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Abstract: About one person dies every minute from cardiovascular disease; consequently, it has almost surpassed war as 

the largest cause of death in the twenty-first century. In cardiology, early and accurate diagnosis of heart illness is a 

cornerstone of effective healthcare. Predictive analytics, which involves machine-learning algorithms, can be a great 

option for contributing towards the early detection of cardiovascular disease. This study evaluates the data preprocessing 

techniques involved in building machine learning models to predict cardiovascular disease and identify the features 

contributing to the cardio attack. A novel data transformation technique named the superlative boundary binning method 

was proposed to enhance machine learning and ensemble learning classification models for predicting cardiac illness 

based on independent physiological feature parameters. The results revealed that the ensemble learning classifier 

AdaBoost using the superlative boundary binning method has performed well with a classification accuracy of 93% when 

compared with the other data transformation and machine learning classifier models. 

 

Index Terms: Cardiovascular, Data Transformation, Ensemble Learning, Heart Disease, Machine Learning. 
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1.  Introduction 

All the organs in the body, including the brain and kidneys, will suffer if the heart is not working correctly. The term 

"heart disease" refers to a group of illnesses that disrupt normal cardiac function. Currently, the main cause of mortality 

is cardiovascular disease (CVD). Approximately one person dies every minute from heart disease; consequently, heart 

disease has surpassed war as the most common cause of death in the twenty-first century. This includes both male and 

female demographic information, and the sex ratio may fluctuate depending on the age bracket and sex. Nothing here 

suggests that persons of a particular age are immune to CVD. According to the World Health Organization, 17.9 million 

people are lost annually due to cardiovascular conditions, cardiovascular disease, coronary disease, heart attack, or heart-

related disorders [1]. In developed countries, CVD has a higher mortality rate and is the primary cause of 43% of deaths. 

This disease is influenced by risk factors such as hypertension, smoking, diabetes, obesity, and physical inactivity. The 

prevalence of CVD is further exacerbated by ageing populations, unhealthy diets, and sedentary lifestyles, all of which 

contribute to the increasing incidence of the disease.  The CVD's impact is not only limited to physical health but also 

poses significant economic burdens, with costs associated with healthcare, loss of productivity, and long-term disability 

[2,3]. Knock is a kind of cardiac disease that may be triggered by high cholesterol levels or by the tightening, blockage, 

or thinning of blood vessels that provide oxygen to the brain. In today's healthcare system, maintaining a great 

infrastructure is the biggest problem. The quality of care provided to patients depends on their ability to obtain an accurate 

diagnosis and appropriate treatment. The devastating results of an incorrect diagnosis are rejected. The quantity of clinical 

information or data is vast, yet it comes from a wide variety of sources. Doctors' interpretations are a crucial part of this 

information. 

Due to the potential for noise, incompleteness, and inconsistency in real-world data, data preparation will be essential 

for directives to fill in the null values within the databases. Although CVD has been identified as a leading cause of 

mortality worldwide, it has also been declared to be one of the most preventable and treatable conditions. Correct and 

complete illness care depends on an accurate and timely diagnosis of the condition. There seems to be a critical need for 

a reliable and systematic technique for identifying individuals at high risk, and data mining and machine learning 

techniques help in the rapid investigation of heart infection [4]. Heart disease symptoms may vary from person to person. 

However, the most common complaints include aches and pains in the back, shoulders, arms, and jaw as well as digestive 

issues and difficulty breathing. Cardiac arrest, strokes, and coronary artery diseases are just a few of the many heart-

related conditions that may affect a person. Doctors specializing in the heart maintain a large and thorough database of 

patient information. In addition, this approach provides a fantastic opportunity for extracting useful information from 

large databases [5]. 

Classifying the underlying causes and diseases associated with the cardiovascular system has become more difficult 

in recent years. Intense research is being conducted to identify the factors that put individuals at risk for CVD, with 

researchers using a wide range of statistical methods and data mining software. A family history of heart disease, high 

BP, high cholesterol levels, diabetes, advanced age, tobacco use being overweight, and not engaging in enough exercise 

are recognized as risk factors for CVD, as are high BP and high blood glucose levels. It is crucial to understand the many 

forms of heart disease to provide better treatment for those at risk and to prevent the illness from occurring first. 

2.  Literature Review 

Data mining was used to conduct a survey of systems for predicting CVD incidence. The report addressed the use 

of data mining in pattern development to uncover patterns in patient data. This method bolstered and improved their 

preexisting health care plan. The algorithms they described have a limited scope and were designed to predict CVD 

incidence. They developed an association rule based on a real informational index and the patient's cardiac health records, 

which resulted in a high rate of accuracy. The recommended calculations that they performed address not only the problem 

of a large number of principles but also the proper approval of guideline backing. To facilitate determination as a 

preliminary task in therapeutic database characterization, kernel F score feature selection was performed. The suggested 

KFFS strategy first converts healthcare information to binary capacity by increasing BFF and LINEAR skills. Second, in 

the F score equation, the piece capacities of a non-directly separable set of data are transformed into a straight distinct 

element space, allowing for the determination of treatment datasets [6,7]. 

An IHDPS prototype was constructed with the use of data mining methods such as DT, NB, and NN methods. The 

outcomes demonstrated the distinct value that each method brings to the table in accomplishing the predetermined mining 

goals. Whereas conventional decision support systems are unable to address such nuanced "what if" concerns, the IHDPS 

is well suited to do so. The risk of developing heart disease should be predicted based on demographic information, 

including age, sex, BP, and glucose levels. It permits the establishment of important information, such as patterns and 

correlations between medical variables associated with heart disease [8]. 

A study was conducted to detect CVD using machine learning techniques such as multilayer perceptron and K-

nearest neighbor methods. Input data were collected from the University of California Irvine repository, which consists 

of 76 features and 303 sample tuples. The performance of the ML algorithm was evaluated using statistical performance 

matrices. As a result, a classification accuracy of 82.47% and an area under the curve of 86.41% were obtained from the 
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MLP model, which performed better than the KNN model [9]. 

Researchers analyze vast amounts of intricate medical data using a variety of data mining and machine learning 

approaches, assisting medical personnel in making predictions about cardiac disease. A study was proposed in which 303 

cases and 17 attributes of the Cleveland Heart Disease dataset, which were sourced from the UCI machine learning 

repository, were utilized to generate the data for this study. Numerous supervised classification techniques, including 

naïve Bayes, decision trees, random forests, and k-nearest neighbors (KKNs), were used. The KKN model achieved an 

accuracy of 90.8%, which was the best level of precision compared to that of the other supervised models. This study 

underscores the potential value of machine learning methods for predicting CVD incidence and stresses the significance 

of choosing the right models and methods to obtain the best outcomes [10]. 

An attempt to enhance the precision of weaker methods by merging numerous classifiers and improving the 

reliability of forecasting the risk of heart disease using ensemble classification techniques was conducted. The potential 

of the ensemble technique for enhancing prediction accuracy in cardiovascular illnesses was investigated using a 

comparative analytical strategy. Conclusions from these studies suggest that ensemble methods such as bagging and 

boosting may significantly increase the prediction performance of underperforming classifiers and provide respectable 

results regarding gauging the likelihood that a certain individual will develop CVD. With the aid of ensemble 

classification, the accuracy of weak classifiers improved by as much as 7%. The prediction accuracy was significantly 

increased once a feature selection implementation was added to the procedure [11]. 

The Fast Fourier Transformation is used to analyze time series and was suggested as part of a MATLAB-based 

system for recommending treatments for cardiovascular illness. Together, we use an ensemble model that combines 

bagging, a synthetic neural network, ordinary least support vector machines, and a naïve Bayes classifier [12]. Machine 

learning models are increasingly vital in understanding and addressing the prevalence of CVD and have been instrumental 

in the early detection and stratification of high-risk patients, enabling timely treatment. This predictive capability is crucial 

for implementing preventive measures and reducing the global burden of CVD [13,14]. A novel bio-system reliability 

approach for prediction of cardiovascular disease was proposed [15]. Dataset was collected from 195 countries, which 

record death due to annual cardiovascular disease. The method used for prediction of CVD is a multidegree of freedom 

biosystem. Hence, a reliable high-dimension non-linear spatio-temporal health system was developed, but only a 

stimulation model was developed. 

A study has been conducted on the death of cardiovascular disease patients for a period of 20 years [16]. The different 

machine algorithms used for prediction are support vector machine, eXtreme gradient boosting, adaptive boosting, logistic 

regression. As a result, the XGB has obtained higher accuracy than other models. However, the accuracy was found to be 

less. 

For an accurate forecast of cardiovascular disease, have conducted a study using a support vector machine model 

such as linear SVM and polynomial SVM[17]. The dataset was collected from UCI repository online, which consists of 

303 samples and various parameters such as age, sex, chest pain, BP, cholesterol, FBS, RestingECG, Heart rate, 

EscerciseAngina, STSlope etc. Hence, SVM polynomials have an accuracy of 93% more than linear SVM. The 

classification method must be improved. 

3.  Materials and Methods 

The dataset consists of asymmetric binary CVD data extracted and loaded into the Python Data frame [18] along 

with influencing features such as systolic blood pressure (SBP), diastolic blood pressure (DBP), cholesterol level, glucose 

level, age, height, weight, sex, alcohol intake, and smoking habits. The feature ranking methods, viz., the information 

gain [19], the gain ratio [20], Gini index [21], and chi-square [22], were applied to the CVD dataset, which includes 12 

features, including the target feature CVD occurrence data. These feature ranking methods can acquire relationships 

among the features that are dependent on each other, can determine the discrimination level of the features in a target 

feature, and can evaluate the gain of every feature in the context of the target feature to identify effective features for 

classification. Figure 1 visualizes [23] that systolic blood pressure (SBP), diastolic blood pressure (DBP), cholesterol 

level, glucose level, age, and weight play vital roles in contributing to the classification of CVD. 

The proposed architecture (Figure 2) incorporates the data transformation technique using the superficial boundary 

binning method to transform continuous features (systolic blood pressure, diastolic blood pressure, age, height, and weight) 

into discrete buckets. The pseudocode for the superlative boundary binning method is given in Table 1. Data discretization 

is the process of translating a continuous numerical feature into a set of two or more discrete buckets, thus improving the 

predictive modelling task [24]. The discretized features are easier to use and understand and are also closer to a 

knowledge-level representation that can improve model performance than the same models trained on the original dataset 

without performing data discretization [25]. Data discretization is commonly achieved using binning methods, such as 

equal width and equal frequency. The equal-width method partitions the dataset into ‘n’ intervals, with each interval 

containing the same number of data points. The number of bins required is represented by 'n', and the width 'W' of each 

bin is calculated as 

 

𝑊 = (max − min)/𝑛 
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Where ‘max’ and ‘min’ refer to the highest and least values in the dataset. The range of each bin bracket is defined 

as [min + w], [min + 2w] …. [min + kw]. On the other hand, the equal-frequency method partitions the dataset into 𝑘 bin 

brackets where each bin bracket contains approximately an equal amount of data points. 

 

 

Fig.1. Feature ranking of the CVD dataset 

Since the physiological features are independent, the data points of each feature vary widely. Therefore, using the 

same interval for all features is unfair in the data discretization process as it might lead to incorrect model classification. 

To address this issue, the superlative boundary binning method was proposed. It sorts each feature separately to calculate 

the maximum difference between data points, and boundaries are drawn to achieve discrete brackets for individual 

features. 

 

 

Fig.2. Architecture diagram of the proposed study 

After the completion of the proposed preprocessing steps, the dataset was split into training and test datasets using 

the stratified random sampling technique. In predictive analysis, the data sampling techniques involved in data splitting 

have a compelling effect on the performance of the model [26]. Finally, machine learning algorithms (decision tree, CN2 

rule induction, support vector machine, k nearest neighbour, and naïve Bayes), ensemble learning algorithms (random 

forest), and boosting algorithms (AdaBoost) were built upon the CVD training dataset to determine whether a given 

patient has this condition with the help of the test dataset. Machine learning algorithms have the potential to classify 

various issues pertaining to agriculture, chronic diseases, the stock market, etc. Among the various machine learning 

algorithms, decision tree (C4.5), support vector machine, k nearest neighbour, naïve Bayes, and CN2 algorithms are 

popular in breast cancer prediction [27] and diabetic prediction [28]. In the present scenario, the enormous surge in data 

has devastated traditional machine learning algorithms when handling high-volume, noisy, and imbalanced data [29,30]. 

To overcome and improve the performance of machine learning classifiers, multiple classification methods using a hybrid 
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or ensemble learning approach have been adopted [31]. The basic idea of ensemble learning is to merge two or more 

machine learning classifiers to be trained on the dataset to support and reduce bias and variance and thus increase the 

prediction accuracy and performance of the model [32]. 

Table 1. Pseudocode for the superlative boundary binning method 

Procedure superlative boundary (info: no. of tuples, divergence: array of difference between tuples, stance: position of max. 

difference between tuples) 

//Sorting in Ascending order 

                d=length(info) 

                repeat 

                                nd=0 

                                for x=0 to d-1 inclusive do 

                                                if info[x-1] > info[x] then 

                                                                swap(info[x-1],info[x]) 

                                                                nd = x 

                                                end if 

                                end for 

                                d=nd 

                until d=0 

//Max. divergence 

                for y=1 to d inclusive do 

                                divergence[y-x]=info[y]-info[y-1] 

                end for 

//Position of Max. divergence 

                d=length(divergence) 

                max=divergence[0] 

                for z=0 to bin-1 inclusive do 

                                for l=0 to d-1 inclusive do 

                                                if divergence[l]>max then 

                                                                max=divergence[l] 

                                                                stance[z]=1 

                                                end if 

                                end for 

               end for 

end procedure 

4.  Results and Discussion 

After modelling the CVD dataset with various machine learning and ensemble learning algorithms, extensive 

simulations were carried out to identify an efficient model for predicting whether a patient with given symptoms is likely 

to experience a CVD attack. The proposed ML and Ensemble models were evaluated with the aid of a confusion matrix 

[33] and five important performance metrics, which included the Classification Accuracy (CA), Area Under Curve (AUC), 

F1, Precision, and Recall scores [34]. 

The model is classified into two categories. In the first category, the models were built using machine learning 

classifiers based on the traditional discretized dataset (equal-frequency and equal-width binning methods) and the 

proposed superficial boundary binning method dataset; the results are displayed in Figures 3, 4, and 5. In the second 

category, the models were built using ensemble classifiers on the same discretized dataset discussed above, and the 

corresponding performance results are displayed in Figures 6, 7, and 8. 

 

 

Fig.3. Performance of the ML models built on the superlative boundary binning dataset 
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Fig.4. Performance of the ML models built on the equal-frequency binning dataset 

 

Fig.5. Performance of the ML models built on the equal width binning dataset 

 

Fig.6. Performance of ensemble models built on superlative boundary binning dataset 

The performance matrices in Figures 3, 4, and 5 clearly indicate that the CN2 machine learning classifier model built 

upon the cardiovascular dataset discretized using the superlative boundary binning method (91% classification accuracy) 

outperformed the other ML models that used the traditional binning method for discretization. The CN2 ML classifier is 

a learning classification algorithm for implementing a rule induction model. The CN2 model generates IF-THEN rules, 

which are articulated and precise for humans [35]. The IF-THEN rules derived from the CN2 model built on the 

superlative boundary binning dataset are given in Table 2. 

The IF-THEN rules given in Table 2 clearly indicate that patients are vulnerable to cardiovascular attack when their 

systolic blood pressure (SBP) is greater than 139 mmHg, their weight is between 69.5 kg and 75.5 kg, and their age is 

between 46.5 and 52.5 years with high cholesterol and glucose levels. There is no risk for patients when their SBP is less 

than 120 mmHg, their weight is less than 64 kg, their diastolic blood pressure (DBP) is less than 80 mmHg with a normal 

glucose level and low cholesterol, or no smoking habits. 
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Fig.7. Performance of ensemble models built on an equal-frequency binning dataset 

 

Fig.8. Performance of the ML models built on the equal width binning dataset 

Table 2. IF-THEN rules (the CN2 model) generated using the superficial boundary binning method 

Sno Antecedent 
Consequent 

(Class) 

1 SBP >= 145.5 AND Weight = 69.5 – 75.5 AND Cholesterol = 2 – 3 1 

2 SBP >= 145.5 AND Weight = 69.5 – 75.5 AND DBP = 79.5 – 80.5 1 

3 SBP >= 145.5 AND Gender = 1 AND Glucose = 3 1 

4 
SBP = 138.5 – 145.5 AND Age = 46.5 – 52.5 AND Height = 167.5 – 171.5 AND 

Gender = 2 
1 

5 SBP <=119.5 AND Weight <= 63.5 AND Age = 46.5 – 52.5 AND DBP <=79.5 0 

6 SBP <=119.5 AND Weight <= 63.5 AND Height >=171.5 AND Smoking = 0 0 

7 Age <= 46.5 AND Height = 158.5 – 163.5 AND Glucose = 2 AND Cholesterol = 1 0 

 

The performance matrices in Figures 6, 7, and 8 indicate that the AdaBoost ensemble model built with the superlative 

boundary binning dataset (93% classification accuracy) outperformed the RF classifier model implemented with the 

traditional binning methods for discretization. In ensemble learning, both the AdaBoost and random forest models perform 

well in classification, but the AdaBoost model is considered to be insensitive and has dominance over the random forest 

model when dealing with imbalanced datasets [36,37]. The ANOVA tests were conducted to determine the statistical 

significance of performance differences between machine learning and ensemble models. Under the null hypothesis, it 

was assumed that all the models were equivalent. Thus, rejecting this hypothesis suggests differences in the performance 

of the models implemented [38]. Subsequently, a post-hoc test using Turkey’s HSD[39] was conducted to determine if 

the control or proposed model displays statistical differences compared to the other methods in the comparison. 

According to the ANOVA results from Table 3, the p-value of the CN2 machine learning model using equal 

frequency, equal width, and superlative boundary binning methods is less than 0.05 (i.e. 9.856933350251298e-10). 

Therefore, we reject the null hypothesis, indicating that at least one model's performance is significantly different from 

the others. Furthermore, Turkey's HSD test shows that there are no statistically significant differences between the equal 

width and equal frequency methods. However, there is a substantial difference between the equal frequency and 

superlative boundary binning methods, as well as between the equal width and superlative boundary binning methods. 
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Table 3. ANOVA and HSD test results for the CN2 machine learning models 

F-statistic: 49.2283702213281, p-value: 9.856933350251298e-10 

Group1 Group2 mean diff p-adj Lower Upper Reject 

Eq-freq Eq-width -0.012 0.3558 -0.0333 0.0093 False 

Eq-freq Sup-bound 0.067 0.0 0.0457 0.0883 True 

Eq-width Sup-bound 0.079 0.0 0.0577 0.1003 True 

 

The p-value (Table 4) of the AdaBoost ensemble learning model using equal frequency, equal width, and superlative 

boundary binning methods is less than 0.05 (i.e. 2.816016551276829e-12).  Therefore, the null hypothesis is rejected 

again and the Turkey's HSD test shows that all the model pairs, equal frequency, equal width and superlative boundary 

binning method have statistically significant differences. 

Table 4. ANOVA and HSD test results for the AdaBoost ensemble learning models 

F-statistic: 83.30913642052562, p-value: 2.816016551276829e-12 

Group1 Group2 mean diff p-adj Lower Upper Reject 

Eq-freq Eq-width -0.026 0.0061 -0.0451 -0.0069 True 

Eq-freq Sup-bound 0.07 0.0 0.0509 0.0891 True 

Eq-width Sup-bound 0.096 0.0 0.0769 0.1151 True 

5.  Conclusions 

Early detection and prediction of CVD are crucial in healthcare to save human lives. Machine learning models are 

better than data mining and statistical models because they can handle large imbalanced datasets and can be used for 

personalized prediction. Machine learning models are compelling for the treatment of chronic diseases. Hence, in this 

study, an AdaBoost model with a superficial boundary method was incorporated to predict chronic cardiovascular disease. 

People with high systolic blood pressure, diastolic blood pressure, and cholesterol levels older than 50 years, and obesity 

are at risk of cardiovascular attack. We evaluated the ability of ensemble and machine learning classifiers to predict CVD 

incidence, and the AdaBoost ensemble model achieved an accuracy of 93% when the dataset was preprocessed using the 

superlative boundary binning method. Thus, this study contributes to the early warning of CVD, and the proposed model 

can also be used to predict other chronic diseases. However, the proposed model can be further enhanced by adding more 

patient data with physiological features including diabetes, lipid levels, sodium intake, smoking habit, ambient air 

pollution, and ECG. By adding these features, the ML model is expected to perform well in real world scenario without 

any bias and overfitting issues. 
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