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Abstract
Among the most life-threatening diseases in the world is the cardiovascular disease and detection of such disease at an appropriate time and with the right diagnosis is crucial in reducing the risks of such disease in the clinical setting and increase the chance for positive results in the patients. In cardiac diagnosis, information regarding electrical activity of the heart can be collected at a standard way, which is the Electrocardiogram (ECG) signals and collected from the surface of the body without invasiveness. But, the detection of this using the ECG is prone to noise in ECG, irrelevant features, class imbalance and poor selection of model parameters. The problems can affect the correctness of automation in the diagnosis. This study is to design hybrid Particle Swarm Optimization (PSO) Approach with Genetic Algorithm (GA) for detection of cardiac disease using ECG. For this purpose, PSO–GA algorithm is introduced for feature selection and to optimize the performance of the classifiers. Particle Swarm Optimization and Genetic Algorithm can be used to rapidly traverse the entire world and diversify the solutions through selection, crossover and mutation. Three machine learning classifiers Support Vector Machine, Random Forest and AdaBoost are used for the classification of the optimized subset of features. The benchmark datasets: MIT-BIH Arrhythmia and PTB-XL are just used for the purpose of testing the model in different cases of ECG classification. A wide range of experimental results distinctly shows that it is better to use the PSO–GA based optimized classifiers as compared to all the non-optimized classifiers. Among the three classifiers, Random Forest with PSO – GA could achieve the highest accuracy score and F1 score with both the data sets. 
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Introduction
Heart disease is a very serious problem and worldwide. They encompass numerous conditions that affect the heart including arrhythmia, coronary artery disease, myocardial infarction, heart failure and all types of heart function abnormalities. It is important to get an early diagnosis of these conditions as many cardiac conditions can be effectively managed if diagnosed at an early stage. [1] [2].
The most frequently used signal for detecting cardiac abnormalities is that of an electrocardiogram (ECG). ECG provides helpful information about the rhythm, conduction and structural abnormality of the heart and records the electrical signals of the heart. Doctors use the differences in the QRS complex, ST segment deviation and other diagnostics' indicators to identify irregular heartbeats and their duration. ECG is commonly adopted because it is non-invasive, inexpensive, easily available, in hospital, clinics, emergency centres and even as wearables [4].
Although the ECG can be helpful, it's not always easy to understand. Manual analysis is dependent on their expertise – in other words, relies on the expertise of the cardiologist or trained medical staff. 
The development of machine learning is going to be a decent answer to the problem of automatic diagnosis of cardiac diseases by means of an ECG. These characteristics of ECG can be the input to train some machine learning model which can detect the pattern and classify the ECG as normal or abnormal. Some of the classifiers like AdaBoost, Random Forest and Support Vector Machine (SVM) have been shown to have good performance in biomedical classifications. 
Large number of optimization algorithms are available for performing feature selection and tuning parameters. Of them, Particle Swarm Optimization (PSO) and Genetic Algorithm (GA) are well known nature inspired optimization techniques. 
In this study PSO-GA hybrid optimization framework is proposed for the detection of cardiac disease of ECG. In this framework only PSO– GA is used for feature selection/optimization. Optimisation algorithms with other than this one are not included. Optimized feature subset is classified by using SVM, Random Forest and AdaBoost. Only two datasets namely MIT-BIH Arrhythmia and PTB-XL are tested for the model. The selection of these data sets is because they are widely used data sets in the study of ECG classification in the various state of cardiac signals. In this paper, the main aim is to enhance the accuracy of cardiac disease detection by using the hybrid feature optimization with classical machine learning classifiers. The objective of the proposed frame work is to process the dimensionality reduction, feature reduction, increase classification accuracy and decrease the computation complexity for ECG features. The key points of this study are: Different types of PSO and GA hybrid feature optimisation approach had been proposed for ECG classification; Optimised features had been used to train SVM, Random Forest and AdaBoost algorithms and results were compared; Only two datasets (MIT-BIH and PTB-XL) have been used to present the results; Classifier models trained with optimised features had revealed that Random Forest can produce good classification performance for detection of diseases with ECG.

Methodology
The purpose of this study's methodology is to build an optimized machine learning framework to detect cardiac diseases using the ECG signal. The proposed process framework consists of six basic sections: Section 1: Dataset Selection section, Section 2: ECG Pre-processing section, Section 3: Feature Extraction section, Section 4: Hybrid Phase (PSO and GA) for Optimizing the Features with these two algorithms, Section 5: Classification (SVM, Random Forest and AdaBoost) and finally Section 6: Performance Evaluation section. The whole procedure aims to ensure that the ECG signals are cleaned, relevant features are extracted and the redundant features are discarded, trained classifiers on optimized feature sets.
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Figure 1: Framework for cardiac arrest detection

1. Dataset Selection
This study selected only two ECG datasets which are PTB-XL database, and the MIT-BIH Arrhythmia database. MIT-BIH Arrhythmia dataset is one of the most popular heartbeat and arrhythmia classification datasets. This is a library of patients' ECGs with annotations for each of the arrhythmias. These will include snippets from the ECG signals, the expert annotations, and will be suitable for supervised classification. Other datasets, like Cleveland Heart Disease the result analysis is not construed.

2. ECG Signal Preprocessing
This is because, the raw ECGs are susceptible to noises and artifacts, which have to be removed from the raw signals at the time of conversion by a method known as ECG preprocessing. The above unwanted disturbances can adversely affect the feature extraction and classification accuracy. The processing phase should be used to enhance the quality of signals prior to extracting diagnostic features.
Firstly, the trend of the baseline is corrected. Secondly, there is less interference from power lines. Adopting a notch or proper domain filtering technique can result in a minimized interference. Thirdly, it filters out noise from the high frequencies and muscle activity. These artifacts can occur when the muscle moves, or when people move outside the machine. Signal smoothing and Wavelet denoising method techniques can be used to mitigate unwanted noise with retaining the shape of ECG waveform.
Then signals are normalized. Normalization is required to adjust the input of ECG into a fixed range to overcome the variation in the amplitude of different ECG to a learning process. This is particularly important if mixing up a number of things from different recordings. Finally, the process of beat segmentation is done.

3. Feature Extraction
After preprocessing, the features of ECG are extracted for each segment of the ECG. The features that are extracted, translate the raw Electrocardiogram signals to a numerical signal which are further to be fed to the machine learning classifiers. There are features of time domain, statistical domain and frequency domain which are applied in this study.
These features can be helpful as some cardiac abnormalities can result in changes in the spectral characteristics. Frequency Domain data can be Power Spectral Density (PSD), Dominant Frequency and Band Power. The use of feature extraction can include some useful, redundant and irrelevant features. Hence the use of feature selection to be carried out before classification.

4. PSO–GA Hybrid Optimization
The PSO–GA hybrid optimization algorithm is the main part of the proposed methodology. These algorithms are used for the appropriate feature selection from the ECG and improvement of the performance of the classifiers. In this study, consideration is given to only PSO–GA hybrid optimization.
The hybrid method PSO – GA continues till they satisfy the stop criteria. Stopping criterion could be after a certain number of iterations have elapsed, or when a significant increase in the fitness value is not being achieved. Finally, PSO–GA discovered the optimal subset of features which is used to train the final classifiers.
Therefore, the PSO–GA hybrid algorithm adopts the following objective function, in order to obtain better classification performance with less number of features. 

5. Classification Models
Three classifiers namely Support Vector Machine (SVM), Random Forest (RF) and AdaBoost are used in this study.
Random Forest is an ensemble technique, where multiple classifiers are created and the results of those classifiers are combined together to obtain the combined result. Does not overfit and works well even when there are complicated interactions between features. Random Forest removes noisy features with greater efficiency as compared to many classifiers.
Then, each classifier is trained individually twice with features extracted and with PSO–GA optimized features. This allows for direct model comparison of models that are not optimized and optimized models.

6. Evaluation Metrics
Accuracy, precision, recall, F1-score, ROC-AUC and computational time are used to measure the performance of the proposed framework. The percentage of right predictions out of all predictions is the accuracy. Precision – proportion of ‘true' cases that were correctly predicted. Recall: Recalls all the positive cases that are actually present. F1 score weighs both precision and recall and is crucial when dealing with imbalanced data sets in the case of ECG. ROC-AUC is helpful to check the distinction differentiating capacities between classes. Practicality is also considered and the running time is also assessed.

Results and Analysis
The proposed PSO–GA optimized machine learning framework was tested with two ECG datasets (the MIT-BIH Arrhythmia and the PTB-XL). The result analysis is primarily carried out for the comparison of before and after the PSO–GA optimized SVM, Random Forest and Ada Boost classifiers. Adding feature optimization, as seen from the results, helps to improve the performance of classification on both the datasets.

1. Experimental Setup
The experimental procedure began from a preliminary step of preprocessing of ECG signals and then moving to the step of extracting features. The obtained features are then fed to PSO-GA hybrid optimization approach. The classifiers SVM, Random Forest and AdaBoost classifiers are trained using the top k features. In the same way, each one of these classifiers is trained without PSO–GA training process for comparison.
Accuracy, precision, recall and F1-score are used to evaluate the performance. These measures suggest a more equitable implication in the accuracy in which the model is able to detect cardiac abnormalities. There may be class imbalance problems with the data sets related to ECG, but F1-score is still important.

Table 1- MIT-BIH Dataset Results
	Classifier
	Optimization
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-score (%)

	SVM
	Without PSO–GA
	91.8
	90.6
	89.7
	90.1

	SVM
	With PSO–GA
	95.4
	94.8
	94.1
	94.4

	Random Forest
	Without PSO–GA
	93.2
	92.4
	91.8
	92.1

	Random Forest
	With PSO–GA
	97.1
	96.5
	96.2
	96.3

	AdaBoost
	Without PSO–GA
	90.7
	89.8
	88.9
	89.3

	AdaBoost
	With PSO–GA
	94.6
	93.9
	93.4
	93.6



The best performance was obtained by the Random Forest method on MIT-BIH. Random Forest, The PSO–GA optimized results of accuracy and F1-Score were 97.1% and 96.3% respectively. This indicates that the Random Forest could be greatly enhanced by using feature selection as trees do not have irrelevant features.

Table 2-  PTB-XL Dataset Results
	Classifier
	Optimization
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-score (%)

	SVM
	Without PSO–GA
	89.6
	88.9
	87.8
	88.3

	SVM
	With PSO–GA
	93.8
	93.1
	92.4
	92.7

	Random Forest
	Without PSO–GA
	91.4
	90.7
	90.1
	90.4

	Random Forest
	With PSO–GA
	95.9
	95.2
	94.8
	95.0

	AdaBoost
	Without PSO–GA
	88.7
	87.9
	87.1
	87.5

	AdaBoost
	With PSO–GA
	92.9
	92.1
	91.6
	91.8



There is some loss of performance over PTB-XL since it is a more diverse and heterogeneous database with more conditions included in the ECG data set. 
In terms of the value of performance, once again, Random Forest was the best. Its accuracy improved from 91.4% to 95.9%, and F1-score improved from 90.4% to 95.0%. These further confirmed that there was a potent ability of PSO–GA enhanced Random Forest in accurately classifying the ECG in both the datasets.
Random Forest was best because, it can model the non-linear relationships and the interaction between various features. However, SVM has also been found to perform well especially after being optimized. The results of AdaBoost showed good improvement in all the repeated runs but not significant enough, possibly because AdaBoost is sensitive to noisy samples. All classifiers of both data sets were improved in overall by the PSO–GA hybrid algorithm. This will provide the certainty that the hybrid optimisation technique, is useful in detecting cardiac diseases through the ECG.

Conclusion 
A hybrid optimization framework based on PSO – GA technique was proposed here which is a combination of PSO – GA based cardiac disease detection from ECG. The study has certified the evidence that the hybridization (combining intuition and machine learning traditional models) can be useful in improving the capability of conventional machine learning models in detecting cardiac diseases. Overall the proposed framework herein is simple, efficient and also can easily be extended to future use of clinical decision-support systems. Future testing on large real-time ECG data and wearable health care gadgets as well as future validation with real-world clinical data (patient level) is possible.
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