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Abstract—Medical datasets can support early clinical 

screening when they are analyzed with appropriate and 

reproducible machine learning procedures. In this paper, Naive 

Bayes, Decision Tree, and Random Forest are compared for 

heart disease prediction on a publicly available dataset with 14 

attributes and 270 patient records. The experimental workflow 

consisted of variable identification, data quality checking, target 

label transformation, train-test split at 80:20 ratio, model 

training in Python, and evaluation using accuracy, precision, 

recall, F1-score, area under the receiver operating characteristic 

curve (AUC), confusion matrix, and computation time. The 

results demonstrate that Naive Bayes achieved the best overall 

performance with 90.74% accuracy, 94.44% precision, 80.95% 

recall, 87.18% F1-score, and 0.925 AUC. The second best model 

was Random Forest with 79.63% accuracy and 0.885 AUC. The 

Decision Tree model achieved an accuracy of 68.52% and an 

AUC of 0.690. Naive Bayes also has the lowest training and 

prediction times which means it is the most efficient model for 

this dataset. However, due to the relatively limited size of the 

dataset, this conclusion should be interpreted as a preliminary 

comparison rather than a final clinical recommendation. Future 

work should include larger datasets, cross-validation, class 

balancing, feature selection, hyperparameter optimization and 

external validation. 
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I. INTRODUCTION 

The rapid development of information technology has 
increased the use of data-driven approaches in healthcare. 
Machine learning is particularly useful because it can learn 
patterns from historical data and transform those patterns into 
predictions that may support clinical screening, risk 
stratification, and decision support [1], [2]. In cardiology, 
artificial intelligence is increasingly discussed because 
cardiovascular data often contain interacting risk factors that 
are difficult to evaluate manually with a single rule-based 
approach [3]. 

Heart disease prediction remains an important research 
problem because early identification may help both clinicians 
and patients prioritize further examination and preventive 
action. The classical heart disease datasets used in machine 
learning research originate from clinical variables such as age, 
chest pain type, blood pressure, cholesterol, 
electrocardiographic results, maximum heart rate, exercise-
induced angina, ST segment depression, slope, number of 
vessels, thallium test result, and disease status [4]. Although 

such datasets are compact compared with modern electronic 
health records, they remain useful for benchmarking 
classification algorithms and for learning how different models 
behave under controlled experimental conditions. 

A critical issue in medical prediction research is that model 
accuracy alone is not enough. Prediction models require 
transparency in reporting, reproducible preprocessing, proper 
validation, and careful interpretation of performance metrics 
[5], [6]. A model that performs well on a small test split may 
still generalize poorly to different populations or data 
collection settings. Therefore, the comparative experiments in 
this study report accuracy, precision, recall, F1-score, AUC, 
confusion matrix, and computation time. 

Previous work suggests that the relative performance of 
machine learning algorithms varies across datasets. Also, 
promising results for heart disease prediction have been shown 
by hybrid and ensemble models [7]. Supervised classifiers such 
as Naive Bayes, Decision Tree, Random Forest, k-nearest 
neighbors, support vector machines, and logistic regression are 
commonly compared on structured cardiovascular datasets [8]–
[10]. Hossain et al. [11] showed that Random Forest worked 
well in the study of cardiovascular disease. Pal et al. [12] and 
Mehrabani-Zeinabad et al. [13] pointed out the data-, feature- 
and validation-design-dependence of the performance of the 
model. Studies on feature selection and dimensionality 
reduction also suggest that preprocessing choices can 
significantly affect prediction outcomes [14]. 

These results suggest that no single classifier can be 
assumed superior for all heart disease datasets. For that reason, 
this study compares Naive Bayes, Decision Tree, and Random 
Forest on the same public dataset and under the same train-test 
split. The objective is to identify which model provides the best 
balance of predictive performance and computational 
efficiency in an initial heart disease prediction experiment. 

II. METHODS 

A. Research Design 

The study was designed as a quantitative experiment. The 
experiment is based on the training of three supervised 
classification algorithms with one data set and using the same 
testing records and performance metrics to evaluate the results. 
This design was selected to ensure that the comparison reflects 
model behavior rather than differences in the composition of 
preprocessing or test data. 
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The process was divided into five main steps: dataset 
collection, variable analysis, data preprocessing, model 
training, and performance evaluation. The experimental 
process was designed to improve reproducibility and to reduce 
ambiguity in model comparison. This follows the general 
principle that prediction studies should describe data, modeling 
procedures and evaluation criteria clearly [5], [6]. 

B. Dataset and Research Variables 

The dataset used in this study is the publicly available 
Heart Disease Prediction dataset from Kaggle, comprising 270 
patient records and 14 attributes. Thirteen attributes were used 
as independent variables: age, sex, chest pain type, resting 
blood pressure, cholesterol, fasting blood sugar > 120 mg/dl, 
electrocardiographic results, maximum heart rate, exercise-
induced angina, ST depression, ST-segment slope, number of 
major vessels, and thallium test result. The dependent variable 
was heart disease, a binary target indicating the presence or 
absence of heart disease. 

The dataset combines numerical variables, including age, 
blood pressure, cholesterol, maximum heart rate, and ST 
depression, with categorical or ordinal variables, including sex, 
chest pain type, electrocardiographic results, exercise-induced 
angina, ST-segment slope, number of vessels, and thallium. 
The measurement scale of each variable is relevant to data 
preparation and to the interpretation of model behavior. 

TABLE I.  HEART DISEASE DATASET ATTRIBUTES 

No. Attribute Description 

1 Age Patient age 

2 Sex Patient sex 

3 Chest Pain Type Chest pain category 

4 BP Resting blood pressure 

5 Cholesterol Serum cholesterol 

6 FBS Over 120 Fasting blood sugar > 120 mg/dl 

7 EKG Results Electrocardiogram result 

8 Max HR Maximum heart rate 

9 Exercise Angina Exercise-induced angina 

10 ST Depression ST-segment depression 

11 Slope of ST Slope of the ST segment 

12 Number of Vessels Number of major vessels 

13 Thallium Thallium test result 

14 Heart Disease Target class 

Based on Table 1, the dataset contains 13 predictor 
variables and one binary target variable. Predictors included 
demographic, clinical, electrocardiographic, exercise, and 
diagnostic data. Quantitative measures like age, blood pressure, 
cholesterol, maximal heart rate, and ST depression are 
supplemented with categorical or ordinal indicators such as 
sex, chest pain type, exercise angina, ST-segment slope, 
number of vessels, and thallium. This mixture provides various 
information to train the model. And the Heart Disease attribute 
defines the class (present or absent) to be predicted. 

C. Data Preprocessing 

Preprocessing was done to make the dataset uniformly 
processable by the selected classification algorithms. An initial 
check showed that there were no missing values in the dataset, 
so there was no need for imputation. The Heart Disease target 

was converted into numerical labels using LabelEncoder. The 
data were then separated into a feature matrix (X) and target 
vector (y), followed by an 80:20 training-testing split. 

D. Classification Models 

Three classification models were evaluated. Naive Bayes 
was trained using GaussianNB, which estimates the class 
probabilities from the distributions of the features and chooses 
the class with the highest posterior probability. The Decision 
Tree was implemented with DecisionTreeClassifier 
(random_state=42) that recursively partitions the feature space 
to informative split criteria. For Random Forest, 
RandomForestClassifier (n_estimators=100, random_state=42) 
was used and the final prediction was based on the aggregation 
of predictions of multiple decision tree models. 

E. Model Evaluation 

The random state parameter was set to 42 to make the 
experiment reproducible. All three models were trained and 
evaluated using the same split, which reduces the risk that 
performance differences arise from variations in the test 
samples rather than from the models themselves. Because the 
dataset contains only 270 records, the results should be 
interpreted cautiously; previous evidence shows that small 
medical datasets can produce unstable performance estimates 
when validation is limited [17]. 

The models were evaluated on 54 testing records. Accuracy 
was used to measure the proportion of correct predictions, 
precision to assess the reliability of positive predictions, recall 
to measure the ability to identify positive cases, and F1-score 
to balance precision and recall. AUC was also reported because 
ROC-based measures are widely used to evaluate classifier 
separability and can provide more information than accuracy 
alone under varying decision thresholds [19], [20]. 

The distribution of true positive, false positive, true 
negative and false negative predictions were described using 
the confusion matrix. Model efficiency was assessed by 
recording the computation time for training and prediction. The 
use of multiple metrics is important because the performance 
of binary classification can appear different depending on 
whether the focus is on overall correctness, positive-case 
detection, or class separability [21], [22]. 

III. RESULTS AND DISCUSSION 

A. Model Evaluation Results 

Table 2 summarizes the performance and computation time 
of the three models. Accuracy, precision, recall, and F1-score 
are percentages; AUC is reported on a 0-1 scale; and 
computation times are reported in seconds. 

Table 2 indicates that Naive Bayes exhibited the most 
formidable predictive performance, achieving the highest 
accuracy (90.74%), precision (94.44%), F1-score (87.18%), 
and AUC (0.925). The Decision Tree has a recall of 71.43% 
which was higher than the Random Forest recall of 66.67% but 
had the lowest precision of 57.69% suggesting the Decision 
Tree was more likely to make false-positive predictions. 
Random Forest exhibited moderate performance, 
outperforming Decision Tree in accuracy, precision, F1-score 
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and AUC but taking significantly more time to train and 
predict. This table shows that Naive Bayes achieved the best 
compromise in terms of predictive accuracy and computational 
efficiency for this dataset. 

TABLE II.  MODEL PERFORMANCE COMPARISON 

Metric Naive Bayes Decision Tree Random Forest 

Accuracy (%) 90.74 68.52 79.63 

Precision (%) 94.44 57.69 77.78 

Recall (%) 80.95 71.43 66.67 

F1-score (%) 87.18 63.83 71.79 

AUC 0.925 0.690 0.885 

Train Time (s) 0.0058 0.0087 0.2841 

Predict Time (s) 0.0017 0.0021 0.0187 

 

 
Fig. 1. Comparison of accuracy, F1-score, and AUC across the three models. 

As we can see in Figure 1, Naive Bayes has always given 
the best scores in terms of accuracy (0.907), F1-score (0.872), 
and AUC (0.925). The values are tightly clustered, which 
indicates balanced overall performance and not the strength of 
performance in just one measure of evaluation. The second 
best performance was achieved by Random Forest with an 
AUC of 0.885, higher than its accuracy (0.796) and F1-score 
(0.718), and showing good class separation ability, but a lower 
threshold-based classification performance. 

Figure 1 also reveals that the Decision Tree had the lowest 
accuracy (0.685), F1-score (0.638), and AUC (0.690). Its AUC 
was only slightly higher than its accuracy, whereas Naive 
Bayes and Random Forest showed clearer AUC advantages. 
This pattern suggests that the single-tree model was less stable 
on the unseen test records than the probabilistic and ensemble 
alternatives. 

Taken together, Figure 1 and Table 2 show that Naive 
Bayes was the best-performing model under the selected train-
test split, Random Forest was the second-best predictive model 
but the most computationally demanding, and Decision Tree 
produced the weakest overall results. These comparisons are 
specific to the present dataset and validation design and should 
not be interpreted as universal rankings of the algorithms. 

B. Confusion Matrix Analysis 

This research also analyzes the model’s performance using 
a confusion matrix, which is shown in Figure 2. Figure 2 
presents the Naïve Bayes confusion matrix for the 54 test 
records. The model correctly classified 32 absence cases (true 

negatives) and 17 presence cases (true positives), with one 
false positive and 4 false negatives. Thus, 49 of the 54 test 
records were classified correctly. The single false positive is 
consistent with the high precision of 94.44%, whereas the four 
false negatives explain why recall (80.95%) was lower than 
precision. 

Based on Figure 2, false negatives were the dominant error 
type. In a clinical screening context, these errors may be more 
concerning than false positives because they represent patients 
with heart disease who were predicted as absence cases. 
Consequently, although Naive Bayes achieved the best overall 
performance in this experiment, future work should evaluate 
decision-threshold adjustment, cross-validation, and external 
validation to determine whether false-negative errors can be 
reduced without producing an excessive increase in false 
positives. 

 

Fig. 2. Confusion matrix of the Naive Bayes model. 

C. Computational Efficiency 

Based on Table 2, Naive Bayes required 0.0058 seconds for 
training and 0.0017 seconds for prediction. Decision Tree was 
slightly slower, requiring 0.0087 seconds for training and 
0.0021 seconds for prediction. The Random Forest’s 
computation time was the highest (0.2841 seconds for training 
and 0.0187 seconds for prediction). Such a difference is 
expected, since Random Forest trains and combines many 
decision tree models, while Naive Bayes estimates a smaller 
number of probabilistic parameters. 

Considering both performance and efficiency, Naive Bayes 
was the most suitable model for this particular dataset. 
However, the efficiency advantage should not be interpreted 
separately from the dataset size. Because the dataset contains 
only 270 records, all models are computationally light in 
absolute terms. The observed difference is more meaningful as 
an indication of algorithmic complexity than as a practical 
runtime limitation. 

D. Critical Discussion 

The good performance of Naive Bayes suggests that a 
simple probabilistic classifier is sufficient to model the 
relationship between the available attributes and the target class 
in this dataset. Although the independence assumption of 
Naive Bayes is often considered restrictive, the result indicates 
that this assumption did not prevent useful classification 
performance on this compact and structured dataset. 
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The weaker result of Decision Tree highlights an important 
methodological point: interpretability does not automatically 
imply higher predictive accuracy. A single tree can be 
attractive because it produces a clear decision structure, but it 
may also overfit training patterns. Random Forest reduced this 
weakness through an ensemble mechanism, consistent with 
previous heart disease studies that reported robust performance 
from ensemble-based classifiers [7], [11], [16], [23]. 

At the same time, several studies have reported different 
best-performing models depending on data source, 
preprocessing, and validation design [8], [9], [10], [11], [12], 
[13], [14], [15], [24], [25]. This means the present result should 
not be generalized as a universal claim that Naive Bayes is 
always superior for heart disease prediction. Rather, the result 
shows that Naive Bayes was the best among the three tested 
algorithms under the specific experimental conditions used in 
this study. 

The main limitations of this study are the small sample size, 
the use of secondary data, and the absence of cross-validation. 
The experiment did not consider feature selection, probability 
calibration, class balancing or hyperparameter optimization. 
These limitations are important because medical prediction 
models have to be robustly validated and transparently reported 
before they can be trusted for practical use [5,6,17]. Therefore, 
this study should be understood as a preliminary algorithm 
comparison and not as a final clinical decision system. 

IV. CONCLUSIONS 

This study compared Naive Bayes, Decision Tree, and 
Random Forest for heart disease prediction using a public 
dataset containing 270 patient records and 14 attributes. Naive 
Bayes performed better than the other models with the 
maximum accuracy (90.74%), F1-score (87.18%), and AUC 
(0.925), and the minimum training and prediction times. 
Random Forest came in second and performed better than 
Decision Tree on most of the predictive metrics but took more 
computation time. The Decision Tree performed the worst 
overall in this dataset. 

The findings indicate that Naive Bayes was the most 
effective and computationally efficient model under the 
experimental conditions used in this study. However, the result 
should be treated as preliminary because it was obtained from a 
relatively small dataset and a single train-test split. Future work 
should determine whether the observed performance is 
preserved with larger datasets, k-fold cross-validation, external 
validation, class balancing, feature selection, hyperparameter 
optimization, and probability calibration. 

V. DATA AVAILABILITY 

The dataset used in this study is publicly available in the 
Kaggle Heart Disease Prediction repository at 
https://www.kaggle.com/datasets/rishidamarla/heart-disease-
prediction. The analyzed file contains 270 patient records, 13 
predictor attributes, and one binary target attribute. 
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