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Abstract: One of the main factors that contribute to a person's death throughout the world is cardiac 
disease nowadays. Hospitals have vast amounts of clinical data stored in biomedical devices and other 
systems. Understanding the facts and finding the most significant features that can increase the estimate 
accuracy that may cause heart disease is crucial. In this paper, a model has been proposed by using relevant 
characteristics of selected various feature selection, feature extraction, and machine learning classifiers. 
Filter and wrapper methods are used for feature selection, whereas principal component analysis (PCA) 
and linear discriminant analysis (LDA) are used for feature extraction. Both approaches were applied to 
the Cleveland heart disease dataset to get the relevant attribute subset. Once the attribute subset is selected, 
different machine learning classifiers, namely Logistic Regression (LR), Naïve Bayes (NB), Random Forest 
(RF), Extreme Gradient Boost (XGB), K-Nearest Neighbour (KNN), Decision Tree (DT), and Support 
Vector Classifier (SVC) were used to classify the presence and absence of heart disease. Finally, the top 
three classifiers with the most significant attributes and different feature selection/extraction techniques 
are discussed. The performance of the proposed model was also calculated using various performance 
evaluation metrics like accuracy, precision, recall and f1 score. 

Keywords: PCA; LDA; Filter method; Wrapper Method; Accuracy; Precision  

1. Introduction 

One of the primary causes of death in the modern era is cardiovascular disease. The increased collection of medical 
data gives clinicians a new possibility to improve the patient's diagnosis. Experts have recently improved their 
use of computer technology to help them make better decision. Heart disease is a group of disorders that affect 
the heart, arteries, muscles, valves, and internal electrical circuits that control muscle contraction. Heart disease 
is the main cause of mortality in India, the United Kingdom, the United States, Canada, and Australia, according 
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to the "Centers for Disease Control and Prevention". Around the world, cardiovascular diseases (CVDs) account 
for 31% (17.9 million) of all fatalities annually and are a significant contributor to clinical (death and disability), 
health, and economic burden. Heart disease accounts for one out of every four fatalities in the United States [2]. 
In most countries, both men and women are affected by heart disease. As a result, people should consider the risk 
factors for cardiovascular disease. Although it has a genetic component, certain lifestyle variables substantially 
impact heart disease. Malnutrition, high blood pressure, high blood cholesterol levels, diabetes, obesity, physical 
mobility, anxiety, and poor hygiene are all known risk factors for heart disease [3]. These are the different risk 
factors that increase a patient's chances of having CVD. Practitioners have a difficult time making a diagnosis 
since the symptoms are similar to those of other conditions or might be mistaken for signs of ageing. 

Traditional statistical methods-based predictive models typically only capture some of the complicated causal 
linkages between multiple risk factors [4-5]. During a pandemic, Patients can use the Internet of Things (IoT) to 
feed information into a database by wearing smart wristbands and medications that can monitor and collect 
specific information [6]. Researchers use artificial intelligence (AI) to mine fresh medical data to assist physicians 
in analysing and understanding symptoms, making early predictions of illnesses, and making decisions for a 
variety of patient scenarios, effectively advancing the development of safe diagnostic tools [7]. The present 
systematisation of national health screening data and the standardisation of clinical data have made it possible to 
analyse risk variables that weren't previously known. [8-10]. These factors might be statistically substantially 
linked to the development of diseases which further allowing us to trace numerous disease pathways. Furthermore, 
big data analysis is critical for developing effective illness prediction models [11,12]. Machine learning has 
recently received great attention and is being utilised to predict CVD models. 
Machine learning is quickly becoming a viable option in healthcare for assisting with patient diagnostics. When 
a dataset is vast and challenging to programme, such as when transforming a clinical record into knowledge, 
predicting pandemics, or analysing genetic data, machine learning like predictive model is applied. 
Some are useless when a dataset has various features and causes poor outcomes. When using a computer-based 
system to diagnose different diseases, high-dimensional and diverse data must be managed and processed, and 
because of this high-dimensional data, the overfitting and training time of the model also increases. One method 
for reducing the quantity of data features into a manageable collection is feature selection, which works by 
eliminating superfluous, pointless, and redundant traits that have no bearing on the performance of the classifier. 
To combat the dimensionality curse, many efficient feature selection techniques have recently been created. 
Therefore, the main objective of this research is to use a combination technique to enhance feature selection and 
classification, resulting in a better diagnosis of heart disease. In this paper, we have used filter and wrapper method 
features to maximise selecting relevant features in heart disease, and then different classification techniques are 
utilised.  
The residual of the paper is structured as follows: section 2, which contains related work; section 3, which covers 
the methodology utilised in this study; section 4, which contains the planned work; and section 5, which has the 
findings and related discussion. Section 6 concludes by outlining the conclusions and upcoming projects. 
 
2. Related Work 
 
Machine learning has a lot of difficulties when dealing with large dimensional datasets [12]. Weighting features 
decrease redundant data and processing time, which improves algorithm performance since the analysis of many 
features consumes a lot of memory and leads to overfitting [13–17]. Disorders in health management, genomic 
expression, medical images, and IoT are characterised by a small set of characteristics. Dimension reduction uses 
feature extraction to change and simplify data, whereas feature selection reduces the dataset by eliminating 
redundant traits [18]. The use of feature selection strategies to forecast heart disease was shown to be more 
accurate in the literature. 
Ritu et al. [13] developed a sequential attribute selection technique that would be able to pinpoint the most crucial 
factors and detect the mortality events in heart disease patients throughout therapy. They have used several 
machine learning methods like linear discriminant analysis, k-nearest neighbor, random forest, decision tree, and 
support vector machine, and the performance of the model was evaluated using performance metrics. It showed 
that the result obtained by random forest is 86.67%.  
Gao et al. [14] proposed a model for predicting cardiac disease. They have used the ensemble method and feature 
extraction methods, and additionally, the Cleveland heart disease dataset was utilised. The research' findings 
indicated that the bagging ensemble learning approach with DT and PCA produced superior outcomes to others. 
Takci [15] employed feature selection methods and classification algorithms from distinct categories to predict 
heart attacks. The models' accuracy, processing speed, and ROC analysis results were assessed. The outcome 
demonstrates that the maximum accuracy value was 82.59% without feature selection and 84.81% with feature 
selection. Naive Bayes and linear SVM were used to achieve a model accuracy of 84.81%. The ReliefF algorithm 
delivers the optimised results. A feature selection and ensemble classification technique were put out by Latha et 
al. [16] for the prediction of the risk of heart disease. The results of the study showed that ensemble approaches, 
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such as bagging and boosting, may accurately forecast the risk of acquiring heart disease and enhance the 
prediction accuracy of poor learners. Chi-square and principal component analysis were used to create a hybrid 
dimensionality reduction approach by Karen Garate-Escamila et al. [17]. They have chosen Hungarian, Cleveland, 
and Hungarian-Cleveland datasets for their work. Random forests, gradient-boosted trees, decision trees, 
multilayer perceptron, and logistic regression were used for further classification. With 98.7% accuracy for the 
Cleveland dataset, 99.0% accuracy for the Hungarian dataset, and 99.4% accuracy for the Cleveland-Hungarian 
(CH) dataset, chi-square and principal component analysis using random forests (RF) demonstrated the best 
accuracy. Principal component analysis, Chi-squared testing, ReliefF, and symmetrical uncertainty were used to 
suggest model which is authored by Spencer et al. [18]. The authors also discussed the advantages of selecting 
features used for the cardiac datasets. Semen et al. [19] constructed a method for diagnosing chronic renal illness. 
Recursive feature elimination was used to determine which characteristics were most important. K-nearest 
Neighbors (KNN), Support Vector Machine (SVM), Decision Tree (DT), and Random Forest were employed in 
this study as classification techniques. The model's effectiveness was also assessed, and they found that random 
forest achieved 100% accuracy. Almansour et al. [20] presented a model that can predict chronic kidney disease. 
They used the “UCI repository’s 400 instance dataset” for their research. Support vector machines and artificial 
neural networks were used as classifiers. The effectiveness of the classifiers is assessed using the best features 
and by calculating the model's training duration. 
The body of research demonstrates that classifier accuracy is increased by training them with relevant 
characteristics selected by various feature selection and feature extraction techniques. 
 
3. Methodology 
 
This section will provide ideas about the different methodologies that are used in this research work. The basics 
of feature selection and extraction techniques are described in the following sections. 
 
3.1 Features Selection 
 
Picking the right characteristics to attain the best classification outcome for the statistics is one of the most 
challenging challenges in the classification issue. Additionally, experimental data demonstrates that each attribute 
is required for correctly identifying the data class label. With the use of feature selection, models may be made 
simpler and more computationally efficient by selecting a subset of their original attributes. Filtering, wrapping, 
and embedding feature selection techniques are the three different types [21-23].  

 3.1.1.  Filtering methods 

Filtering processes employ indirect criteria to evaluate the accuracy of predictions or classifications, such as the 
distance measure, which illustrates how effectively the attributes are parted. Usually, a pre-processing phase is 
performed using this technique. 

 

 

 

Fig 1. Steps in Filter Method  

As shown in Figure 1, in the filter methods, various statistical tests are used to associate the characteristics, and 
those features are chosen based on their computed scores or weight values [24-32]. Different filtering technologies 
exist, some of which are described below. 

 Fisher Score 

 The Fisher Score is a technique for identifying the subset of features or attributes most crucial for classification 
problems. It uses generative statistical models and discriminative approaches to get the optimal features. The 
characteristics are chosen based on the rule that distances between attribute points fitting to the same cluster should 
be minimal, and those corresponding to other clusters should be substantial. According to their scores under the 
Fisher criterion, each feature is individually chosen by Fisher's Score, resulting in a suboptimal collection of 
features. Generally, the feature having higher fisher scores are selected. 

For binary classification, the fisher score (FS) of the ith feature is defined as 

Set of Features Best Feature 
subset

Learning 
Algorithm

Performance 
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FS=
    

            (2.1)                 

whereX ,  X ,var (Xi)(0) and var (Xi)(1), are the means of sample and variances of feature i, for the recurring 
patterns in each class. 

 Variance Threshold 

 In Variance Threshold, it eliminates all low variance characteristics which are not useful in the dataset. So, it can 
be applied to unsupervised learning since it only considers the characteristics (x), not the expected or target outputs 
(y). Only numerical data is suitable for the Variance Threshold. This approach eliminates characteristics with zero 
variance by default, and this technique assumes that characteristics with larger variations are more likely to contain 
information. 

 Mean absolute difference (MAD) 

This approach is comparable to the variance threshold method, except MAD does not use squares. This approach 
determines the mean absolute deviation from the mean. The mean absolute difference (MAD) is defined as 

MAD   ∑ |X X |       (2.2) 

Determines the absolute deviation from the mean. 

 Dispersion ratio 

The ratio of the geometric mean (GM) to the arithmetic mean (AM) for a particular feature is known as the 
dispersion ratio. For a specific characteristic, it has a value that goes from +1 to GM as AM. A higher dispersion 
ratio suggests a more important trait.  

 Exhaustive Feature Elimination 

In wide feature selection, every possible combination of the features in the data frame is used to assess how well 
a machine learning algorithm performs. Since it tests every possible combination of characteristics, the exhaustive 
search algorithm picks the best and the most avaricious of all the wrapping strategies. 

 Correlation 

The Correlation technique can be used to find the association between variables. If the features are strongly 
correlate with the target, then the correlation may be used to select features. Variables should also be uncorrelated 
among themselves while being associated with the target. We can anticipate one variable from another if the two 
are associated. So, if two characteristics are linked, the model only requires one feature as the other does not 
provide any new information. The degree to which two variables are linearly connected is expressed by a Pearson 
correlation, which ranges from -1 to 1.  

 Mutual Information Gain 

It can be performed on classification and regression. It works on the entropy of the variables. Positive values 
indicate that two random variables are interdependent, as measured by mutual information (MI). Greater 
dependency is shown by bigger numbers; dependence equals 0 only when two random variables are independent. 
The following definition identifies the mutual information between two random variables, A and B:                                                  

I A; B H A H A|B                                                                                  (2.3) 

Where I (A; B) is the mutual information for random variables A and B, H(A) is the entropy for A, and H(A|B) is 
the conditional entropy for A given B. The value of the result lies between zero and one. 

 Chi-Square 

In general, the categorical properties of a dataset are tested using the Chi-square method. Chi-square is used to 
analyse each feature's relevance to the target, and the desired number of attributes are then choosen according to 
the Chi-square scores. The dataset's observed values for several properties are contrasted with the expected value. 

X  ∑   

 
     (2.4) 
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3.1.2. Wrapper methods 

In wrapper approaches a subset of features throughout the different search phases using a search strategy and a 
learning mode, as shown in Fig. 2. Wrapper techniques often outperform filter methods in classification accuracy 
due to using a learning model. On the other hand, they have several drawbacks, including a large computational 
overhead and the potential for overfitting. Examples of common wrapper techniques are forward feature selection, 
backward feature removal, bidirectional feature elimination, and exhaustive feature selection. 

 

 

 

 

 

 

 

 

Fig. 2 Steps in Wrapper Methods 

 Forward feature selection 

It is a continuous process. The selecting process begins with a model devoid of any characteristics. Every iteration 
adds a new feature up until the point where the performance matrices of the model are unaffected by the adding 
of a new variable. 

 Backward feature removal 

Backward elimination helps the model perform better by starting with all the features and removing the least 
important one at a time. We keep doing this until we see no improvement when we remove features. 

 Bidirectional feature elimination (Step-wise selection) 

Similar to the forward selection, it also considers the applicability of recently additional features whenever a new 
attribute is induced. If any previously selected attributes are irrelevant, backwards selection simply eliminates that 
feature. As a result, it combines backward elimination with forward selection. 

 Exhaustive feature selection 

In this selection process, every possible combination of the dataset's characteristics is tested against the 
performance of a machine learning algorithm. The attribute subset with the best outcome is chosen. Since it tests 
every combination of characteristics and chooses the most efficient combination of the feature set, the exhaustive 
search algorithm is the most greedy among all of the wrapper approaches. Since it considers all attribute 
amalgamations, it could be more time consuming than the forward selection and backward selection technique. 

3.1.3  Embedded Methods  

 In the learning process, these techniques choose features, and learners are typically given these tasks. This model 
benefits from the strengths of the other models by using various assessment standards at various phases of the 
search process. Wrapper and filter functions are combined in embedded techniques. These techniques include 
built-in penalisation procedures to reduce overfitting, including some of the most well-known examples, LASSO 
and RIDGE regression. Lasso regression employs L1 regularisation, which introduces a penalty proportional to 
the absolute value of the degree of the coefficients. The penalty for L2 regularization, which is used in ridge 
regression, is inversely correlated with the square of the size of the coefficients. 

3.2. Feature Extraction 

The motive of this feature extraction technique is to build a new feature subspace by extracting or deriving data 
from the original feature set. Feature extraction's main purpose is to keep the most pertinent information while 
compressing the data. Similar to the feature selection approaches, these strategies are also replicate to minimise 
the count of attributes from the initial set of attributes to decrease model complexity, reduce model overfitting, 
increase the efficiency of model computation, and decrease generalisation error. There are several feature 
extraction methods, including the following. 

 

Set of all 
Features                                           

Generate a 
Subset of 
Features

Learning 
Algorithms Performance 

Selecting the Best Subset 
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3.2.1.    Principal component analysis 

A technique for decreasing the dimensionality of big data sets called principal component analysis, or PCA, 
involves condensing a great number of variables into a single smaller variable while keeping the majority of the 
data from the larger set. Accuracy always grieves when an acquired group or set has fewer variables, However, 
dimensionality reduction seeks to simplify while sacrificing some accuracy. Smaller data sets simplify and 
accelerate the analysis process for machine learning or prediction systems. without unnecessary variables because 
they are easy to inspect and visualise. PCA's major objective is to maintain as much information as feasible while 
minimising the number of variables used to obtain data. Initially, all the variables are standardised to transform 
into the same scale. Next, the covariance matrix is calculated to determine the variables' correlation. If the 
correlation is positive, both variables are positively correlated, so both can increase or decrease together. But if 
the correlation is negative, both variables are inversely correlated. In the next step, find the covariance matrix's 
eigenvalues and eigenvectors are determined. The data is then recast along the axes of the principal components 
after determining which main components to keep using a feature vector. 

3.2.2. Linear Discriminant Analysis 

Supervised classification uses linear discriminant analysis, sometimes referred to as normal discriminant analysis 
or discriminant function analysis. It as a dimension-reduction technique. It simulates group distinctions like 
dividing two or more classes. In order to project qualities from higher dimensions onto lower ones, this technique 
is utilised. For example, we have two classes that must be efficiently separated. Classes can have numerous 
characteristics, and using only one trait to categorise them may result in some overlapping. So, for correct 
classification, we need to increase the number of attributes. The creation of a novel axis is based on two ideas. (i) 
Increase the gap between the mean of the two classes. (ii) Reduce variation within each class. Linear Discriminant 
Analysis (LDA) is unable to find a new axis that makes both classes linearly separable when the distributions' 
common mean exists. Non-linear discriminant analysis is utilised in these situations. 

This reviewed literature of research papers and different methodologies available for feature selection and 
extraction techniques provided the basic background for developing a model to categorize the nature of cardio 
vascular disease more efficiently. The significant proposed model and algorithm are given in Fig. 3 and 4 using 
different feature selection and extraction techniques. 

4. Proposed Work 

In proposed model incorporates many phases. In proposed model incorporates many phases. Initially, we collected 
the heart disease Cleveland dataset, as shown in Table 1, which consists of 14 attributes and 303 individual heart 
disease records. This dataset contains two classes. If the disease is present, it is labelled with 1 and if the disease 
is absent, it is labelled with 0. To pre-process the data, we have normalised the data, and missing values are 
replaced with 0. As this dataset is highly imbalanced, it may hamper the precision of predictive learning algorithms 
and lead to ignoring the minority class. So, to avoid this problem, resample the dataset randomly. There are two 
approaches to resample the dataset. Oversampling, or increasing the sample size in the minority class, is one of 
the approaches. The second is known as under sampling which involves reducing the sample size in the majority 
class. After this phase, the next is to use feature selection or feature extraction techniques. The feature selection 
process will be helpful in finding the most advantageous combination of the existing characteristics automatically. 
Similarly, Feature extraction is a dimension-reduction process that will lessen the number of attributes by creating 
a new extended attribute compared to the selected one. In both cases, we can improve the accuracy, speed up the 
training process and reduce the overfitting risk. We have used filter and wrapper methods in this proposed work 
as feature selection. PCA and LDA are used as feature extraction techniques. After feature selection and feature 
extraction is performed, a large number of feature subsets are found. However, because all of the feature subsets 
are irrelevant, the final feature subset is chosen based on performance. Further, we have used different traditional 
classifiers like Logistic Regression, Naive Bayes, Random Forest, Extreme gradient boost, K-Nearest Neighbour, 
Decision Tree, and Support vector classifier on a subset of chosen features to categorise the existence or absence 
of cardiac disease in that particular subgroup. Finally, the performance matrix in terms of accuracy, precision, 
recall, and F1 score is calculated for each individual classifier. Fig. 4 outlines the suggested model's elaborate 
construction. 
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Fig. 3. A detailed architecture of the proposed model 
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Fig. 4. The proposed algorithm 

 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

                     
Table 1. Data set Description 

 
 
 
 
 

Attribute 
No. 

Attribute Description Attribute Specification 

0 Age age (in years)  
1 Sex Sex 1=male,0=female 
2 Cp Subsections of the chest discomfort Value 1: typical angina 

Value 2: atypical angina 
Value 3: non-anginal pain 
Value 4: asymptomatic 
 

3 Trestbps Blood pressure at rest (in mmHg)  
4 Chol Cholestoral including HDL & LDL (in 

mg/dl) 
 

5 Fbs fasting blood sugar >120 mg/dl 1=true; 0=false 
6 Restecg Resting electrocardiographic results 0=normal 1=having ST-T wave 

abnormality 
2=left ventricular hypertrophy 

7 Thalach attainment of the highest pulse rate  
8 Exang Exercise induced angina   
9 Oldpeak ST depression induced by exercise 

relative to rest 
 

10 Slope The slope of the peak exercise ST 
segment 

1=upsloping, 2=flat, 3=downsloping 

11 Ca Number of major vessels  
12 Thal Flaw types 3= normal 
13 Num Final diagnosis Value 0: <50% diameter narrowing 

(Normal) 
Value 1: >50% diameter narrowing 
(Patient) 

1. Input: Original Dataset with n number of features. 
2. Pre-processed and normalised the dataset. 
3. Balance the dataset using over sampling and under sampling methods. 
4. For each n number of features in both balanced and unbalanced datasets (only pre-

processed and normalised), do 
While (each filter and wrapper method not evaluated) 

Apply feature selection techniques to each feature column evaluation. 
Calculate each feature's weight or score. 
Use machine learning classifiers to assess each feature selection 
technique on the selected features after choosing the top features 
based on weight/score. 

Calculate the F1 score, Accuracy, Precision, and Recall. 
End While 

  End For 
5. For each n number of features in balanced and unbalanced datasets use feature 

extraction PCA and LDA 
Apply machine learning classifiers on selected features and calculate 
Accuracy, Precision, Recall and F1 score 

   End For 
6. Select the Top three methods based on accuracy and return significant feature 

subsets in both balanced and unbalanced (only pre-processed and normalised). 
7. Output: Significant feature subsets and their performances in terms of accuracy, 

precision, recall and F1 score. 
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5. Result and Discussion 

Utilizing the Cleveland Clinic Heart Disease Dataset, which is available on the site Cleveland Clinic Heart Disease 
Dataset | Kaggle, we assessed the performance of the suggested model. Further various experimental research are 
executed in the Google Colab environment. In this regard, the splitting ratio of the training and testing set is set 
to be 80:20. Different filter methods like dropping constant, correlation, mutual information classification, mutual 
information regression, chi-square, fisher score, variance threshold, mean absolute difference, and dispersion ratio 
are used to perform feature selection. For feature selection, wrapper techniques like the forward, backward, 
bidirectional, and exhaustive types are employed. Principal component analysis (PCA) and linear discriminant 
analysis (LDA) were utilised for feature extraction. Further the exhaustive analysis was performed on seven 
machine learning classifiers Logistic Regression (LR), Naïve Bayes (NB), Random Forest (RF), Extreme Gradient 
Boost (XGB), K-Nearest Neighbour (KNN), Decision Tree (DT) and Support Vector Classifier (SVC). 

In this research, we have considered balanced (both over-sampling and under-sampling) and unbalanced datasets 
for the experiment. We found that most of the classifiers' performance is better in the under-sampling dataset. So 
in this section, we have focused only on the results related to the under-sampling dataset. Table 2 depicts the 
resultant performance for the filter methods considering the under-sampling dataset. The evidence indicates that 
the SVM shows a high accuracy of 88.82 with the fisher score feature selection method. Similarly the respective 
performance of feature extraction techniques PCA, LDA and wrapper methods are being represented in table 3 
and 4. In table 3, the k-nearest neighbor with LDA feature extraction shows an accuracy of 93.44.  

Filter 
Methods 

Performance  
Evaluation 
Metrics 

LR NB RF XGB KNN DT SVC 

Dropping 
Constant 

Accuracy 85.25 83.61 85.25 85.25 85.25 73.77 85.25 
Precision 0.85 

0.86 
0.84 
0.83 

0.82 
0.88 

0.85 
0.86 

0.82 
0.88 

0.68 
0.80 

0.80 
0.90 

Recall 0.81 
0.88 

0.78 
0.88 

0.85 
0.85 

0.81 
0.88 

0.85 
0.85 

0.78 
0.71 

0.89 
0.82 

F1 Scores 0.83 
0.87 

0.81 
0.86 

0.84 
0.87 

0.83 
0.87 

0.84 
0.87 

0.72 
0.75 

0.84 
0.86 

Correlation Accuracy 83.61 81.97 86.86 83.61 86.89 77.05 83.61 
Precision 0.84 

0.83 
0.81 
0.83 

0.83 
0.91 

0.84 
0.83 

0.85 
0.88 

0.71 
0.83 

0.79 
0.88 

Recall 0.78 
0.88 

0.78 
0.85 

0.89 
0.85 

0.78 
0.88 

0.85 
0.88 

0.81 
0.74 

0.85 
0.82 

F1 Scores 0.81 
0.86 

0.79 
0.84 

0.86 
0.88 

0.81 
0.86 

0.85 
0.88 

0.76 
0.78 

0.82 
0.85 

Mutual 
Information 
Classification 

Accuracy 85.25 85.25 88.52 83.61 88.52 73.77 81.97 
Precision 0.85 

0.86 
0.82 
0.88 

0.88 
0.89 

0.87 
0.82 

0.86 
0.91 

0.67 
0.82 

0.81 
0.83 

Recall 0.81 
0.88 

0.85 
0.85 

0.85 
0.91 

0.74 
0.91 

0.89 
0.88 

0.81 
0.68 

0.78 
0.85 

F1 Scores 0.83 
0.87 

0.84 
0.87 

0.87 
0.90 

0.80 
0.86 

0.87 
0.90 

0.73 
0.74 

0.79 
0.84 

Mutual 
Information 
Regression 

Accuracy 85.25 83.61 85.25 88.52 85.25 78.69 85.25 
Precision 0.85 

0.86 
0.84 
0.83 

0.85 
0.86 

0.88 
0.89 

0.85 
0.86 

0.73 
0.84 

0.85 
0.86 

Recall 0.81 
0.88 

0.78 
0.88 

0.81 
0.88 

0.85 
0.91 

0.81 
0.88 

0.81 
0.76 

0.81 
0.88 

F1 Scores 0.83 
0.87 

0.81 
0.86 

0.83 
0.87 

0.87 
0.90 

0.83 
0.87 

0.77 
0.80 

0.83 
0.87 

Chi-Square Accuracy 70.33 78.69 77.04 81.97 77.05 73.77 72.13 
Precision 0.78 

0.82 
0.77 
0.80 

0.74 
0.79 

0.83 
0.81 

0.71 
0.83 

0.72 
0.75 

0.67 
0.77 

Recall 0.78 
0.82 

0.74 
0.82 

0.74 
0.79 

0.74 
0.88 

0.81 
0.74 

0.67 
0.79 

0.74 
0.71 

F1 Scores 0.78 
0.82 

0.75 
0.81 

0.74 
0.79 

0.78 
0.85 

0.76 
0.78 

0.69 
0.77 

0.70 
0.74 

Fisher Score Accuracy 86.89 85.25 86.89 85.25 86.89 73.77 88.82 
Precision 0.88 

0.86 
0.88 
0.84 

0.85 
0.88 

0.85 
0.86 

0.85 
0.88 

0.69 
0.78 

0.86 
0.91 

Recall 0.81 
0.91 

0.78 
0.91 

0.85 
0.88 

0.81 
0.88 

0.85 
0.88 

0.74 
0.74 

0.89 
0.88 

F1 Scores 0.85 
0.89 

0.82 
0.87 

0.85 
0.88 

0.83 
0.87 

0.85 
0.88 

0.71 
0.76 

0.87 
0.90 

Variance 
Threshold 

Accuracy 86.89 85.25 83.61 85.25 85.25 78.69 88.52 
Precision 0.88 0.88 0.79 0.85 0.82 0.75 0.86 
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0.86 0.84 0.88 0.86 0.88 0.82 0.91 
Recall 0.81 

0.91 
0.78 
0.91 

0.85 
0.82 

0.81 
0.88 

0.88 
0.85 

0.78 
0.79 

0.89 
0.88 

F1 Scores 0.85 
0.89 

0.82 
0.87 

0.82 
0.85 

0.83 
0.87 

0.84 
0.87 

0.76 
0.81 

0.87 
0.90 

Mean 
Absolute 
Difference 

Accuracy 86.89 85.25 83.61 85.25 85.25 77.05 88.52 
Precision 0.88 

0.86 
0.88 
0.84 

0.79 
0.88 

0.85 
0.86 

0.82 
0.88 

0.71 
0.83 

0.86 
0.91 

Recall 0.81 
0.91 

0.78 
0.91 

0.85 
0.82 

0.81 
0.88 

0.85 
0.85 

0.81 
0.74 

0.89 
0.88 

F1 Scores 0.85 
0.89 

0.82 
0.87 

0.82 
0.85 

0.83 
0.87 

0.84 
0.87 

0.76 
0.78 

0.87 
0.90 

Dispersion 
Ratio 

Accuracy 86.89 85.25 83.61 85.25 85.25 77.05 88.52 
Precision 0.88 

0.86 
0.88 
0.84 

0.79 
0.88 

0.85 
0.86 

0.82 
0.88 

0.71 
0.83 

0.86 
0.91 

Recall 0.81 
0.91 

0.78 
0.91 

0.85 
0.82 

0.81 
0.88 

0.85 
0.85 

0.81 
0.74 

0.89 
0.88 

F1 Scores 0.85 
0.89 

0.82 
0.87 

0.82 
0.85 

0.83 
0.87 

0.84 
0.87 

0.76 
0.78 

0.87 
0.90 

 

Table 2. Performance of Feature Selection (Filter methods) in Under-Sampling dataset 

 

Feature 
Extraction 
Techniques 

Performance  
Evaluation 

Metrics 

LR NB RF XGB KNN DT SVM 

LDA Accuracy 91.8 91.8 88.52 91.8 93.44 86.88 91.8 
Precision 0.89 

0.94 
0.89 
0,94 

0.88 
0.89 

0.96 
0.89 

0.93 
0.94 

0.85 
0.88 

0.89 
0.94 

Recall 0.93 
0.91 

0.93 
0.91 

0.85 
0.91 

0.85 
0.97 

0.93 
0.94 

0.85 
0.88 

0.93 
0.91 

F1 Scores 0.91 
0.93 

0.91 
0.93 

0.87 
0.90 

0.90 
0.93 

0.93 
0.94 

0.85 
0.88 

0.91 
0.93 

PCA Accuracy 80.33 78.69 80.33 85.25 78.69 78.69 80.33 
Precision 0.78 

0.82 
0.77 
0.80 

0.76 
0.84 

0.88 
0.84 

0.73 
0.84 

0.77 
0.80 

0.80 
0.81 

Recall 0.78 
0.82 

0.74 
0.82 

0.81 
0.79 

0.78 
0.91 

0.81 
0.76 

0.74 
0.82 

0.74 
0.85 

F1 Scores 0.78 
0.82 

0.75 
0.81 

0.79 
0.82 

0.82 
0.87 

0.77 
0.80 

0.75 
0.81 

0.77 
0.83 

 

Table 3. Performance of Feature Extraction (LDA and PCA) in Under Sampling 

 

Table 4. Performance of Wrapper Methods in the under-sampling dataset 

Wrapper 
Methods 

Performance  
Evaluation 

Metrics 

LR NB RF XGB KNN DT SVC 

Forward Accuracy 83.78 84.68 95.95 90.09 92.34 98.2 95.5 
Precision 0.85 0.84 0.96 0.86 1.00 0.99 0.95 

Recall 0.90 0.89 0.97 0.92 0.84 0.99 0.96 

F1 Score 0.84 0.84 0.96 0.89 0.92 0.98 0.96 

Backword Accuracy 85.58 84.68 96.4 88.74 93.24 98.2 95.95 

Precision 0.85 0.83 0.95 0.86 1.00 0.99 0.95 

Recall 0.90 0.90 0.99 0.93 0.85 1.00 0.96 

F1 Score 0.85 0.85 0.96 0.89 0.93 0.98 0.96 

Bidirectional Accuracy 85.58 85.58 96.4 89.19 93.69 98.2 95.95 
Precision 0.85 0.85 0.96 0.88 1.00 0.99 0.95 

Recall 0.90 0.90 0.99 0.94 0.87 1.00 0.97 

F1 Score 0.86 0.85 0.96 0.89 0.93 0.98 0.96 

Exhaustive Accuracy 78.69 78.69 83.61 85.25 80.33 73.77 77.05 

Precision 0.84 0.82 0.85 0.90 0.87 0.82 0.81 

Recall 0.7676 0.79 0.85 0.82 0.76 0.68 0.76 

F1 Score 0.80 0.81 0.85 0.86 0.81 0.74 0.79 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 S. Das et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2022/v13i6/221306116 Vol. 13 No. 6 Nov-Dec 2022 1914



 

 

As shown in Table 4, the accuracy of decision tree (DT), random forest (RF) and support vector classifier (SVC) 
are the top three classifiers that show maximum accuracy among others. DT with forward, backward and 
bidirectional feature selections are the highest accuracy 98.2. In a significant comparison, the accuracy of our 
proposed model is found to be better than the recent studies [33] and [34], which were 88.52 and 85.8, respectively. 

A detailed performance of machine learning classifiers (LR, NB, RF, XGB, KNN, DT and SVC) with wrapper 
methods is shown in the Fig. 5.  According to Fig. 6, the most significant features subset using forward selection 
and DT is (0, 1, 2, 3, 4, 6, 7, 10, 11, 12) that represents the features “age”, “sex”, “cp”, “trestbps”, “chol”, “restecg”, 
“thalach”, “slop”, “ca”, “thal” for predicting cardiovascular disease which is showing the accuracy of 98.2. 
Similarly, DT with bidirectional features selection subset is (0, 1, 2, 3, 4, 7, 8, 9, 11) i.e. “age”, “sex”, “cp”, 
“trestbps”, “chol”, “thalach”, “exang”, “oldpeak”, “ca” which is showing same accuracy 98.2 as depicted in Fig. 
7. Fig. 8 demonstrates the relevant features subset considering backward feature selection and DT is again (0, 1, 
2, 3, 4, 7, 8, 9, 11) i.e. “age”, “sex”, “cp”, “trestbps”, “chol”, “thalach”, “exang”, “oldpeak”, “ca”. Similarly, the 
significant feature subset in the case of RF and SVC using different wrapper methods are shown in Fig. 9 to 14. 

As we conclude feature selection using forward, backward, and bidirectional, showing the highest accuracy, 
further different error calculation functions have been taken into account. We have considered five loss functions: 
mean absolute error (MAE), mean squared error (MSE), root mean squared error (RMSE), mean squared 
logarithmic error (MSLE) and log loss error (LLE). The anticipated lesser number for error demonstrates the 
model's improved correctness. Table 5 includes a detailed analysis of the wrapper feature selection with different 
classifiers. 

 

 

Fig. 5. Performance of machine learning classifiers in wrapper methods in the under-sampling in terms of accuracy. 
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Fig. 6. Performance of feature subset (0, 1, 2, 3, 4, 6, 7, 10, 11, 12) i.e “age”, “sex”, “cp”, “trestbps”, “chol”, “restecg”, “thalach”, “slop”, 
“ca”, “thal” for DT using forward selection method. 

 

 

 

 

Fig. 7. The performance of features subset (0, 1, 2, 3, 4, 7, 8, 9, 11) i.e. “age”, “sex”, “cp”, “trestbps”, “chol”, “thalach”, “exang”, “oldpeak”, 
“ca” for DT using bidirectional selection method. 
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Fig. 8. The performance of the feature subset (0, 1, 2, 3, 4, 7, 8, 9, 11) i.e “age”, “sex”, “cp”, “trestbps”, “chol”, “thalach”, “exang”, 
“oldpeak”, “ca” for DT using backword selection method. 

 

 

 

 

Fig. 9. The performance of features subset (0, 2, 3, 5, 7, 10, 11, 12) i.e. “age”, “cp”, “trestbps”, “fbs”, “thalach”, “slope”, “ca”, “thal” for RF 
using forward selection method. 
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Fig. 10. The performance of features subset (0, 2, 3, 4, 5, 6, 7, 9, 10, 11) i.e. “age”, “cp”, “trestbps”, “chol”, “fbs”, “restecg”, “thalach”, 
“oldpeak”, “slope”, “ca” for RF using bidirectional selection method. 

 

 

 

 

Fig. 11. The performance of features subset (0, 2, 3, 4, 5, 6, 7, 9, 10, 11) i.e. “age”, “cp”, “trestbps”, “chol”, “fbs”, “restecg”, “thalach”, 
“oldpeak”, “slope”, “ca” for RF using backward selection method. 
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Fig. 12. The performance of features subset (0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12) i.e “age”, “sex”, “cp”, “trestbps”, “chol”, “fbs”, “restecg”, 

“thalach”, “exang”, “oldpeak”, “slope”, “ca”, “thal” for SVC using forward selection method. 

 
 

 

 

Fig. 13. The performance of features subset (0, 1, 2, 3, 4, 5, 8, 10, 11, 12) i.e. “age”, “sex”, “cp”, “trestbps”, “chol”, “fbs”, “exang”, “slope”, 
“ca”, “thal” for SVC using bidirectional selection method. 
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Figure 14. The performance of features subset (0, 1, 2, 3, 4, 5, 8, 10, 11, 12) i.e. “age”, “sex”, “cp”, “trestbps”, “chol”, “fbs”, “exang”, 
“slope”, “ca”, “thal” for SVC using backword selection method 

 

 

Table 5. Error Calculation of different classifiers using MAE, MSE, RMSE, MSLE and LLE 

 

6. Conclusion 

In this research work, we contemplated at how feature extraction and selection affected the precision of 
cardiovascular disease. The Cleveland heart disease dataset from Kaggle is being used as the beam in the analysis. 

Loss 
Functio
n 

Feature 
selection 
methods 

LR NB RF XGB KNN DT SVC 

MAE Forward 
0.162162 0.153153 0.040541 0.099099 0.076577 0.018018 0.045045 

Bidirectional 
0.144144 0.144144 0.036036 0.108108 0.063063 0.018018 0.040541 

Backword 
0.144144 0.153153 0.036036 0.112613 0.067568 0.018018 0.040541 

Exhaustive 
0.213115 0.213115 0.163934 0.147541 0.196721 0.262295 0.229508 

MSE 
 

Forward 0.162162 0.153153 0.040541 0.099099 0.076577 0.018018 0.045045 
Bidirectional 

0.144144 0.144144 0.036036 0.108108 0.063063 0.018018 0.040541 
Backword 

0.144144 0.153153 0.036036 0.112613 0.067568 0.018018 0.040541 
Exhaustive 

0.213115 0.213115 0.163934 0.147541 0.196721 0.262295 0.229508 
RMSE Forward 

0.402694 0.391348 0.201347 0.3148 0.276725 0.134231 0.212238 
Bidirectional 

0.379663 0.379663 0.189832 0.328798 0.251124 0.134231 0.201347 
Backword 

0.379663 0.391348 0.189832 0.335578 0.259938 0.134231 0.201347 
Exhaustive 0.461644 0.461644 0.404888 0.384111 0.443533 0.512148 0.47907 

MSLE Forward 0.077911 0.073583 0.019478 0.054105 0.036791 0.008657 0.019478 
Bidirectional 

0.069254 0.069254 0.017314 0.051941 0.030299 0.008657 0.019478 
Backword 

0.069254 0.073583 0.017314 0.054105 0.032463 0.008657 0.019478 
Exhaustive 

0.102392 0.102392 0.078763 0.070887 0.094515 0.12602 0.110268 
LLE Forward 

0.342498 0.431593 0.207223 0.626798 0.121769 0.041288 0.201427 
Bidirectional 

0.342498 0.419381 0.202916 0.626798 0.112402 0.029692 0.201559 
Backword 

0.342498 0.419381 0.202916 0.626798 0.112402 0.029692 0.19362 
Exhaustive 

7.360788 7.360801 5.66216 5.095924 6.794566 9.059417 7.927011 
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Experiments were performed on balanced and unbalanced datasets with feature selection (filter and wrapper 
methods) and feature extraction techniques. In filter methods dropping constant, correlation, mutual information 
classification, mutual information regression, chi-square, fisher score, variance threshold, mean absolute 
difference, and dispersion ratio are used. Similarly, in the case of wrapper methods, forward, backward, 
bidirectional, and exhaustive methods are employed for the attribute selection. Correspondingly, principal 
component analysis (PCA) and linear discriminant analysis (LDA) have been utilised for attribute extraction. The 
analysis was performed on seven machine learning classifiers. The decision tree (DT) shows a higher accuracy 
98.2 in the case of forward, backward, and bidirectional feature selection techniques among other classifiers, and 
finally compared with other recent works. 
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