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Abstract. Coronary heart disease has been the number one illness to cause death in the world for decades. The healthcare 
indus- tries generates vast amount of clinical data, driven by medical records of patients, regulatory requirements, and results 
of medical examinations. In order to obtain the most relevant features for coronary heart disease, this study has conducted 
an experimental evaluation on data-driven diagnosis of coronary heart disease using classification algorithms. A statistical 
test (Chi-square) is used to find the most valuable features and risk factors associated with coronary heart disease. The 
purposed of this univariate feature extraction algorithm is to determine the difference between the observed resuslts with 
expected results. Furthermore, CHD is predicted using several classification machine learning algorithms including Logistic 
Regression, Complement Naïve Bayes. and Support Vector Machine (SVM). This study also evaluates ensemble machine 
learning algorithms, such as Random Forest and Extreme Gradient Boosting (XGBoost), Gradient Boost, to find the best 
performance of the classifications algorithms and select essential features from the dataset. Holdout and cross-validations 
methods are used to separated the dataset into two sets, called the training set and the testing set. The performance of proposed 
algorithm are assessed in terms of certain factors such as specificity and sensitivity. From this study, it is shown that Gradient 
boost model exhibits the best performance with 0.839 sensitivity. 

 
INTRODUCTION 

 
The most common heart disease, Coronary Heart Disease (CHD) is widely known as one of the major causes of 

mor- tality. As stated by the World Health Organization (WHO), 17,9 million people died from CHD in 2019, 
representing 32% of all deaths globally [1]. Some heart related diseases are caused due to a number of contributing 
factors, includ- ing diabetes, high blood pressure, cholesterol, smoking, chronic diseases, and many more. With the 
advancement of technology, the treatment of coronary heart disease has recently been mentioned in numerous studies 
that have gotten tremendous attention within the healthcare industry. This can be proven by researchers from New 
York University’s School of Global Public Health and Tandon School of Engineering, screened more than 1,600 
articles and focused on 48 peer-reviewed studies published in journals between 1995 and 2020 [2]. They found that 
applying machine learning models improved the ability to predict cardiovascular diseases. Hence, to examine and 
identify some of the early signs of heart disease, various diagnoses and many data analytics tools have been adopted. 
However, manually estimating the likelihood of substantial coronary heart disease is troublesome to rely upon the risk 
factors. Therefore, machine learning and various data mining techniques are applied in regards to solve such 
complicated issues. More- over, advanced machine learning techniques such as tuning, oversampling, feature selection, 
and ensemble learning will assist us to identify the most relevant features and patterns of coronary heart disease. 

Generally, machine learning plays a significant role in the medical industry, particularly in forecasting coronary 
heart disease. Machine learning can be an effective tool both to predict heart failure symptoms and to detect the most 
important clinical features that may lead to heart failure [3]. As a matter of fact, machine learning helps in minimizing 
the diagnostic time and demonstrating accuracy and effectiveness. 

In this study, we will present a comparative analysis of which machine learning algorithms can perform better in 
predicting the initial stage of CHD. Several machine learning techniques are utilized to identify how well can these 
algorithms classify questions related to coronary heart disease from the dataset. Furthermore, cross validation is 
employed to separate the test and training datasets and to evaluate the models’ performance. 

The purpose of this study is to find the most important features which can better predict the heart disease in adult and 
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to review the performance of classification methods based on sensitivity and specificity in the context of heart disease. 
Therefore, it can be used as a reference in choosing a method for heart disease prediction of future research. This study 
is divided into several sections: Section 2 is a journal article on recent research in this field. The methodology and 
proposed architecture are discussed in Section 3. Section 4 presents experimental results as well as a comparison of 
classification techniques. Finally, the study is concluded with suggestions on how to improve the results for future 
work. 
 

RELATED STUDIES 
 

A number of research studies report the use of machine learning algorithms for predicting heart disease [4, 5, 
6, 7, 8, 9]. Different data mining techniques and performance methods have been implemented to provide different 
perspectives on prediction of heart disease. Similar study has been performed by Khan et al. [4], where Khan [4] studied 
three datasets to diagnose heart disease. Numerous machine learning classifiers are utilized, including SVM, Logistic 
Regression, Naïve Bayes, and others. Furthermore, the accuracy, recall, and F1-score were calculated to validate the 
algorithms. When applied to the first dataset, the results show that the machine learning combination has the highest 
accuracy of 88.89%. 

Thai-Nghe et al. [5] presented cost-sensitive learning to deal with imbalanced data. They [5] combined and com- 
pared several sampling techniques with cost-sensitive analysis using SVM, and also used cost-sensitive analysis by 
optimizing the cost ratio. Their experimental results show that using cost sensitive method can reduce misclassification costs 
and improve classifier performance. 

Begum et al. [6] dealt with XGBoost, SVM, Random Forest, Logistic Regression, and some regularly algorithms to 
predict heart disease. The experimental findings indicated that Random Forest machine learning algorithm achieves the 
most accurate yet reliable algorithm and hence utilized in the proposed system. 

Zeng et al. [7] proposed a powerful processing method using hybrid technique, SMOTE with Tomek links technique and 
then applied it to the imbalanced medical dataset to evaluate the effectiveness of this method. The findings showed that the 
SMOTE method combined with Tomek links technique is far superior in contrast to using only SMOTE. 

Zhu et al. [8] utilized sensitivity, specificity, and accuracy analysis in the context of disease diagnosis. The author 
said that sensitivity and specificity are widely applied to describe diagnostic tests in the medical fields. They are used to 
qualify how good and reliable a test is [8]. 

From the related studies, we can conclude that the relevant subset features gained from the classifier training truly 
improves the accuracy of the algorithms. This study however, will try to tackle this problem with a different data. The 
data that will be used is a result of a survey which mostly contains yes or no questions. Using these answers, this study 
will find the most important features for adult coronary heart disease and create models accordingly. 
 

METHODOLOGY 
 

The proposed study focuses on discovering relevant features by removing unnecessary and redundant attributes 
from the dataset. The architecture of the proposed framework is depicted in Figure 1. Data gathering, data pre-
processing, extraction of features, data splitting, model training with classifiers, and model evaluation are the key 
components of the framework.The steps of the proposed approach are explained in detail in the figure. 

Dataset 

The dataset was taken from the Behavioral Risk Factor Surveillance System (BRFSS), which was the result of a 
survey conducted by the Centers for Disease Control and Prevention (CDC) [10]. Only 1 year was taken from the 
dataset which was 2019, the reason for this is to avoid any duplicates since there is no identifying data that can separate 
each person. The dataset consisted of 342 columns, 27,724 entries, and 1 target column. A lot of these columns are not 
relevant to our research therefore we eliminate most of them and only 25 columns that are valuable to CHD. The target 
column is divided into two categories: 1 implies heart disease and 0 implies non-heart disease. Table I contains 
information about the features. Another note about this dataset is that it is very imbalanced as shown in Figure 2. 
These can hinder the process of training model later but there will be solutions that will be explained on the next 
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sections. 

 

 
FIGURE 1. The proposed system for prediction CHD 

Data Preprocessing 
 

First and foremost, the data needed to be cleaned. These are all categorical data but there are some columns that 
need to be cleaned. For example, most of the data has the category 7 or 9 which usually indicates that the respondent 
did not answer or did not know the answer. These categories have no meaning therefore, not needed in the experiment. 
Finally, to obtain higher accuracy from the imbalance dataset, we applied a hybrid technique using SMOTE and 
Tomek links [7] to clean up overlapping data for each class distributed in the dataset. 
 

Feature Extraction 
 

In order to assess the effect of feature extraction, the experiments were conducted with and without feature 
extraction. Feature extraction is a significant stage since unessential features (outliers) frequently affect the 
classification efficiency of machine learning classifiers [9]. The Chi-square feature selection algorithm method is 
utilized in this study to select essential features from the dataset. It identifies the most valuable features and risk factors 
associated with CHD in the dataset. 
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FIGURE 2. Distribution of the target feature 

 

TABLE 1. Dataset features 
Feature Name Description Value 
GenHlth General health 1-5 Where 1 is excellent and 5 is poor 
HlthCare Have health care 0:Yes, 1:No 
MedCost Have not avoided seeing a doctor due to the cost 0:Yes, 1:No 
Stroke Have stroke 0:No, 1:Yes 
OthCncr Have other cancer besides skin cancer 0:No, 1:Yes 
ChronPulmo Have chronic pulmonary disease 0:No, 1:Yes 
DepressDis Have depressive disorder 0:No, 1:Yes 
ChronKidn Have chronic kidney disease 0:No, 1:Yes 
Diabetes Have diabetes 0:No, 1:Yes 
DiffWalk Have difficulty walking 0:No, 1:Yes 
Smoke100 Have smoked 100 tobacco 0:No, 1:Yes 
HighBP Have high blood pressure 0:No, 1:Yes 
HighChol Have high cholesterol 0:No, 1:Yes 
CHD Have coronary Heart Disease (Target) 0:No, 1:Yes 
Arthritis Have athritis 0:No, 1:Yes 
Sex Gender 0:Female, 1:Male 
Age Age 14-level age category starting from 18-24 until 85+ 
SmokerStatus Smoker Status 0:No, 1:Yes 
HeavyDrink Heavy Drinker 0:No, 1:Yes 
ActivityAerobi
 

Met aerobic exercise recommendation 0:Yes, 1:No 
Fruit Eating fruit everyday 0:Yes, 1:No 
Vegetable Eating vegetables everyday 0:Yes, 1:No 
BMI-tr BMI 0:Underweight or Normal, 1:Overweight or Obese 
Phys Met muscle strengthening recommendation 0:Yes, 1:No 
MI Have myocardial infarction 0:No, 1:Yes 
Skin Have skin cancer 0:No, 1:Yes 

Machine Learning Model 
 

We utilized six machine learning algorithms in this analysis: Logistic Regression (LR), Complement Naïve Bayes 
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(CNB), Support Vector Machine (SVM), and three types of ensemble techniques: Random Forest and boosting algo- 
rithms (XGBoost and Gradient Boost). 

Logistic Regression 
 

Logistic regression is a useful analytical method for classification problems, where you are trying to determine 
if a new sample fits best into a category. This algorithm works very similar to linear regression, but with a binomial 
response variable [11]. Logistic regression does not require a linear relationship between input and output variables. 
This will be one of the best algorithms in predicting whether a patient has a heart disease or not. 

Support Vector Machine 
 

Due to its ability to handle multidimensional data, the Support Vector Machine (SVM) is classified as a supervised 
machine learning technique that divides data into multiple classes using hyperplanes. The basic idea of SVM can be 
seen in Figure 3. Figure 3 shows the two parallel hyperplanes (Class A and B) are separated by H. H is the hyperplane 
that maximizes the distance between the Class A and B [12]. The distance of two parallel hyperplanes is called class 
interval. An assumption is made that the larger the margin or distance between these parallel hyperplanes the better 
the classifier generalization will be [12]. 

 
FIGURE 3. Support Vector Machine Hyperplane 

 
To find where the result tends to negative or positive (Class A or B), we can use the Hyperplane’s equation and 
define decision rule as: 

w.x + b = 0  (1) 

w.x + b > 0  (2) 

w.x + b < 0  (3) 
 
where: 
 

w = a vector normal to Hyperplane 
b = an offset 

If the value of w.x+b<0 then we can say it is a negative point otherwise it is a positive point. For this, we will 
take few assumptions that the equation of A is w.x+b=1 and for B it is w.x+b=-1. 
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Complement Naive Bayes 
 

Complement Naïve Bayes (CNB) is an adaptation of the Multinomial Naïve Bayes (MNB) algorithm. However, 
MNB does not perform well with imbalanced datasets. Whereas, CNB is particularly suited to work with imbalanced 
datasets because it is formed to complete disadvantages of NB algorithms such as skewed data [13]. We assume 
CNB’s forecasts will be more effective as it uses more training data per class, which will reduce bias in weight 
estimates. 

Ensemble Learning 
 

To achieve highest classification accuracy, we utilized Random Forest, Gradient Boosting, and XGBoost ensemble 
methods to reduce drawbacks in prediction due to the imbalanced data. 

Random Forest (RF) 

Random Forest is a powerful supervised classification tool. This ensemble classifier is applied to create forest of 
trees that are not correlated with weak features to strong features and give more accurate results. 

Gradient Boosting (GB) 

The characteristics of gradient boosting classifier is to optimize a loss function. It relies on the intuition that the 
nest model, when combined with the previous model, will minimize overall prediction errors [14]. Hyperparameter 
tuning (GridSearchCV) has been performed on the Gradient boosting algorithm to improve the model performance 
and to reduce overfitting. 

XGBoost (XGB) 

Similar to the Gradient boosting classifier, XGBoost (Extreme Gradient Boosting) is an ensemble method, which 
attempts to accurately predict the target feature (CHD) by combining the weaker feature estimates. 

The hyperparameters for each models are determined using GridSearchCV with 10-folds for the search parameter. 
However, CNB does not have any parameters therefore will be skipped during this process. The hyperparameters that 
GridSearchCV produced are as follows: 

• LR 
C = 10, penalty = ’12’ 

• SVM 
C = 0.1, penalty = ’l2’ 

• RF 
criterion = ’gini’, max_depth = 5, max_features = auto, n_estimators = 100 

• XGB 
learning_rate = 0.01, n_estimators = 500, gamma = 5, max_delta_step = 0, max_depth = 5, 
min_child_weight = 1 

• GB 
learning_rate= 0.5, max_depth = 2, n_estimators = 1000 

Evaluation Technique 
 

The effectiveness and accuracy of the machine learning methods can be evaluated using performance indicators. 
The results of this experiments were evaluated with sensitivity and specificity. The reason for these metrics is that the 
sensitivity and specificity of a are useful for cross sectional studies [15]. Sensitivity is an approach that identifies 
people with the coronary heart disease (CHD) (true positive rate) and specificity is an approach that identifies patients 

 
without coronary heart disease (true negative rate) [16]. The experiments will include both a dataset that went through 
feature selection and the one that does not. Next, for the evaluation, we adopted cost-sensitive learning to deal with 
prediction errors when training those models. The reason why we implement cost-sensitive learning is because it is 
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closely related to the problem of imbalanced data classification and skewed class distribution. Although for some 
models, there are no cost-sensitive options in the parameters. Those models are CNB, XGB, and GB. Therefore, for 
this process, the mentioned models are skipped. The heart disease dataset is divided into a 70% training set and a 30% 
testing set. The training set is utilized to train the models, whereas the testing set is utilized to assess the models. A 
10-fold cross-validation technique is also used to validate the classifier’s training phase. 
 

RESULTS AND DISCUSSION 
 

Before training the models, features should be checked first to see if there are some features that are more important 
than the others. This process will be done using a Chi-squared test. The results of this test is showed in Figure 4. After 
seeing this result, it was decided that the top 11 features will be used to train the models. 

Different kinds of models and solutions are used in this study. The first one is using normal data with models that 
are tuned with GridSearchCV. The results for this are shown in Table 2. Most of these results indicate that the models 
are mostly predicted negative since they have low sensitivity and high specificity. 

TABLE 2. Model performance 
 LR SVM CNB RF XGB GB 
Sensitivity 0.292 0.271 0.662 0.283 0.307 0.305 
Specificity 0.987 0.988 0.841 0.983 0.986 0.987 

 
After seeing the results of the first models, cost-sensitive learning are used to train some of the models instead to 

see whether it will improve. The results are shown in Table 3. There is a significant improvement on sensitivity, 
meaning that the model did predict more positive cases than before. This improvement is great because the models is 
finally going the right way with the way it is predicting cases. Instead of predicting most cases as negative like before, 
it is now predicting a significant portion of the test set as positive cases. 

TABLE 3. Cost-sensitive model performance 
 LR SVM RF 
Sensitivity 0.776 0.768 0.615 
Specificity 0.821 0.827 0.856 

 
Another way to improve the model is to oversample the data itself. Since the data is imbalanced, oversampling 

is more relevant than usual. The results from the oversampled data in Table 4 shows that there is a little improvement 
on sensitivity although at the expense of the specificity. It seems like at this point, it is the matter of balancing the 
sensitivity and specificity. 
 

TABLE 4. Model performance with oversampled data 
 LR SVM CNB RF XGB GB 
Sensitivity 0.821 0.823 0.734 0.805 0.837 0.839 
Specificity 0.783 0.78 0.769 0.778 0.766 0.764 
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After a lot of improvements that were done, the highest performing models are the one that was trained with 
oversampled data. With the highest sensitivity of 0.839 achieved by Gradient Boost model while not having much 
difference in specificity with the other models, it can be said that Gradient Boost performed the best during this study. 

 
FIGURE 4. Results of the Chi-Squared 

 

CONCLUSION AND RECOMMENDATIONS 
 

The primary goal of this study is to use machine learning algorithms to identify the most essential features of 
adult coronary heart disease. This analysis was performed using dataset from the Behavioral Risk Factor Surveillance 
Sys- tem, which was the result of a survey conducted by CDC. However, since the dataset was imbalanced, the 
experiments were performed with feature selection. Chi-square was employed as a feature selection algorithm to find 
attributes that relevant to the target (CHD). The analysis was conducted on six algorithms: Logistic Regression, 
Complement Naïve Bayes, Support Vector Machine, and three types of ensemble techniques: Random Forest, 
boosting algorithms (XGBoost and Gradient Boost). 

For the evaluation, different kinds of solutions were used in this study, the first one, using normal data with models 
that are tuned with GridSearchCV. The results of these models are mostly predicted to be negative since they have low 
sensitivity and high specificity. After seeing the results of the first solution, cost sensitive learning was used to train 
some models rather than to see if it would improve. As a result, the prediction accuracy has significantly improved 
the models in terms of sensitivity, meaning that the models successfully predict more positive cases than before. 
Finally, we used oversampling as another way to improve the models. Since the data is imbalanced, oversampling 
is very suitable for evaluating models. The results from the oversampled data show that there is a slight increase in 
sensitivity. 
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After a lot of enhancements that were done, finally we found Random Forest performed better results with 0.839 
sensitivity compared to all other applied machine learning algorithms in this study. 

Henceforward, different feature extraction techniques can be performed (other than Chi-square) to select the most 
relevant subset features to develop models. Furthermore, the experimental findings also suggest that applying Neural 
Network and real-time medical datasets gathered could be performed for model development. This could enhance the 
performance with improved accuracy for coronary heart disease prediction. 
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