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 It is predicted that cardiovascular diseases, which are critical health problems, will continue 

to be the most important cause of death in the world. Management strategies and diagnosis 

of the disease in the early stages play an important role in increasing survival. The amount 

of data collected in the healthcare field has increased significantly with the advancement of 

technology. Therefore, several research have been conducted to evaluate medical data using 

various data mining and machine learning approaches. A prediction based on machine 

learning techniques can be useful in detecting cardiovascular disease with maximum 

sensitivity and accuracy. In the literature, there are many studies in which the Naive Bayes 

algorithm, which is one of the machine learning methods, is widely used to model and 

predict the early diagnosis of heart disease. In this study, demonstrates the statistical 

modeling of the Naive Bayes algorithm, presenting a classificatory approach for the 

prediction of heart disease. In the study, a data set consisting of 14 variables belonging to 

303 patients accessed from the Kaggle site was used. As a result of the study, it was 

determined that the classification accuracy of the Naïve Bayes algorithm was 89.47%. 

Keywords: 

Classification, forecasting, heart 
disease, machine learning, naive 

bayes. 

 

Corresponding author: 

Ayşe Banu Birlik   

Istinye University, Department of 

Medical Services and Techniques, 

Istanbul, Türkiye  

banu.birlik@istinye.edu.tr 

 

Cite as: Birlik AB. Prediction of Heart Disease by Naive Bayesian Classification Algorithm Based on Statistical Modeling. Acta 

Med Eur. 2025;7(3):4-11.  

INTRODUCTION 

Cardiovascular disease (CVD) refers to a group of disorders 

that affect the heart or blood arteries. Coronary artery diseases 

(CAD) including angina and myocardial infarction are 

examples of CVD. Plaque accumulation on the arterial walls 

causes the disease known as atherosclerosis. This accumulation 

makes the arteries smaller and restricts blood flow. A blood clot 

can impede blood flow and result in a heart attack or stroke, 

according to research [1]. Coronary artery diseases are the 

leading causes of death globally and have been reported to 

significantly increase the overall health care burden [2]. More 

than four million people each year in the European Region of 

the World Health Organization and more than 1.9 million in the 

European Union (EU) die from cardiovascular disease, which 

continues to be the leading cause of death. Additionally, it is 

predicted to cost the EU economy 196 billion euros annually 

[3]. 

Artificial intelligence is a broad concept that refers to 

technologies or systems that can display human-like 

intelligence. A subset of artificial intelligence known as 

"machine learning -ML" refers to the capability of making 

predictions based on fresh data and learning from past 

experience. [4]. The availability of big data has made data 

mining and ML a research area in decision-making processes in 

many fields, including engineering, finance, management and 

medicine [5]. There is an expanding literature on machine 

learning-based algorithms and their potential clinical utility in 

healthcare systems. Clinicians need enormous amounts of 

information to analyze data in a cost-effective and time-

efficient manner for the diagnosis and treatment of diseases. 

Medical science, big data, uses machine learning methods in 

areas such as outcome prediction, diagnosis, medical image 

interpretation, and treatment [6, 7]. 
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Machine learning is a key model for predictive analytics and 

innovation in medical science and is leading the digital 

healthcare transformation. Clinicians will have the potential to 

decide on the most appropriate treatment plan for a particular 

patient, considering the risk score generated by a predictive 

model in addition to their clinical assessment. These methods 

assist clinicians in the planning and maintenance of the 

diagnosis, the best possible outcomes, cost reduction in 

diagnosis, and patient satisfaction. In the literature, several 

studies are using ML methods in the discipline of heart diseases 

(HD). They utilized a variety of data mining approaches to 

diagnose the problem and got varied results for each strategy. A 

solution model is proposed to detect cardiovascular disease 

using ML classification algorithms.  In addition, studies 

presenting a wide range of case approaches including predictive 

machine learning models developed for the prediction of 

cardiac diseases have been reported [8]. 

The Naive Bayes (NB) method has been widely used to model 

and predict the early detection of heart disease [9]. NB and 

Decision Tree (DT) classification algorithms were analyzed on 

the dataset to estimate a patient's probability of heart disease. It 

has been reported that the heart disease patient was predicted 

with an accuracy of 91% in the DT model and 87% in the NB 

classifier [10]. NB classifier has been created as a decision 

support system to assess the risk of cardiovascular disease. 

After the variables were selected, data cleaning was performed 

to eliminate missing or incorrect data. Numerical data were 

categorized and data generalization was performed [11]. The 

potential contributions of various diagnostic techniques and the 

development of an automated decision support system to assist 

professionals in predicting the onset of heart disease have been 

explored. It has been reported that after analyzes that take into 

account the decision-making time, Bayesian algorithms turned 

out to be capable enough to provide good accuracy for 

cardiovascular diseases in an acceptable time [12]. To forecast 

CVDs, the algorithms Logistic Regression (LR), k-Nearest 

Neighbor (KNN), Support Vector Machine (SVM), Random 

Forest (RF) and NB were examined. The accuracy of the 

outcomes was used to evaluate these algorithms. According to 

the study, the NB model makes the best predictions based on 

data. This model was said to display 46 false cases prior to 

feature extraction, but only 36 false cases afterwards with an 

accuracy of 88.16% [13]. Predictive models for CVD are 

presented with the Gaussian NB, Bernoulli NB and RF by 

considering the risk factors associated with the disease. A 

dataset of general coronary patients from the Cleveland 

database of the UCI repository was used. The accuracy of the 

Gaussian NB, Bernoulli NB, and RF algorithms is 85%, 85%, 

and 75%, respectively. Additionally, the accuracy, F-measure, 

and recall of Gaussian and Bernoulli NB are better than those 

of the RF algorithm, highlighting the value of this method in 

predicting early disease diagnosis [9]. Comparing NB 

classification methods to others like SMO (Sequential Minimal 

Optimization), Bayes Net, and MLP (Multi-Layer Perception). 

Smart Heart Disease Prediction was created using the NB 

algorithm to predict heart disease risk factors, taking into 

account previous data and information. In comparison to other 

techniques, the proposed NB model performed better, with an 

accuracy value of 89.77% [14]. In addition, several academics 

suggested combining SVM with NB in a hybrid technique. 

They used the identical settings from the dataset from the UCI 

repository again and this time they were 100% accurate [15]. 

These findings suggest that NB is among the most effective 

algorithms for categorizing and forecasting cardiac disease. In 

this study, the NB algorithm was applied to data in order to 

contribute to the early detection of heart diseases, and the 

classification success was demonstrated using mathematical 

modeling. 

 

METHODS 

Dataset 

This study used a database of 303 samples (Table 1) with and 

without heart disease risk supplied by the University of 

Cleveland (UCI machine learning repository) in the Kaggle 

database. The data set consists of 14 different columns. 

Pycharm was used to process the data, which was programmed 

in Python (JetBrains individual licenses). Algorithms for 

processing data use a variety of Python libraries, including 

numpy, scikit-learn, matplotlib, and pandas. There are eight 

categories (Sex, Cp, Fbs, Restecg, Exang, Slope, Thal, Target) 

and six numerical (Age, Trestbps, Chol, Thalach, Oldpeak, Ca) 

qualities. 

 

Data Preprocessing 

Data cleansing is a procedure that must be completed prior to 

data analysis. It includes processes like filling in missing data, 

reducing discrepancies, and recognizing outliers [16]. For the 

HD dataset utilized in this investigation, no missing data values 

of various characteristics were found. One of the most 

significant data transformations is feature scaling. The numeric 

characteristics utilized in the input should not have multiple 

scales for ML algorithms to work successfully [17]. As a result, 

the min/max normalization approach was used to rescale the 

data set so that the values in distinct scales varied in the range 

of 0-1. Using the following formula, the approach changes a 

number in the range 0 to 1. 

𝑥𝑛𝑒𝑤 =
𝑥 − min(𝑥)

max(𝑥) − min(𝑥)
 (1) 
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Table 1. Features for data prediction. 

 age sex cp trestbps chol fbs … exang oldpeak slope ca thal target 

0 63 1 3 145 233 1 … 0 2.3 0 0 1 1 

1 37 1 2 130 250 0 … 0 3.5 0 0 2 1 

2 41 0 1 130 204 0 … 0 1.4 2 0 2 1 

3 56 1 1 120 236 0 … 0 0.8 2 0 2 1 

4 57 0 0 120 354 0 … 1 0.6 2 0 2 1 

… … … … … … … … … … … … … … 

298 57 0 0 140 241 0 … 1 0.2 1 0 3 0 

299 45 1 3 110 264 0 … 0 1.2 1 0 3 0 

300 68 1 0 144 193 1 … 0 3.4 1 2 3 0 

301 57 1 0 130 131 0 … 1 1.2 1 1 3 0 

302 57 0 1 130 236 0 … 0 0.0 1 1 2 0 

 [303 rows x 14 columns] 

Modeling 

Preprocessed data split into 75% training and 25% testing for 

training and testing purposes. Then these data were tested with 

Naïve Bayesian ML classifiers (Figure 1). 

 

Figure 1. Flow chart of modeling. 

 

 

Naïve Bayes Classification Algorithm 

The probability theorem known as Bayes' theorem or Bayes' 

rule provides a widely utilized foundation for categorization. 

Let's first go through the two fundamental principles of 

probability theory. 

𝑃(𝑋) = ∑ 𝑃(𝑋, 𝑌)

𝑌

 (2) 

𝑃(𝑋, 𝑌) = 𝑃(𝑌|𝑋)𝑃(𝑋) (3) 

The first equation is the sum rule, while the second is the 

product rule. In this case, 𝑝(𝑋, 𝑌) is a joint probability, 𝑝(𝑌|𝑋) 

is a conditional probability, and p(X) is a marginal probability. 

Using the product rule and the symmetry property as a 

foundation 𝑝(𝑋, 𝑌)= 𝑝(𝑌, 𝑋), it is easy to obtain the following 

Bayes’ theorem, 

𝑃(𝑌|𝑋) =
𝑃(𝑋|𝑌)𝑃(𝑌)

𝑃(𝑋)
  (4) 

which plays a central role in ML, especially classification [18]. 
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Let 𝑋 = (𝑥1, 𝑥2, …, 𝑥𝑛) be the set of examples, 𝐶 = (𝐶1, 𝐶2, 

…, 𝐶𝑚) the set of classes. The object is to maximize 𝑃(𝐶𝑖|𝑋). 

Maximizing 𝑃(𝐶𝑖|𝑋) for the class 𝐶𝑖 is termed the maximum 

posterior hypothesis. From Bayes’ Rule; 

𝑃(𝐶𝑖|𝑋) =
𝑃(𝑋|𝐶𝑖)𝑃(𝐶𝑖)

𝑃(𝑋)
   (5) 

btained. Since 𝑃(𝑋) is equal for all categorization, it is 

considered constant and only concerned with maximizing the 

numerator. Since it is difficult to calculate 𝑃(𝐶𝑖|𝑋) in data sets 

with a large number of attributes, there is a presumption of class 

conditional independence. According to so presumption, there 

is no dependent relationship between the attributes. Thus 

𝑃(𝑋|𝐶𝑖); 

𝑃(𝑋|𝐶𝑖)

= ∏ 𝑃(𝑥𝑘|𝐶𝑖)

𝑛

𝑘=1

= 𝑃(𝑥1|𝐶𝑖)𝑃(𝑥2|𝐶𝑖) … 𝑃(𝑥𝑛|𝐶𝑖) 

(6) 

the form is obtained. The calculation of  𝑃(𝑋|𝐶𝑖) depends on 

whether the attribute is categorical or numerical. If the features 

are numeric (assuming a normal distribution), it is assumed that 

the feature shows a Gaussian distribution accompanied by 𝜇 

mean and 𝜎 standard deviation. Probability Density Function 

(PDF) of Gaussian distribution for an input value 𝑥𝑘 is shown 

as follows [18]; 

(𝑚𝑒𝑎𝑛)𝜇𝑐𝑖
=

1

𝑛
∑ 𝑥𝑘

𝑛

𝑘=1

 (7) 

𝑃(𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛)𝜎𝑐𝑖

=
1

𝑛 − 1
∑(𝑥𝑘 − 𝜇𝑐𝑖

)
2

𝑛

𝑘=1

 
(8) 

𝑔(𝑥𝑘, 𝜇𝑐𝑖
, 𝜎𝑐𝑖

)

=
1

𝜎𝑐𝑖
√2𝜋

𝑒𝑥𝑝 {−
1

2
(

𝑥𝑘 − 𝜇𝑐𝑖

𝜎𝑐𝑖

)

2

} 
(9) 

𝑃(𝑥𝑘|𝐶𝑖) = 𝑔(𝑥𝑘 , 𝜇𝑐𝑖
, 𝜎𝑐𝑖

) (10) 

 

 

 

 

Heart Disease Classification 

From Bayes Theorem; 

The posterior probability of an event 𝐶𝑖 is able to express as 

accepted: 

𝑃(𝐶𝑖|𝑋) =
𝑃(𝑋|𝐶𝑖)𝑃(𝐶𝑖)

𝑃(𝑋)
 (11) 

where the vector 𝑋 = (𝑋1, 𝑋2, … 𝑋𝑛) represents some n features 

that are assumed to be independent with each other, By 

changing the variables the formula is applied to the problem in 

the study, to make the theorem more concrete. 

𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦

=
(𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑)(𝐶𝑙𝑎𝑠𝑠 𝑃𝑖𝑟𝑖𝑜𝑟 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦)

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 𝑃𝑖𝑟𝑖𝑜𝑟 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦
 

(12) 

𝑃(𝐻𝑒𝑎𝑟𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒|𝑑𝑎𝑡𝑎)

=
𝑃(𝑑𝑎𝑡𝑎|𝐻𝑒𝑎𝑟𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝐻𝑒𝑎𝑟𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)

𝑃(𝑑𝑎𝑡𝑎)
 
(13) 

If choose  𝑋 = (𝑎𝑔𝑒, 𝑠𝑒𝑥, 𝑐𝑝, … 𝑡ℎ𝑎𝑙) as the associated features 

influencing the heart disease, the posterior probabilities 

concerning the presence (disease) and absence (not disease) 

states can be expressed as: 

𝑃(𝑑𝑖𝑠𝑒𝑎𝑠𝑒|𝑎𝑔𝑒, 𝑠𝑒𝑥, 𝑐𝑝, … 𝑡ℎ𝑎𝑙)

=
𝑃(𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑎𝑔𝑒|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑠𝑒𝑥|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑐𝑝|𝑑𝑖𝑠𝑒𝑎𝑠𝑒) … 𝑃(𝑡ℎ𝑎𝑙|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 𝑃𝑖𝑟𝑖𝑜𝑟 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦
 

(14) 

𝑃(𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒|𝑎𝑔𝑒, 𝑠𝑒𝑥, 𝑐𝑝, … 𝑡ℎ𝑎𝑙

=
𝑃(𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑎𝑔𝑒|𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑠𝑒𝑥|𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑐𝑝|𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒) … 𝑃(𝑡ℎ𝑎𝑙|𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 𝑃𝑖𝑟𝑖𝑜𝑟 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦
 

(15) 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 𝑃𝑖𝑟𝑖𝑜𝑟 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦

= 𝑃(𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑎𝑔𝑒|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑠𝑒𝑥|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑐𝑝|𝑑𝑖𝑠𝑒𝑎𝑠𝑒) … 𝑃(𝑡ℎ𝑎𝑙|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)

+ 𝑃(𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑎𝑔𝑒|𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑠𝑒𝑥|𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑐𝑝|𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒) … 𝑃(𝑡ℎ𝑎𝑙|𝑛𝑜𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒)                                                          

(16) 

Below is an example (Figure 2) of the first row of our dataset 

to be classified as either disease or not disease (target). 
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Figure 2. First row of our dataset. 

Parameters associated with the probability density function 

were obtained by grouping the data according to the target and 

for each feature, the standard deviation and mean are calculated 

(Figure 3). 

 

Figure 3. Standard deviation and mean of each property. 

A probability distribution for heart disease can be determined 

based on the data set:  P(disease) and P(not disease) are the prior 

probabilities. 

𝑃(𝑑𝑖𝑠𝑒𝑎𝑠𝑒) =
165

303
= 0.54 (17) 

𝑃(𝑎𝑔𝑒|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)𝑃(𝑠𝑒𝑥|𝑑𝑖𝑠𝑒𝑎𝑠𝑒) 

𝑃(𝑐𝑝│𝑑𝑖𝑠𝑒𝑎𝑠𝑒) … 𝑃(𝑡ℎ𝑎𝑙│𝑑𝑖𝑠𝑒𝑎𝑠𝑒)  

is the likelihood. The mean and standard deviation values for 

the sample are calculated using the probability density function. 

The mean and standard deviation values for the sample are 

calculated using the probability density function. 

 

𝑃(𝑎𝑔𝑒|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)

=
1

𝜎𝑐𝑖
√2𝜋

𝑒𝑥𝑝 {−
1

2
(

𝑥𝑘 − 𝜇𝑐𝑖

𝜎𝑐𝑖

)

2

} 
(18) 

𝑃(𝑎𝑔𝑒|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)

=
1

52.497√2𝜋
𝑒𝑥𝑝 {−

1

2
(

63 − 52.49

9.551
)

2

} 
(19) 

⋮  

𝑃(𝑡ℎ𝑎𝑙|𝑑𝑖𝑠𝑒𝑎𝑠𝑒)

=
1

2.121√2𝜋
𝑒𝑥𝑝 {−

1

2
(

1 − 2.121

0.466
)

2

} 
(20) 

As above, each probability is calculated separately to estimate 

heart disease. When the first row of the dataset was tested with 

the seted model, it gave the true positive value. 

 

RESULTS 

Correlation Matrix 

The correlation between the variables is presented in Figure 4. 

According to the color scale, the correlation relationship 

between the columns close to red is high, while the correlation 

relationship decreases gradually in the colors towards the blue. 

In the data set, it is seen that cp, thalach, and slope variables 

have the highest correlation with the patient's heart disease 

status. In addition, a correlation above ±0.5 was not detected 

between the dependent variable (target) and other variables. 

This shows that no variable can be used independently in the 

estimation. 
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Figure 4. Correlation matrix. 

Performance Evaluation 

To interpret the achievement of the Naive Bayes algorithm used 

in the classification of heart disease diagnosis, the classification 

outcomes were transferred to the confusion matrix. A diagram 

of a confusion matrix is presented in the figure below in Figure 

5. 

 

Figure 5. Diagram of a confusion matrix. 

According to the confusion matrix, the Naïve Bayes algorithm 

correctly predicted 68 of 76 test data. However, 4 people are not 

predicted to have heart disease and 4 people are considered to 

not heart patients. The computed accuracy for Naïve Bayes 

classification is 89.47% as depicted in Figure 6. 

 

Figure 6. Naïve Bayes confusion matrix. 
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The AUC value obtained was 0.95, with the corresponding 

ROC graph displayed below in Figure 7. That is, the area under 

the model's ROC curve can be used as a criterion for measuring 

how well the test is in a particular clinical situation. 

 

Figure 7. ROC (Receiver Operating Characteristic) curves 

from the Naïve Bayes mode. 

 

DISCUSSION 

Data mining algorithms are crucial in detecting heart disease 

and determining risk factors. In this study, Naïve Bayesian 

algorithms were used as ML to determine the risk of heart 

disease. Naïve Bayesian classification algorithm compared in 

terms of correlation and confusion matrix, accuracy, and ROC. 

When the data mining Naïve Bayes classification algorithm was 

examined in terms of accuracy, an accuracy rate of 89.47% was 

calculated. There are several limitations in this work. To begin, 

the NB algorithm assumes that each risk factor for heart disease 

is independent. In theory, this may not be the case because one 

risk factor may be linked to another. Furthermore, because a 

small HD dataset's variance is restricted, the accuracy of a small 

dataset may be computed extremely similarly and close to each 

other. 

Multiclass classification of cardiovascular disease datasets 

could be considered in the future by integrating coronary artery 

angiography and coronary artery calcium score characteristics 

in the dataset, which are crucial in the early detection of 

cardiovascular disorders. To cope with real-life problems in 

hospitals and medical institutes, class imbalanced datasets can 

be investigated. 
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