is able to predict quite well. A total of 108 

positive data (having a heart attack) were correctly predicted, while 100 negative data (not having a heart 

attack) were also correctly predicted. However, there were 55 False Negative prediction errors, where data 

that was positive was predicted as negative, as well as 1 False Positive prediction error. Further explanation 

of the performance evaluation of the NBC algorithm with an 80:20 data split is shown in Table 8. 

The Table 8 shows the performance evaluation results of Naïve Bayes with 80:20 data split, the 

accuracy is about 78.79%, which means almost 79% of the model's predictions are correct. The model has a 

very high recall in one of the classes (99.01%), indicating its excellent ability to identify at-risk patients. 

Precision reached 99.08% for one class, indicating that the positive predictions were very accurate, but the 
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lower precision another class (64.52%) indicates some misclassification. F1-score values in the range of 

78.12% to 79.41% reflect a fairly good balance between recall and precision. 

 

 

Figure 8. Confusion Matrix NBC with split data 80:20 

 

Table 8. NBC Performance Evaluation with 80:20 data split 

 

 

 

3.6. Random Forest 

The test evaluation results of the Random Forest algorithm with a confusion matrix can be seen in 

Figure 9 and Figure 10. 

 

 

Figure 9. Confusion Matrix Random Forest with split data 70:30 

 

Based on the confusion matrix in Figure 9, the results of testing the Random Forest algorithm on a 

heart attack disease dataset with a data division of 80:20. From the test results, the algorithm successfully 

predicted correctly as many as 150 cases for patients who were not affected by the disease (True Negative) 

and 238 cases for patients affected by the disease (True Positive). Meanwhile, there were 5 mispredictions 

where patients were affected but predicted not to be (False Positive), and 3 mispredictions where patients 

were not affected but predicted to be affected (False Negative). Further explanation of the performance 

evaluation of the Random Forest algorithm with a 70:30 data split is shown in Table 9. 

 

Table 9. Random Forest Performance Evaluation with 70:30 data split 

 

 

 

 

Table 9 shows the results of the Random Forest performance evaluation with a 70:30 data split, and 

the accuracy reached 97.98%. Recall of 96.77% and 98.76% reflects the model's ability to identify positive 

data well. Precision which ranges from 97.94% to 98.04% shows that the positive predictions made by the 

Accuracy Recall Precision F-1 Score 

78.79% 99.01% 64.52% 78.12% 

Pred. Yes 66.26% 99.08% 79.41% 

Accuracy Recall Precision  F1 Score  

97.98% 96.77% 98.04% 97.40% 

 98.76% 97.94% 98.35% 
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model have a high level of accuracy. F1-Score with values of 97.40% and 98.35% shows a balance between 

recall and precision. 

 

 

Figure 10. Confusion Matrix Random Forest with split data 80:20 

 

Based on the confusion matrix in Figure 10, the results of testing the Random Forest algorithm on the 

heart attack disease dataset with a data division of 80:20. The algorithm managed to correctly predict 98 

cases for patients who were not affected by the disease (True Negative) and 161 cases for patients affected by 

the disease (True Positive). Meanwhile, there were 3 mispredictions where patients were affected but 

predicted not to be (False Positive) and 2 mispredictions where patients were not affected but predicted to be 

affected (False Negative). Further explanation of the performance evaluation of the Random Forest algorithm 

with an 80:20 data split is shown in Table 10. 

 

Table 10. Random Forest Performance Evaluation with 80:20 data split 

Accuracy Recall Class Precision F1 Score 

97.98% 96.77% 

98.76% 

98.04% 

97.94% 

97.40% 

98.35% 

 

The Table 10 shows the results of the Random Forest performance evaluation with 80:20 data split, 

the accuracy was 97.98% in the first test and 98.76% in the second test, which indicates a high level of 

prediction accuracy. Recall was obtained at 96.77% and 98.76%, indicating the ability of the model to detect 

positive cases correctly. Class Precision was 98.04% and 97.94% respectively, indicating an excellent level 

of precision of positive predictions. In addition, F1 Score was recorded at 97.40% and 98.35%, reflecting the 

balance between recall and precision. 

 

3.7. Support Vector Machine (SVM) 

The test evaluation results of the SVM algorithm with a confusion matrix can be seen in Figures 11 

and 12. 

 

Figure 11. Confusion Matrix SVM with split data 70:30 

 

Based on the confusion matrix in Figure 11, the results of testing the SVM algorithm on a heart attack 

disease dataset with a data division of 70:30. From the results of this test, the algorithm managed to correctly 

predict 95 cases for patients who were not affected by the disease (True Negative) and 196 cases for patients 

affected by the disease (True Positive). However, there were 60 mispredictions where patients were not 
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affected but were predicted to be (False Positive) and 45 mispredictions where patients were affected but 

were predicted not to be (False Negative). Further explanation of the performance evaluation of the SVM 

algorithm with a 70:30 data split is shown in Table 11. 

 

Table 11. SVM Performance Evaluation with 70:30 data split 

Accuracy Recall Class Precision F1 Score 

77.79% 61.29% 67.86% 64.41% 

 81.33% 76.56% 78.87% 

 

The Table 11 shows the results of the SVM performance evaluation with a 70:30 data split, accuracy 

with a value of 77.79% in the first test and 81.33% in the second test, which reflects a fairly good level of 

prediction accuracy. The recall was recorded at 61.29% and 81.33%, indicating the model's ability to detect 

positive cases with significant variation between the two tests. Class Precision was obtained at 67.86% and 

76.56%, indicating the accuracy of the model's positive predictions. F1 Score was 64.41% and 78.87%, 

illustrating the balance between precision and recall.  

 

 

Figure 12. Confusion Matrix SVM with split data 80:20 

 

Based on the confusion matrix Figure 12, the results of testing the SVM algorithm on the heart attack 

disease dataset with a data split of 80:20 for training and testing. From these results, the model successfully 

predicted 137 cases correctly as positive (experiencing the risk of disease) and 66 cases correctly as negative 

(not experiencing the risk of disease). However, there were 35 cases where the model incorrectly predicted a 

person as having a disease risk when they were not (False Positive) and 26 cases where the model incorrectly 

predicted a person as not having a disease risk when they were (False Negative). 

 

Table 12. SVM Performance Evaluation with 80:20 data split 

Accuracy Recall Class Precision F1 Score 

76.4% 65.35% 71.74% 68.39% 

 84.05% 79.65% 81.79% 

 

The Table 12 shows the results of the SVM performance evaluation with a data split of 80:20, the 

accuracy reached 76.4%, which indicates the level of accuracy of the model's prediction of the test data as a 

whole. The Recall value of 65.53% indicates the model's ability to recognize positive cases or patients who 

actually have heart attack disease. Meanwhile, the Class Precision of 71.74% illustrates the level of accuracy 

of the model's predictions when stating positivity. F1-Score of 68.39% shows the balance between Precision 

and Recall. 

 

3.8. Comparative Analisys 

In this section, we compare the performance of five algorithms K-NN, Decision Tree, Naïve Bayes, 

Random Forest, and SVM using 70:30 and 80:20 data splits. The evaluation includes accuracy, precision, 

recall, and F1-score, as presented in Table 13.  

From the results, Decision Tree and Random Forest consistently achieved the highest accuracy, recall, 

and precision values, both above 97% in both data split scenarios. This superior performance reflects their 

capability to capture complex decision boundaries and handle non-linear relationships, which fits well with 

the heterogeneous patterns in the heart attack dataset. Naïve Bayes demonstrated very high recall above 98%, 

indicating strong sensitivity in detecting positive cases, but its lower precision in the 80:20 split 66.26% 

suggests a higher number of false positives due to the independence assumption among features. SVM 
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showed moderate but stable performance around 76–78% accuracy, which indicates good generalization but 

limited effectiveness when class boundaries overlap. In contrast, KNN consistently produced the lowest 

accuracy 61–64%, likely because of its sensitivity to feature scaling and the curse of dimensionality, making 

it less suitable for this dataset. The comparison graph of the accuracy values of the five algorithms can be 

seen in Figure 13.  

 

Table 13. Comparison of Algorithm Performance 

 

No. 

 

Algorithm 

 

Split Data 

Recall Precision 

True No True Yes Pred. No Pred. Yes 

1 K-NN 70:30 47.74% 70.12% 50.68% 67.60% 

  80:20 55.45% 69.94% 53.33% 71.70% 

2 Decision Tree 70:30 96.77% 98.76% 98.04% 97.94% 

  80:20 97.03% 98.16% 97.03% 98.16% 

3 NBC 70:30 98.71% 83.40% 79.27% 99.01% 

  80:20 99.01% 66.26% 64.52% 99.08% 

4 Random Forest 70:30 

80:20 

97.03% 

96.77% 

98.16% 

98.76% 

97.03% 

98.04% 

98.16% 

97.94% 

5 SVM 70:30 61.29% 81.33% 67.86% 76.56% 

  80:20 65.35% 84.05% 71.74% 97.93% 

 

 

Figure 13. Comparison of Algorithm Accuracy Values 

 

Figure 13 visually illustrates the accuracy distribution of all algorithms across two different data 

splits, highlighting key performance patterns. It can be observed that Decision Tree and Random Forest not 

only lead in accuracy but also maintain exceptional stability between the 70:30 and 80:20 splits, indicating 

strong robustness against variations in training data size. In contrast, Naïve Bayes shows a significant drop in 

accuracy when the training set is reduced, suggesting that its performance is sensitive to changes in data 

distribution due to its independence assumption. 

The gap between K-NN and the other algorithms is also evident, emphasizing its poor adaptability in 

handling high-dimensional medical features. Meanwhile, SVM remains relatively stable, but its lower overall 

accuracy compared to tree-based models indicates that it may struggle with non-linear relationships present 

in the dataset. Overall, the visualization confirms the consistency of tree-based methods while exposing the 

vulnerability of instance-based and probabilistic models under different data splits. This reinforces the 

importance of selecting algorithms that can maintain reliability even with variations in dataset composition. 

 

4. CONCLUSION  

This study demonstrates the effectiveness of machine learning algorithms in predicting heart attack 

risk. Of the five algorithms tested K-NN, Decision Tree, Naïve Bayes Classifier, Random Forest, and SVM. 

Decision Tree and Random Forest algorithms showed the best performance with the highest accuracy, recall, 

precision, and F1-score at the 70:30 and 80:20 data split. Both algorithms proved to be very good at 

recognizing patterns in the dataset and predicting heart attack risk. Naïve Bayes and SVM gave fairly good 

results, where Naïve Bayes excelled in recall but showed variations in accuracy depending on the data split. 

Meanwhile, KNN had the lowest performance, making it less suitable for this dataset. This study shows that 

Decision Tree and Random Forest algorithms are the most effective tools for medical diagnosis, especially in 
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heart attack prediction. Further research can be conducted using larger datasets and additional features to 

improve prediction accuracy. 
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