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Abstract

:

An automatic electrocardiogram (ECG) myocardial infarction detection system needs to satisfy several requirements to be efficient in real-world practice. These requirements, such as reliability, less complexity, and high performance in decision-making, remain very important in a realistic clinical environment. In this study, we investigated an automatic ECG myocardial infarction detection system and presented a new approach to evaluate its robustness and durability performance in classifying the myocardial infarction (with no feature extraction) under different noise types. We employed three well-known supervised machine learning models: support vector machine (SVM), k-nearest neighbors (KNN), and random forest (RF), and tested the performance and robustness of these techniques in classifying normal (NOR) and myocardial infarction (MI) using real ECG records from the PTB database after normalization and segmentation of the data, with a suggested inter-patient paradigm separation as well as noise from the MIT-BIH noise stress test database (NSTDB). Finally, we measured four metrics: accuracy, precision, recall, and F1-score. The simulation revealed that all of the models performed well, with values of over 0.50 at lower SNR levels, in terms of all the metrics investigated against different types of noise, indicating that they are encouraging and acceptable under extreme noise situations are are thus considered sustainable and robust models for specific forms of noise. All of the methods tested could be used as ECG myocardial infarction detection tools in real-world practice under challenging circumstances.
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1. Introduction


Researchers have (in many ways) investigated artificial intelligence in medicine to boost the efficiency and effectiveness of medical diagnoses and in healthcare, which can be very helpful to doctors and medical staff. However, given a variety of factors, such as illnesses that require extensive analyses and diagnoses using expensive machines, artificial intelligence could be used as a key tool to assist doctors concerning a variety of diagnoses. Globally, the leading cause of death is cardiovascular disease (CVD), which is a set of disorders of the heart and blood vessels. In 2019, about 17.9 million people died from CVDs, representing 32% of all deaths in the world. Among these deaths, 85% were because of heart attacks and strokes [1]. CVDs refer to all illnesses related to the heart and vessels, including coronary heart disease, cerebrovascular disease, peripheral arterial disease, rheumatic heart disease, congenital heart disease, deep vein thrombosis, pulmonary embolism, strokes, and heart attacks. Heart attacks, also often called myocardial infarction (MI), are a result of a partial or total blockage of coronary arteries due to the buildup of plaque, which causes a shortage in the blood supply to the heart muscle (myocardium) [2]. These blocks severely reduce blood supply to the myocardium. When the flow of oxygen-rich blood is inadequate, cardiac muscle damage develops and starts dying if blood flow to the heart is not restored in time [3]. A heart attack occurs when there is a full blockage of blood flow because a segment of the heart muscle is destroyed [4]. Thus, it is the most prevalent and deadly cardiovascular disease, causing more than 25% of all fatalities worldwide, according to the WHO Liu et al. [5].



As a result, quick and proper identification of MI is critical to enhancing life expectancy and improving a patient’s quality of life. In terms of diagnosis, among all the existing methods, an MI patient can be diagnosed by an electrocardiogram (ECG) [6,7], echocardiography [8], magnetic resonance imaging (MRI) [9], and other methods [10,11]. For patients with critical conditions, the initial MI diagnostic tool is the ECG, as it is a non-invasive and economical primary tool that is frequently available inside ambulances and emergency rooms and can be used to identify cardiac abnormalities [12]. The ECG signal provides critical information about the heart’s function and rhythm, and as the heart suffers from episodes of ischemia, infarction, arrhythmia, morphological alterations in the ECG signal are directly reflected as irregularities in waves or rhythm [13,14]. Furthermore, when used and interpreted appropriately, the ECG provides a quick and highly reliable diagnosis of heart failure [15]. Thus, dynamic alterations in the electrocardiogram (ECG), such as ST-segment depression and elevation, T wave inversion, and pathological Q waves, help in the diagnosis of myocardial infarction [16,17]. The hand-operated interpretation of ECG recordings [18] can take a significant amount of time, resulting in inter-observer variability [19,20]. In this case, a computer-aid system can be very helpful to speed up this process and help doctors provide more accurate medical decisions [19,21]. A substantial amount of research has been dedicated to automated systems for biomedical ECG signal interpretation for the early detection of myocardial Infarction.




2. Literature Overview


The recent research on ECG classification computer-aid systems is based on new techniques of artificial intelligence. Various types of these techniques have been investigated and analyzed for this purpose and other purposes [22,23], such as decision trees [24], random forest (RF) [25,26,27], support vector machine (SVM) [28,29], k-nearest neighbor (KNN) [30], the hybrid FFPSONeural network classifier [31], in addition to other methods, such as [32,33,34]. In [35], the authors incorporated two categories, normal and MI, into their investigation. They preprocessed the signal and retrieved features such as R peaks with a detection algorithm and then ranked the generated features with a t-test. The data were fed to classifiers such as k-nearest neighbor (KNN), support vector machine (SVM), probabilistic neural network (PNN), and decision tree (DT) to determine the normal and MI classes. The SVM classifier produced significant results, with an accuracy of 97.96%. In [36], the authors investigated the prognostic effectiveness of machine learning for major adverse cardiovascular events (MACEs) in individuals with acute myocardial infarction. They employed six machine learning models in their study to assess 24 clinical variables (chosen by logistic regression analysis) in 500 patients with AMI to identify MACEs. With an accuracy of 0.820, the random forest (RDF) model performed the best. This paper [37] introduces a novel two-band optimal biorthogonal filter bank (FB) for ECG signal processing. The authors employed the newly created wavelet FB to decompose the ECG signal into six subbands (SBs) and then performed three discriminating features on all six SBs, namely fuzzy entropy (FE), signal-fractal-dimensions (SFD), and Rényi entropy (RE). The resulting characteristics are given in the k-nearest neighbor algorithm (KNN) to differentiate between classes: normal and MI. Using the 10-fold cross-validation (CV) approach, the proposed system achieved an accuracy of 99.74%. Several other methods for detecting myocardial infarction (MI) using the inter-patient paradigm have been developed, including [5,38,39,40,41]. The authors in [40] proposed a unique method that involved fusing energy entropy and morphological features for MI detection using the SVM model via a 12-lead ECG. The method is based on the maximal overlap discrete wavelet packet transform (MODWPT) to extract different types of features and it uses three methods to reduce the computational complexity and redundant information. Their method achieved good performance results with an accuracy of 92.69% for the inter-patient paradigm. The authors in [39] introduced an application of a support vector machine (SVM) and a genetic algorithm (GA) to classify electrocardiogram (ECG) signals of myocardial samples from normal. The authors used ECG records from the database (PTBDB) and applied a feature extraction of the ECG morphological, time domain, and discrete wavelet transform (DWT) of 148 MI and 52 normal ECG recordings from the database. The authors achieved a sensitivity and specificity of 87.80% and 85.97%, respectively. According to our research, there have been few or almost no studies in recent years that evaluated ECG signal classification model robustness. In this study [42], the authors employed a deep learning approach—a convolutional neural network—to distinguish three classes (normal, AF, and STD) by applying transformed ECGs to images (attractor reconstruction, etc.). They used a random SNR between 5 and 10 dB to assess the durability of their classifier trained on clean data against three forms of noises (em, bw, and ma). The F1-scores for the scalogram transforms and the SPAR attractor on the clean ECG data set were 0.70 and 0.79, respectively. However, once the model trained on clean data was applied to identify the classes from the noisy data sets, F1-scores dropped by (up to) 0.18. In this work [43], the authors constructed a CNN for the classification of 12-lead ECG signals, and they used three defense systems to increase the robustness of the CNN classifier for ECG classification against a PGD-100 attack and white noise. The evaluation study reveals that the modified CNN achieved an acceptable F1-score and average accuracy, and the defense methods improved their CNN’s robustness against adversarial noise and white noise, with a small decrease in accuracy on clean data. However, when the noisy test data set of the 100-PGD attack was evaluated at different levels of SNR, the accuracy of the best model dropped significantly to less than 0.5 for noise levels greater than 0.01 and 0 for high SNR levels. Moreover, for the white noise, the best classifier achieved a high accuracy of around 0.83 and dropped to a minimum accuracy of around 0.65 at high SNR levels. Both of these studies used intra-patient paradigms, which gave overoptimistic estimates of the actual classifier performances [23].



In this study, we investigated and present a new approach to evaluate the robustness and durability of an automatic ECG myocardial infarction detection system to classify the myocardial infarction against data infected with a different variety of noises, performing no feature extraction. We employed three well-known supervised machine learning models: support vector machine (SVM), k-nearest neighbors (KNN), and random forest (RF). We tested the performance and robustness of these techniques in classifying normal (NOR) and myocardial infarction (MI) ECG signals using real ECG records from the PTB database after normalization and segmentation of the data by performing an inter-patient paradigm separation and noise from the MIT-BIH noise stress test database (NSTDB), and we measured four metrics: accuracy, precision, recall, and F1-score. Figure 1 illustrates a summary of the overall procedures used in this paper.



The rest of this paper is organized as follows: in the next section, we present the materials and methods. Section 4 describes the results; a detailed discussion of these results is presented in Section 5. Finally, we conclude the paper in Section 6.




3. Materials and Methods


3.1. Support Vector Machines


Because of its outstanding generalization performance in supervised machine learning, the support vector machine (SVM) is one of the most widely used classification techniques for solving binary classification problems [44,45]. The way SVM works for classification tasks is by constructing a hyperplane in a multidimensional space that is dedicated to separate particular class labels. The multidimensional space depends on the number of features used as input. The idea behind creating the hyperplane is to separate the classes by maximizing the geometric margin between the input data classes mapped in a higher-dimensional space and minimizing the empirical classification error [46,47]. This process of classification is performed using the kernel functions [48]; in both cases, the linear or nonlinear classifier. We can apply SVM as a linear classifier by using a linear kernel function or as a non-linear classifier by using polynomial and sigmoid kernel functions. However, for any classification task, the choice of the kernel function remains a challenging task. To demonstrate how the decision function works mathematically, we will consider a training set of N samples (  y j  ,   x j  ), j = 1, ... , N, where    x j  ∈   I  R  n    represents the multi-dimensional feature vector of the jth example and    y j  ∈  I  R    represents the matching class label as    y j  ∈  ± 1   . The   g ( x )   function, which refers to the decision function learned from the training set, reveals a representation of the optimal hyperplane that will predict the class label in subsequent tests. The decision function with the kernel is defined as follows [49,50]:


  g  ( x )  = sign   ∑  i ∈ S  V s     α i   y i  K  ( x ,  x i  )  + b   



(1)




where  α  is the Lagrange multiplier for each training data set and   K (  x j  , x )   is the kernel function that graphs the inputs into a larger dimensional space, represented as in the state of the polynomial Kernel [49]:


  K  ( x ,  x i  )  = ∑   ( x ,  x i  )  d   



(2)




where d is the degree of the polynomial function.



In the literature, SVM is one of the most widely used algorithms in biology [51] particularly for ECG arrhythmia detection [44,52,53].




3.2. K-Nearest Neighbors


The K-nearest neighbors (KNN) algorithm is one of the most frequently used supervised machine learning methods, especially for classification tasks, because of its simplicity to comprehend and diagnose. However, it is known as a non-parametric lazy algorithm, as opposed to the other approaches, which utilize different methods to fit the data for training. There is no training step with the KNN algorithm. Instead, it conducts the computation at the time of classification. The KNN uses the labels of the nearest training samples in the feature space to classify the feature vectors. By calculating the distance (such as the Hamming, Euclidean, Minkowski, etc.) between an unidentified feature vector or new instance and all vectors in the training set, the k-nearest neighbor is determined. The neighbor’s vote helps to assign the unknown feature vector to the class to which the closest k samples mostly belong, and it takes the class with the most votes as a prediction [54,55]. The KNN has been widely used and employed in some recent ECG classification studies [21,56,57,58,59].




3.3. Random Forest


The random forest (RF) algorithm is also a widely used method for supervised machine learning problems, especially for classification; it was first proposed by Breiman [60]. The RF algorithm is essentially an ensemble of decision trees used to train and predict the results. It is considered a parametric algorithm regarding the number of trees in the forest and a stochastic method because of its two origins of randomness—the random attribute sub-set selection and the bootstrap data sampling. This randomness prevents over-fitting during the training process. The construction of an RF model depends on various parameters, which are: the number of trees, which is considered very important, and the maximum depths and splits. The internal process of choosing a split by the decision trees consists of picking their splitting properties from a random subset of k characteristics at each internal node. Then, the best split is taken within these randomly chosen attributes, and it builds the trees without trimming. Several applications have used the RF method for classification in many challenges, particularly in areas with larger numbers of attributes and situations, because of its high-speed, outstanding prediction accuracy, suitable tolerance for outliers and noise, and resistance to overfitting [21,61,62].




3.4. Performance Evaluation Measures


To evaluate the classification results, many performance metrics are available. The four most commonly used metrics in the literature are [63]:



	
Accuracy: may be defined as the accurate classification ratio of the total categorized outcomes.


  Accuracy =   T P + T N   T P + T N + F P + F N    



(3)







	
Precision: positive predictive and is often known as the ratio of real positives to the total number of positively-predicted samples; it is defined as:


  Precision =   T P   T P + F P    



(4)







	
Recall: also known as sensitivity—it is the ratio of positively-predicted samples to the total number of really positive samples; it is defined as:


  Recall =   T P   T P + F N    



(5)







	
f1-score: the harmonic mean of precision and recall; it is expressed as:








  f 1 - score = 2 ×   Precision × Recall   Precision + Recall    



(6)




where these parameters are: TP = true positive(s) (correctly classified labels), FN = false negative(s) (unclassified labels), TN = true negative(s) (correctly unclassified labels), and FP = false positives() (incorrectly classified labels).




3.5. Signal Quality Evaluation Measures


In this study, we used two different approaches to measure the quality of the   E C G   signal samples. The first was the mean square error (  M S E  ), which measures the difference between the original and filtered   E C G   signals; it is defined as follows:


  M S E =  1 L   ∑ k L    E C  G  original  k  − E C  G  filtred  k   2   



(7)




where L is the length of the signal.



The second evaluation measurements we performed were approximate entropy, which is recommended for a short and noisy data set analysis [64], and fuzzy entropy [65,66] of the noisy signals at different levels of SNR. In Grassberger and Procaccia [67], Eckmann and Ruelle [68], the authors developed the approximate entropy (ApEn). It enables a statistical metric to quantify the complexity of fluctuation predictions within a time series, such as an ECG signal. A higher value of approximation entropy reflects less regularity of patterns within the time series, indicating poor signal quality, and vice versa. An N-dimensional   v n   time series is subdivided into m-dimensional    u m   ( i )    vector sets. The number of vectors that are as close together as the Euclidean    n i m   ( r )    is given as   d [  u m   ( i )  ,  u m   ( j )  ] ⩽ r  , where r is the tolerance; this number is used to calculate the probability:


   C i m   ( r )  =   n i m   ( N − m + 1 )   .  



(8)







The approximate entropy is given by [64]:


  A p E n  ( m , r )  =  lim  N → ∞    [  Φ m   ( r )  −  Φ  m + 1    ( r )  ]  ,  



(9)




where    Φ m   ( r )  =  1  ( N − m + 1 )    ∑  i = 1   N − m + 1   ln  C i m   ( r )   .



In Chen et al. [69], the authors proposed the fuzzy entropy used in the complexity computation of the EMG signal. The similarity definition of vectors in approximation entropy is based on the Heaviside function, which is defined as:


  θ =     1     if  z ⩾ r      0     if  z < r .       











Instead of this similarity function, for the fuzzy entropy, a similarity degree was calculated by a fuzzy function   μ (  d  i j  m  , n , r )  , which is an exponential function, described as:


   D  i j  m  = μ  (  d  i j  m  , n , r )  = exp  −    (  d  i j  m  )  n  r   .  



(10)







The fuzzy entropy is defined as [69]:


  F z E n  ( m , n , r )  =  lim  N → ∞    [ ln  Φ m   ( n , r )  − ln  Φ  m + 1    ( n , r )  ]  ,  



(11)




where    Φ m   ( n , r )  =  1  ( N − m )    ∑  i = 1   N − m + 1    (  1  ( N − m − 1 )    ∑  j = 1 , j ≠ i   N − m + 1    D  i j  m  )   .




3.6. ECG Databases


We used real ECG signals from the PTB-ECG database, which involve ECG data obtained from Germany’s National Metrology Institute, Physikalisch Technische Bundesanstalt (PTB) [70]. The database contains 549 records from 290 subjects, comprising healthy patients and other patients who suffer from heart diseases. Each person is represented by a different number of recordings, from one to five records, and each record is composed of 15 leads, which are 12 standard leads (I, II, III, aVR, aVL, aVF, V1, V2, V3, V4, V5, V6) and three Frank lead ECGs (Vx, Vy, Vz). The signals are sampled at 1000 Hz per second, with a resolution of 0.5   μ V   and they have variable durations. The second database we used was the MIT-BIH noise stress test database (NSTDB) [71]. This collection contains 12 half-hour ECG recordings as well as 3 half-hour noise recordings typical of ambulatory ECG recordings.




3.7. Data Preparation


In our experiment, we used 106 patients in total from the PTB-ECG database, which included 53 healthy patients labeled as NOR, which means normal, and 53 patients suffering from myocardial infarction, labeled as MI. By performing the inter-patient paradigm separation, we divided the patients into two groups: G1 contained twenty-seven subjects, and G2 contained twenty-six subjects of each class (NOR and MI). For this separation, we used one record per patient, and each record contained 12 standard leads. Table 1 illustrates the format of the data separation.



The first group G1 was used for training the models and contained the data of healthy patients: (104, 105, 116, 117, 121, 122, 131, 150, 155, 156, 165, 166, 169, 170, 172, 173, 174, 180, 182, 184, 185, 198, 214, 229, 233, 234, 235) and patients who had myocardial infarction: (001,002, 003, 004, 005, 006, 007, 008, 009, 010, 011, 012, 013, 014, 015, 016, 017, 018, 019, 020, 021, 022, 138, 140, 152, 163, and 193). The second group, G2, was divided into a validation and test set by 20% and 80%, respectively, and contained data from healthy subjects: (236, 237, 238, 239, 240, 241, 242, 243, 244, 245, 246, 247,248, 251, 252, 255, 260, 263, 264, 266, 267, 276, 277, 279, 281 and 284), as well as data from patients with myocardial infarction: (023, 024, 025, 026, 027, 028, 029, 030, 031, 032, 033, 034, 035, 036, 037, 038, 039, 040, 041, 042, 043, 044, 045, 046, 047, 048).




3.8. Data Pre-Processing


3.8.1. Normalization


After the separation process, we used 12 leads of each record extracted from the database and preprocessed 32,000 samples of each lead’s record. The preprocessing of the data samples consisted of normalization of each lead’s ECG signal between 0 and 1, using the min–max normalization. This method adjusts the value of the min limit (a) and max limit (b) on the amplitude of a signal to the needed range with the assurance of no change in the shape or pattern of the signal characters. The mathematical function of the normalization with min–max normalization is as follows:


  x   ′  = a +    ( x −  x  m i n   )   ( b − a )     x  m a x   −  x  m i n      



(12)




where   x   ′    is the normalized signal,   x  m a x    and   x  m i n    are the maximum and minimum values of the data set, respectively, a and b are the min-limit and max-limit values. In this study, the values chosen in the preprocessing were 0 and 1, respectively. After normalization, we used a low-pass Butterworth filter with a filter order of N = 8 and a cutoff frequency of    f c  = 0.04   to remove noise from the data.




3.8.2. Segmentation


After the filtering process, we performed a segmentation sampling of a 0.65 s segment for each beat, which meant 650 samples in each segment, as can be seen in Figure 2. The segment’s section was divided into two intervals of    t 1  = 0.30   s before and    t 2  = 0.35   s after the R peak position in the signal. To preserve the data fluctuations and improve the understanding of the signal properties, we subtracted a linear trend from the generated data by computing the least-squares regression line to determine the growth rate r. The differences (i.e., variations from the least-squares fit line) were then subtracted from the data. Using this strategy, the model may stay focused more on the class characteristics during training. The last results are illustrated in Table 2.





3.9. Hyperparameters Selection


In any machine learning model, there are multiple parameter keys to be identified, which are referred to as hyperparameters. When optimizing for performance, hyperparameters assist in regulating the behavior of machine learning algorithms in order to strike the proper balance between bias and variance. However, there are no easy–fast rules that ensure optimal performances on specific data sets. The traditional method for determining the model parameters that can obtain the best prediction outcomes is to run multiple types of hyperparameters on each model, which is a time-consuming operation. We conducted a grid search on each model in this study by supplying a mix of parameter grids. Table 3 depicts the range grid of the hyperparameters adopted in our study.



To identify the hyperparameters, we used the training set for training the models, while the validation set was considered a testing set to validate the model performance. The halving grid search fit the parameter grid on the training set and checked its behavior on the validation set, employing successive halving for each model hyperparameter combination and each train–validation split. The successive halving is a repetitive selection procedure in which all the parameter combinations are evaluated with a limited number of resources at the first iteration. Only some options are picked for the next iterations, and so on. Therefore, only a subset of options survives until the last iteration, implying that they are typically ranked among the top-scoring options in all iterations. The best estimator is chosen by taking the average of the top-performing models. The complete process is performed by the scikit-learn [72] packages, using the HalvingGridSearchCV tool with a factor of 3 (the rate at which the resources grow and the number of candidates decreases). This experiment yielded the appropriate set of hyperparameter combinations that helped the model provide the most accurate predictions. The final set of hyperparameter combinations that will be applied in the remaining experiments of this study are as follows:




	
SVM: C = 1, gamma = 0.1, kernel = ‘rbf’.



	
KNN: metric = ‘euclidean’, n-neighbors = 5, weights = ‘distance’.



	
RF: n-estimators = 800, max-depth = 25, min-samples-split = 5.










4. Results


4.1. Model Tuning


In the next step, we evaluated the hyperparameters revealed in the grid search to express the behavior over time of each model with the hyperparameters chosen and to show different changes that can accrue and prevent over-fit and under-fit. To estimate how the models are supposed to behave when employed to produce predictions on unseen data during training and to know if they are good-fitted models, we investigated each model with its hyperparameters by making a dual learning curve of the training set and a validation set with a repeat of five times, measuring the accuracy of each one. The final results are the means over these repetitions. The learning curve reflects the model’s training process by evaluating the accuracy for every size of training and validation set, ranging from small to large data sets. As more data are fitted, the accuracies must increase, and if they hit 1 (100% accuracy), the training data set is perfectly learned. The learning curve generated from the training set reveals whether the model is learning, but the learning curve computed from the hold-out validation set indicates whether the classifier is generalizing unseen data samples. As we can see from the training set’s accuracy in Figure 3, which exceeds 0.99, all classifiers achieved nearly perfect training, except for the SVM model, which achieved just a maximum of 0.85. However, the models delivered promising predictions, as evidenced by the validation set’s accuracy, which increases as more data are fitted, allowing the model to learn more features and produce consistent predictions. The highest level of accuracy attained was 0.75, except for the KNN, which reached a maximum of 0.70. These outcomes are not surprising given that we applied an inter-patient paradigm, which implies that the data used to train the model differs from those used to evaluate it, taking into account the inter-individual differences. As a result, it indicates that all the models are well-fit and generalize better on previously unseen data.



Following the process of training the models and evaluating them using a validation set, the next step was to analyze all of the models on the unseen data set, which is the test set, in order to predict the classes.



As a form of performance evaluation, we measured four metrics—precision, recall, and F1-score, for each class of all the models, and the last metric was the accuracy of the models in predicting all the classes, as illustrated in Table 4. Considering the first three metrics, RF obtained the best precision and F1-score in predicting both classes and the highest recall for the MI class. On the other hand, SVM achieved the highest recall as well as KNN for the NOR class. Thus, in terms of comparing the model’s performance (with regard to accuracy), RF took the lead, achieving the best results in predicting the classes of the unseen data by achieving an accuracy of 0.74. Overall, the performances of all the models in detecting MI were low (with regard to detecting NOR samples). However, the results are quite encouraging since the models identified both classes from an unseen data set in which the same patient’s beats were present at one stage, either during the training or testing phase. To provide an unobstructed view of the number of samples categorized into one of two classes by each model, we present each model’s classification report as illustrated in Table 5.



All the models provided nearly the same results, as we can see from Table 5, with little variation. Unlike the RF model, which performed the best in predicting the MI class, SVM and KNN obtained promising predictions, with good results for the NOR class. Regardless, the two classes (NOR and MI) seemed difficult to predict since all the models mislabeled a significant number of samples. The KNN misclassified 0.39 of all samples as MI, which is deemed a significant number when compared to RF, as it just misclassified 0.27 of all the samples. For the NOR class, all the models misclassified almost the same number of samples. Moreover, it is sometimes challenging for the model to predict all of the classes perfectly, even if the data are suitable, especially with inter-patient separation; this issue can occur if the training data does not involve all the features of a certain class. However, it is reasonable to expect some misclassification of some samples, with a small variance.




4.2. Model’s Robustness Test


We investigated the robustness of the trained models in predicting the classes against a range of real-world noises using an infected test data set. We conducted two experiments for this objective: The first one was to test the trained models on the same data test set as before, but this time without the filtering process. The second was to run the trained model on the same data test set as before, but this time with a variety of added noises. For the first experiment, we used the identical preparation steps as before (except for the filtering) to maintain the signal, as it was imported from the database; we separated the data as above, and then tested all the models on this changed test data set. Figure 4 illustrates a sample of the two classes.



As part of the performance evaluation, we measured the same metrics, in the same manner, to analyze the performances of the trained classifiers in predicting the two classes and we compared them to the earlier achieved results. Table 6 exhibits the results. From the first point of view, it is obvious that the performances of the models were deteriorating. In terms of the first three metrics, SVM and KNN F1-scores decreased by the same amount for both classes, as did precision and recall, but with minor differences of 0.01–0.02. Compared to the other models, the RF model declined dramatically, dropping by 0.12 in precision for the MI class and by 0.16 and 0.11 in recall and the F1-score, respectively, for the NOR class. Furthermore, unlike SVM and KNN, which declined by 0.06 and 0.04 points, respectively, the RF model dropped dramatically by 0.09, which was unexpected given that it attained the greatest accuracy in comparisons to the same models in the previous experiment, Table 4. As a consequence, while dealing with the same changed test data set, the SVM outperforms other models as a solid classifier. However, the model’s performance was expected to decline because, first, the data were altered, and second, each model employed a different structured approach and algorithm to learn the features of the data set fitted.



Next, we provided a classification summary for each classifier as an extra explanation of the classifier’s performance, which provides an accurate perspective of the classes that are correctly predicted and the classes that are incorrectly predicted.



As shown in Table 7 of the classification report, each classifier incorrectly forecasted a specific number of samples fed to be predicted. The KNN classifier comes out on top by predicting 40% of the MI samples as NOR, which appears to be a very large misclassification. In the same manner, the SVM classifier performed as well, with 34% of the misclassification, as did the RF, with 27% of the misclassified samples. However, in comparison to the other models, this appears to be a tolerable misclassification for the RF mode. Despite that, the RF classifier, on the other hand, takes a great part in misclassifying the NOR samples as MI, which appears to be a somewhat significant misclassification. Similarly, the KNN classifier performed as well, with 31%, followed by the SVM with 30% of misclassified samples. SVM and KNN models predict the NOR class better than the RF classifier, which predicts the MI class better. Overall, their performances seem acceptable.



In the second part of this experiment, we chose actual noises from the MIT-BIH noise stress test database (NSTDB) to test the robustness of the models against these noises. We added three realistic noises, one at a time, from this data set to the above-mentioned preprocessed and filtered testing data set: baseline wander, muscle (EMG) artifact, and electrode motion artifact. We applied these noises to each ECG signal lead’s record for simulation, using five degrees of a signal-to-noise ratio (SNR) from best to worst signal quality: 16 dB, 8 dB, 2 dB, and −2 dB. The final results of the ECG sample are illustrated in Figure 5.




4.3. Quality Evaluation of the Noisy Signals


Before feeding the modified test data set to the classifiers, we evaluated the quality of the modified test data set ECG signal samples (after the various noises were added, to illustrate the quality of the ECG samples to be fed to the classifiers to predict the MI and the NOR classes). For this reason, we performed two different measurements. The first measurement was the analytical mean square error (MSE), which measured the difference between the original and filtered ECG signals. However, in our case, we measured the difference between the above-mentioned, preprocessed, and filtered test data sets as the original signals and the same test data set after adding the various noises, one at a time.



The results shown in Figure 6 demonstrate that MSE increased as SNR levels increased for both classes of signal samples; this is not surprising given that we purposely degraded the ECG signal samples by adding noise. This result shows how much the signal differs after adding various forms of noise. However, certain types of noise appear to have considerable impacts on the signal. As we can see, the most harmful noise that destroyed the NOR signal samples appeared to be the muscle artifact, followed by the baseline wander. Similarly, the most damaging noise for the MI class appeared to be the electrode motion artifact, followed by the muscle artifact noise. The features and characteristics of the class signal samples could be very challenging for the classifiers to predict as the SNR of the added noise decreases, which means a poor quality signal. The approximate entropy and fuzzy entropy were the second assessment metrics that we used. In this experiment, we set the embedding dimension m to 2 and the tolerance r to 0.2 for both the approximate entropy (ApEn) and the fuzzy entropy (FuEn). We set the gradient of the boundary n to 2.



Figure 7 and Figure 8 show the ApEn and FzEn measurements after various forms of noise were added. These measurements estimated the level of complexity of fluctuations within a signal. According to the findings, the approximate and fuzzy entropy values increased with respect to the SNR levels, implying that all noises caused a significant impact on the class samples, resulting in a lower regularity of the patterns within the signal. However, certain noises had a greater impact on the signal than others. The baseline wander had the most significant impact on the signal, achieving the highest ApEn and FzEn at all SNR levels, which means a much lower regularity of the MI sample patterns, followed by the muscle artifact. The muscle artifact, on the other hand, had a greater impact on the NOR samples, achieving the highest ApEn and FzEn at all SNR levels, followed by the baseline wander. In both classes, the electron motion artifact had little effect. Overall, all the noises altered the pattern’s irregularity and predictability for both classes, making it extremely difficult for classifiers to properly predict the maximum number of samples.



The last experiment we performed was to evaluate the trained classifiers against this changed test data set after ensuring that the signals of the class samples had changed in terms of the regularity and predictability of patterns when different noises with various levels of SNR were added, which would be difficult for the classifiers to predict. We fed this changed test data set to the trained classifiers; it is worth noting that the trained classifiers were the same ones used in the previous experiments; we assessed the four metrics (as conducted above) to obtain a clear view of the performance comparison.



Figure 9 illustrates the results of the precision metric measured from each model in predicting both classes in each test data set added with noise. For the test data set with added muscle artifact noise, the models maintained high precision in predicting the classes. As we can see, at an SNR level of 16 dB, all the models achieved a precision above 0.65 in predicting the NOR class and 0.60 for the MI class, with the highest precision achieved by the RF, followed by SVM and KNN, respectively, for the NOR class. On the other hand, for the MI class at SNR = 16 dB, each model performed differently, but the performance shifted from an SNR of 8 to −2 dB, with the RF taking the lead, followed by the SVM and KNN, respectively. However, interestingly, for the class NOR, the models conserved high-precision performances above approximately 0.50 as the quality of the signals decreased, unlike for the MI class, which decreased at SNR = −2 dB, achieving a precision of under 0.50. Similar results were obtained when predicting the NOR class for the test data set with additional electrode motion noise, except for the MI class, where KNN took the lead at SNR = 16 dB, followed by the RF and SVM, which had identical performances, but shifted at SNR = 8 dB, giving the lead to the RF and SVM. In terms of performance decreasing, the results for the test data set with the added baseline wander noise were essentially the same for both classes. With minor differences, all the models obtained precisions above 0.53 for the NOR class and above 0.47 for the MI class at SNR = −2 dB, with the RF taking the lead, followed by the SVM and KNN, respectively, except for the level of SNR = −2 dB, where the KNN altered and the SVM dropped. Overall, for both classes, the RF model outperformed the other models in terms of high-precision performance, with a small variance as signal quality decreased.



We describe the recall metric achieved by each model in predicting both classes in each test data set with added noise in Figure 10. Considering all the noises added, the results seem interesting. The models evaluated on the test data set with added muscle artifact noise performed differently for both classes. The KNN took the lead by correctly identifying the true positive samples of the NOR class with a maximum recall of 0.61 and dropping to a min of 0.5 at SNR = −2 dB, followed by the RF and SVM, respectively, at SNR = 8 dB. However, the RF and SVM dropped significantly to 0.1 at SNR = −2 dB. Contrarily, for the MI class, the RF and SVM, as they took the lead, respectively, correctly identified more true positive samples of the MI class than the KNN, and the number of such samples increased significantly from nearly 0.79 as the quality of the signal decreased according to the SNR levels, achieving a maximum recall of 0.9 at SNR = −2 dB. In contrast to the other models, the KNN, which came second in performance, decreased accordingly with SNR levels by correctly identifying the true positive samples from 0.66 to a minimum recall of 0.58 at SNR = −2 dB. Similarly, in the case of the test data set with electrode motion artifact noise, the classifiers behaved in the same way for both classes, where the RF and SVM increased from a minimum recall of 0.73 at SNR = 16 dB to a maximum recall of 0.91 at SNR = −2 dB, respectively. However, for the test set with baseline wander, the models performed as expected by decreasing according to the SNR levels, where the KNN took the lead, followed by SVM and RF for the NOR class, achieving a minimum recall of nearly 0.34. Except at SNR = 2 dB, the KNN and SVM shifted back to increasing to a maximum recall of 0.55 and 0.40, respectively. The opposite performance was for the MI class, where the RF took the lead and did not decrease until the SNR was equal to 2 dB, followed by the SVM and KNN, with a minimum recall of 0.58 and 0.46, respectively.



We measured the F1-score of each model in predicting both classes in the test set with added noise; the results are presented in Figure 11. To identify both classes in all the noises added to the test set, all the classifiers behaved similarly, except at SNR = 16 dB, where the SVM had the highest F1-score in identifying the NOR class for the test set with muscle artifact noise, followed by the KNN and RF, and subsequently dropped to last place, as well as in the test set with baseline wander noise, where the RF and SVM had identically high F1-scores. At SNR = −2 dB, the SVM and RF models both dropped to approximately 0.2, and for the test set with the added baseline wander noise, to around 0.45. However, the KNN achieved the highest F1-score and maintained a decreasing performance above 0.5 for the rest of the SNR levels, predicting the NOR class. For the MI class, in all added noises to the test set, the RF took the lead, followed by the SVM and RF, achieving a high F1-score. RF and SVM classifiers maintained decreasing performances above 0.6, except for the baseline wander noise added to the test set, where it was above 0.55. On the other hand, the KNN decreased to values under 0.5, except for the test set with added electrode motion noise.



Finally, we measured the accuracy of each model in predicting both classes in each test set with added noise. Figure 12 illustrates the results of the accuracy achieved by each classifier. From the outset, we can observe that all models performed similarly in predicting both classes in each test data set with added noise, and it decreased accordingly with the SNR levels. The maximum accuracy achieved was around 0.67, and the minimum was around 0.47. However, at each level of SNR in each test set with added noise, all the models performed well at certain levels. At SNR = 16, the SVM took the lead, followed by RF and KNN, respectively, but it shifted between the SVM and the RF model, which took the lead at SNR = 8 dB, and from SNR = 2 to −2 dB, the KNN achieved the highest accuracy, followed by the RF and SVM, respectively. Similarly, in the test data set with added electrode motion noise, from SNR = 16 to 8 dB, the model behaved the same, where SVM took the lead, followed by RF and KNN. However, at SNR = 2 dB, the RF achieved high accuracy, followed by the KNN and SVM, with identical results, even though at SNR = −2 dB, the KNN took the lead, followed by the RF and SVM classifiers, with identical results. However, in the test set with added baseline wander, the RF model took the lead with high accuracy from SNR = 16 to 2 dB, but at SNR = −2 dB, the KNN achieved high accuracy, followed by the RF and SVM classifiers, with identical results.





5. Discussion


An automatic ECG myocardial infarction detection system should satisfy several requirements to be efficient in real-world practice, such as reliability and less complexity in hardware and software, especially concerning the number of resources required to run it, being more realistic in a clinical environment with high performance in decision-making. High performance in decision-making can be very tricky as the system or the model can provide efficient results as long as it is tested in the laboratory under perfect conditions, which makes it difficult to have the same efficiency in real-world practice, where there are a lot of variables and factors that can affect the performance of the system. In this case, in this paper, we evaluated the robustness of the automatic ECG myocardial infarction detection system under morphological changes in the data that could affect the behavior and efficiency of the classification system. This process of robustness characterizes how effective the model is while being tested on different (but similar) data sets; if the model can still keep a high-predicting performance as it is trained perfectly, then how much could it decrease as bad data are fitted to the model? Considering these requirements, we tested three well-known supervised machine learning models by training them on spotless data, filtered with no feature extractions, and evaluated their performances on the original data, the same data without filtering, and then on data with added real noise with different SNR levels, which means different qualities of the ECG signal. The real noises used are well known for their effects on ECG recording processes as they are related to the human body, such as the muscle (EMG) artifact, or the physical effects of the machine, such as an electrical effect, for instance, baseline wander or electrode motion artifacts. These effects can change the morphology of the ECG signal and lead to the miss-predicting of abnormalities by the classification model. Thus, a robust algorithm cannot degrade too much when it is tested on different data by either adding noise or using data without a filtering process. These experiments emulate approximate probable situations in real-world practice. According to our study results, which included two stages—(1) training and testing the classifiers on preprocessed data; and (2) testing the robustness of the classifiers in predicting the samples against a variety of noises—the RF model achieved high performance and outperformed the other approaches in correctly identifying more true positive samples of the MI class. This performance remains critical as it is less harmful to fail to predict a patient with normal conditions (NOR class) than to fail to predict a patient with myocardial infarction who could be at risk of dying from a heart attack. Moreover, it maintained this performance even when tested on the unfiltered test data set and, similarly, when tested against each noise added to the test data at all SNR levels Figure 10, as well as for the F1-score Figure 11. In addition, it achieved high precision for both classes at all SNR levels Figure 9. On the other hand, for the NOR class, the KNN achieved a high recall identically with SVM and decreased by 0.09, with a difference of 0.01 compared to SVM, which did not decrease much, Figure 6. However, the KNN outperformed the other models in correctly identifying more true positive samples of the NOR class when tested on each noise added to the test data set and maintained the performances at all SNR levels Figure 9, as well as in terms of the F1-score Figure 11. Overall, we can say that the RF model achieved good performance, especially in predicting the MI class, and the KNN in predicting the NOR class. Yet, the SVM model performed in the middle, according to all the metrics, which seems to indicate a balanced performance between the two classes. Furthermore, in terms of accuracy in predicting both classes, RF and SVM classifiers performed better by achieving high accuracy for all the noises added to the test data set and at nearly all the levels of SNR, but RF took the lead in most cases, surpassing SVM. The KNN stayed solid for the lower SNR levels, which meant a lower signal quality, where it achieved higher accuracy than other models. Overall, all the classifiers kept an accuracy level above 0.5, which is encouraging, keeping in mind the harmfulness of the noises that deteriorate the signal quality and change its features significantly. However, it is not very acceptable to have an accuracy level of under 0.5 for all the models, which is the case for the SNR levels from 2 dB to 2 dB for the muscle artifact noise. As for the electrode motion noise at SNR = −2 dB, the SVM and RF achieved accuracies of under 0.5. However, all the models can be considered sustainable models in specific cases for certain noises, as they maintained values above approximately 0.5 for all noise types presented in this study. For instance, RF may be preferred in the case of the baseline wander, SVM in the case of the electrode motion, and KNN for lower SNR levels (−2 dB) for all noise types. These results make the models pretty efficient, even with the lower quality of signals affected by different types of real noises. As a result, it can be thought of as a more realistic (in practice) and generic approach to dealing with scenarios in which ECG signals are affected by any type of noise, particularly the electrode motion artifact noise and muscle artifact noise, which are both frequent noises that have negative impacts on the ECG signal. On the other hand, to achieve high performance and enhance the prediction of particular categories and reduce wrongful predictions of some samples, which was not the aim of this study, perhaps it may be desirable to use the voting model or majority voting ensemble. This approach is preferred when there are two or more models that perform well in forecasting particular classes [23], as in the case of the results achieved in this study.



As far as we know, the models employed for inter-patient research for the classification of myocardial infarction have never been subjected to a robustness test, and there is no such approach for testing robustness precisely the way we used to evaluate the robustness of the model classification’s performance. Instead, we compared the performance achieved in this study with one paper that used an approximate approach of testing the robustness of an ECG model classification using an intra-patient paradigm and testing it against white noise, with other papers that worked on the same classification task using the inter-patient paradigm but with a different separation method and the same number of leads (12 leads). Overall accuracy achieved in this study seems to be non-competitive with other works, which was not the aim of this study, as shown in Table 8, especially with machine learning methods. Instead, it is acceptable, as the trained classifier achieved good accuracy (similar to the literature). Furthermore, it is encouraging in terms of robustness and accuracy dropping in comparison with reference [43], which used a deep learning classifier with defense methods on an intra-patient paradigm. However, it should be noted that the intra-patient paradigm is mostly focused on beat types, which implies that a certain person’s ECG recording may be found in both data sets (train and test data). Thus, it allows the model to strongly predict some classes because it learns all of the features of that sample. Thus, the results may indeed be biased, resulting in unfairly optimistic predictions [73]. Yet, for more realistic scenarios in real-world practice, the inter-patient paradigm is the most appropriate separation paradigm, which provides a reasonable indication of the model performance [23]. Therefore, the models investigated in this study have the potential to be highly competitive as robust models against the diversity of noise investigated in this study, especially as they were tested on an inter-patient paradigm. Furthermore, this study shows that the proposed robustness assessment test might be adequate to highlight some drawbacks of the models in predicting specific classes in certain circumstances, particularly against real noises, as tested in this study, since the ECG signal is vulnerable to noises. As a result, such a robustness assessment of the classifier’s performance could be considered before implementing such AI solutions (classifier models) in real-world clinical practices. Overall, all of the classifiers maintained good performances against different noise types tested in this study, even with non-competitive accuracy, compared to the literature, as shown in Table 8. Therefore, they were considered sustainable and robust models, as they had enough robustness against all the noises tested, especially as they achieved acceptable results in terms of low-quality signals, which did not drop extremely under 0.5.




6. Conclusions


In this study, we investigated an automatic ECG myocardial infarction detection system and presented a new approach to evaluate its robustness and durability performance in classifying the myocardial infarction with no feature extractions under different types of noise. We employed three well-known supervised machine learning models: support vector machine (SVM), k-nearest neighbor (KNN), and random forest (RF), and tested the performance and robustness of these techniques in classifying NOR and MI using real ECG records from the PTB database (after normalization and segmentation of the data) with a suggested inter-patient paradigm separation, in addition to noises from the MIT-BIH noise stress test database (NSTDB). Finally, we measured four metrics: accuracy, precision, recall, and F1-score. The simulation revealed that all the models performed well, with values of over 0.50 at lower SNR levels, in terms of all the metrics investigated against different types of noise, indicating that they are encouraging and acceptable under extreme noise situations and are considered sustainable and robust models for specific forms of noise. All the methods tested could be used as ECG myocardial infarction detection tools in real-world practice under challenging circumstances.
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	CVDs
	cardiovascular diseases



	FeEx
	feature extraction



	CM
	classifier model



	Se
	sensitivity



	   P  e +    
	positive predictive



	Sp
	specificity



	Ref
	reference







References


	



World Health Organisation. Cardiovascular Diseases (CVDs). 2021. Available online: https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds) (accessed on 2 November 2021).

	



Hall, J.E.; Hall, M.E. Guyton and Hall Textbook of Medical Physiology e-Book; Elsevier Health Sciences: Amsterdam, The Netherlands, 2020. [Google Scholar]

	



Heart Attack, NHLBI, NIH. 2022. Available online: https://www.nhlbi.nih.gov/health-topics/heart-attacka (accessed on 24 March 2022).

	



Kulick, D.L.; Marks, J.W.; Davis, C.P. Heart Attack (Myocardial Infarction). 2021. Available online: https://www.medicinenet.com/heart_attack/article.htm (accessed on 24 March 2022).

	



Liu, W.; Wang, F.; Huang, Q.; Chang, S.; Wang, H.; He, J. MFB-CBRNN: A hybrid network for MI detection using 12-lead ECGs. IEEE J. Biomed. Health Inf. 2019, 24, 503–514. [Google Scholar] [CrossRef] [PubMed]

	



Surawicz, B.; Knilans, T. Chou’s Electrocardiography in Clinical Practice: Adult and Pediatric; Elsevier Health Sciences: Amsterdam, The Netherlands, 2008. [Google Scholar]

	



Zhang, Y.; Li, J. Application of Heartbeat-Attention Mechanism for Detection of Myocardial Infarction Using 12-Lead ECG Records. Appl. Sci. 2019, 9, 3328. [Google Scholar] [CrossRef]

	



Peels, C.H.; Visser, C.A.; Kupper, A.J.F.; Visser, F.C.; Roos, J.P. Usefulness of two-dimensional echocardiography for immediate detection of myocardial ischemia in the emergency room. Am. J. Cardiol. 1990, 65, 687–691. [Google Scholar] [CrossRef]

	



Ahmed, N.; Carrick, D.; Layland, J.; Oldroyd, K.G.; Berry, C. The role of cardiac magnetic resonance imaging (MRI) in acute myocardial infarction (AMI). Hear. Lung Circ. 2013, 22, 243–255. [Google Scholar] [CrossRef]

	



Plebani, M.; Zaninotto, M. Diagnostic strategies using myoglobin measurement in myocardial infarction. Clin. Chim. Acta 1998, 272, 69–77. [Google Scholar] [CrossRef]

	



McCord, J.; Nowak, R.M.; McCullough, P.A.; Foreback, C.; Borzak, S.; Tokarski, G.; Tomlanovich, M.C.; Jacobsen, G.; Weaver, W.D. Ninety-minute exclusion of acute myocardial infarction by use of quantitative point-of-care testing of myoglobin and troponin I. Circulation 2001, 104, 1483–1488. [Google Scholar] [CrossRef]

	



Acharya, U.R.; Kannathal, N.; Hua, L.M.; Yi, L.M. Study of heart rate variability signals at sitting and lying postures. J. Bodyw. Mov. Ther. 2005, 9, 134–141. [Google Scholar] [CrossRef]

	



Herring, N.; Paterson, D. ECG diagnosis of acute ischaemia and infarction: Past, present and future. J. Assoc. Phys. 2006, 99, 219–230. [Google Scholar] [CrossRef]

	



Stern, S. Electrocardiogram. Circulation 2006, 113. [Google Scholar] [CrossRef]

	



Members, A.F.; Van de Werf, F.; Bax, J.; Betriu, A.; Blomstrom-Lundqvist, C.; Crea, F.; Falk, V.; Filippatos, G.; Fox, K.; Huber, K.; et al. Management of acute myocardial infarction in patients presenting with persistent ST-segment elevation: The Task Force on the Management of ST-Segment Elevation Acute Myocardial Infarction of the European Society of Cardiology. Eur. Heart J. 2008, 29, 2909–2945. [Google Scholar] [CrossRef]

	



Bax, J.J.; Baumgartner, H.; Ceconi, C.; Dean, V.; UK, C.D.; Fagard, R.; Funck-Brentano, C.; Hasdai, D.; Hoes, A.; Kirchhof, P.; et al. Third universal definition of myocardial infarction. J. Am. Coll. Cardiol. 2012, 60, 1581–1598. [Google Scholar]

	



Thygesen, K.; Alpert, J.S.; Jaffe, A.S.; Simoons, M.L.; Chaitman, B.R.; Vasileva, E.Y. Task Force for the Universal Definition of Myocardial Infarction. Third universal definition of myocardial infarction. Nat. Rev. Cardiol. 2012, 9, 620–633. [Google Scholar] [CrossRef] [PubMed]

	



El-Yaagoubi, M.; Goya-Esteban, R.; Jabrane, Y.; Muñoz-Romero, S.; García-Alberola, A.; Rojo-Álvarez, J.L. On the robustness of multiscale indices for long-term monitoring in cardiac signals. Entropy 2019, 21, 594. [Google Scholar] [CrossRef] [PubMed]

	



Martis, R.J.; Acharya, U.R.; Adeli, H. Current methods in electrocardiogram characterization. Comput. Biol. Med. 2014, 48, 133–149. [Google Scholar] [CrossRef]

	



Chen, Z.; Brown, E.N.; Barbieri, R. Characterizing nonlinear heartbeat dynamics within a point process framework. IEEE Trans. Biomed. Eng. 2010, 57, 1335–1347. [Google Scholar] [CrossRef]

	



Padmanabhan, M.; Yuan, P.; Chada, G.; Nguyen, H.V. Physician-Friendly Machine Learning: A Case Study with Cardiovascular Disease Risk Prediction. J. Clin. Med. 2019, 8, 1050. [Google Scholar] [CrossRef]

	



Chakraborty, A.; Chatterjee, S.; Majumder, K.; Shaw, R.N.; Ghosh, A.A.; Chatterjee, S.; Majumder, K.; Shaw, R.N.; Ghosh, A. A Comparative Study of Myocardial Infarction Detection from ECG Data Using Machine Learning. In Advanced Computing and Intelligent Technologies; Springer: Berlin/Heidelberg, Germany, 2022; pp. 257–267. [Google Scholar]

	



Sraitih, M.; Jabrane, Y.; Hajjam El Hassani, A. An Automated System for ECG Arrhythmia Detection Using Machine Learning Techniques. J. Clin. Med. 2021, 10, 5450. [Google Scholar] [CrossRef]

	



Khan, M.U.; Aziz, S.; Malik, A.; Imtiaz, M.A. Detection of Myocardial Infarction using Pulse Plethysmograph Signals. In Proceedings of the 2019 International Conference on Frontiers of Information Technology (FIT), Islamabad, Pakistan, 16–18 December 2019; pp. 95–955. [Google Scholar] [CrossRef]

	



Kumar, M.; Pachori, R.B.; Acharya, U.R. Automated diagnosis of myocardial infarction ECG signals using sample entropy in flexible analytic wavelet transform framework. Entropy 2017, 19, 488. [Google Scholar] [CrossRef]

	



Wang, Z.; Qian, L.; Han, C.; Shi, L. Application of multi-feature fusion and random forests to the automated detection of myocardial infarction. Cogn. Syst. Res. 2020, 59, 15–26. [Google Scholar] [CrossRef]

	



Sopic, D.; Aminifar, A.; Aminifar, A.; Atienza, D. Real-Time Event-Driven Classification Technique for Early Detection and Prevention of Myocardial Infarction on Wearable Systems. IEEE Trans. Biomed. Circuits Syst. 2018, 12, 982–992. [Google Scholar] [CrossRef]

	



Arenas, W.J.; Sotelo, S.A.; Zequera, M.L.; Altuve, M. Morphological and temporal ecg features for myocardial infarction detection using support vector machines. In Latin American Conference on Biomedical Engineering; Springer: Berlin/Heidelberg, Germany, 2019; pp. 172–181. [Google Scholar]

	



Arenas, W.J.; Zequera, M.L.; Altuve, M.; Sotelo, S.A. Linear and Nonlinear Features for Myocardial Infarction Detection Using Support Vector Machine on 12-Lead ECG Recordings. In Proceedings of the European Medical and Biological Engineering Conference, Portorož, Slovenia, 29 November–3 December 2020; Springer: Berlin/Heidelberg, Germany, 2020; pp. 758–766. [Google Scholar]

	



Fatimah, B.; Singh, P.; Singhal, A.; Pramanick, D.; Pranav, S.; Pachori, R.B. Efficient detection of myocardial infarction from single lead ECG signal. Biomed. Signal Process. Control. 2021, 68, 102678. [Google Scholar] [CrossRef]

	



Kora, P. ECG based myocardial infarction detection using hybrid firefly algorithm. Comput. Methods Programs Biomed. 2017, 152, 141–148. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, G.; Si, Y.; Wang, D.; Yang, W.; Sun, Y. Automated Detection of Myocardial Infarction Using a Gramian Angular Field and Principal Component Analysis Network. IEEE Access 2019, 7, 171570–171583. [Google Scholar] [CrossRef]

	



Jian, J.Z.; Ger, T.R.; Lai, H.H.; Ku, C.M.; Chen, C.A.; Abu, P.A.R.; Chen, S.L. Detection of Myocardial Infarction Using ECG and Multi-Scale Feature Concatenate. Sensors 2021, 21, 1906. [Google Scholar] [CrossRef] [PubMed]

	



Fu, L.; Lu, B.; Nie, B.; Peng, Z.; Liu, H.; Pi, X. Hybrid network with attention mechanism for detection and location of myocardial infarction based on 12-lead electrocardiogram signals. Sensors 2020, 20, 1020. [Google Scholar] [CrossRef]

	



Sridhar, C.; Lih, O.S.; Jahmunah, V.; Koh, J.E.; Ciaccio, E.J.; San, T.R.; Arunkumar, N.; Kadry, S.; Rajendra Acharya, U. Accurate detection of myocardial infarction using non linear features with ECG signals. J. Ambient. Intell. Humaniz. Comput. 2021, 12, 3227–3244. [Google Scholar] [CrossRef]

	



Xiao, C.; Guo, Y.; Zhao, K.; Liu, S.; He, N.; He, Y.; Guo, S.; Chen, Z. Prognostic Value of Machine Learning in Patients with Acute Myocardial Infarction. J. Cardiovasc. Dev. Dis. 2022, 9, 56. [Google Scholar] [CrossRef]

	



Sharma, M.; San Tan, R.; Acharya, U.R. A novel automated diagnostic system for classification of myocardial infarction ECG signals using an optimal biorthogonal filter bank. Comput. Biol. Med. 2018, 102, 341–356. [Google Scholar] [CrossRef]

	



Dohare, A.K.; Kumar, V.; Kumar, R. Detection of myocardial infarction in 12 lead ECG using support vector machine. Appl. Soft Comput. 2018, 64, 138–147. [Google Scholar] [CrossRef]

	



Diker, A.; Comert, Z.; Avci, E.; Velappan, S. Intelligent system based on Genetic Algorithm and support vector machine for detection of myocardial infarction from ECG signals. In Proceedings of the 2018 26th Signal Processing and Communications Applications Conference (SIU), Izmir, Turkey, 2–5 May 2018; pp. 1–4. [Google Scholar] [CrossRef]

	



Han, C.; Shi, L. Automated interpretable detection of myocardial infarction fusing energy entropy and morphological features. Comput. Methods Programs Biomed. 2019, 175, 9–23. [Google Scholar] [CrossRef]

	



Han, C.; Shi, L. ML–ResNet: A novel network to detect and locate myocardial infarction using 12 leads ECG. Comput. Methods Programs Biomed. 2020, 185, 105138. [Google Scholar] [CrossRef] [PubMed]

	



Venton, J.; Harris, P.; Sundar, A.; Smith, N.; Aston, P. Robustness of convolutional neural networks to physiological electrocardiogram noise. Philos. Trans. R. Soc. 2021, 379, 20200262. [Google Scholar] [CrossRef] [PubMed]

	



Ma, L.; Liang, L. Enhance CNN Robustness Against Noises for Classification of 12-Lead ECG with Variable Length. In Proceedings of the 19th IEEE International Conference on Machine Learning and Applications (ICMLA), Miami, FL, USA, 14–17 December 2020; pp. 839–846. [Google Scholar]

	



Pandey, S.K.; Janghel, R.R.; Vani, V. Patient Specific Machine Learning Models for ECG Signal Classification. Procedia Comput. Sci. 2020, 167, 2181–2190. [Google Scholar] [CrossRef]

	



Karunakaran, V.; Saranr, M.; Abishek, S.; Vojaswwin, A.; Ramachandran, K. Detection of Obstructive Sleep Apnea from ECG Signal Using SVM Based Grid Search. Int. J. Electron. Telecommun. 2021, 67, 5–12. [Google Scholar]

	



Karpagachelvi, S.; Arthanari, M.; Sivakumar, M. Classification of electrocardiogram signals with support vector machines and extreme learning machine. Neural Comput. Appl. 2012, 21, 1331–1339. [Google Scholar] [CrossRef]

	



Wu, Q.; Zhou, D.X. Analysis of support vector machine classification. J. Comput. Anal. Appl. 2006, 8, 99–119. [Google Scholar]

	



Awad, M.; Khanna, R. Support vector machines for classification. In Efficient Learning Machines; Springer: Berlin/Heidelberg, Germany, 2015; pp. 39–66. [Google Scholar]

	



Van Messem, A. Chapter 10—Support vector machines: A robust prediction method with applications in bioinformatics. In Principles and Methods for Data Science; Srinivasa Rao, A.S., Rao, C., Eds.; Handbook of Statistics; Elsevier: Amsterdam, The Netherlands, 2020; Volume 43, pp. 391–466. [Google Scholar]

	



Schölkop, B. An Introduction to Support Vector Machines. In Recent Advances and Trends in Nonparametric Statistics; Akritas, M.G., Politis, D.N., Eds.; JAI: Amsterdam, The Netherlands, 2003; pp. 3–17. [Google Scholar]

	



Li, T.; Gao, M.; Song, R.; Yin, Q.; Chen, Y. Support Vector Machine Classifier for Accurate Identification of piRNA. Appl. Sci. 2018, 8, 2204. [Google Scholar] [CrossRef]

	



Lekhal, R.; Zidelmal, Z.; Ould-Abdesslam, D. Optimized time–frequency features and semi-supervised SVM to heartbeat classification. Signal Image Video Process. 2020, 14, 1471–1478. [Google Scholar] [CrossRef]

	



Raj, S.; Ray, K.C. ECG signal analysis using DCT-based DOST and PSO optimized SVM. IEEE Trans. Instrum. Meas. 2017, 66, 470–478. [Google Scholar] [CrossRef]

	



Samanthula, B.K.; Elmehdwi, Y.; Jiang, W. K-nearest neighbor classification over semantically secure encrypted relational data. IEEE Trans. Knowl. Data Eng. 2014, 27, 1261–1273. [Google Scholar] [CrossRef]

	



Khatibi, T.; Rabinezhadsadatmahaleh, N. Proposing feature engineering method based on deep learning and K-NNs for ECG beat classification and arrhythmia detection. Phys. Eng. Sci. Med. 2020, 43, 49–68. [Google Scholar] [CrossRef] [PubMed]

	



Coutinho, D.P.; Silva, H.; Gamboa, H.; Fred, A.; Figueiredo, M. Novel fiducial and non-fiducial approaches to electrocardiogram-based biometric systems. IET Biom. 2013, 2, 64–75. [Google Scholar] [CrossRef]

	



Kutlu, Y.; Kuntalp, D. A multi-stage automatic arrhythmia recognition and classification system. Comput. Biol. Med. 2011, 41, 37–45. [Google Scholar] [CrossRef] [PubMed]

	



Martis, R.J.; Acharya, U.R.; Prasad, H.; Chua, C.K.; Lim, C.M.; Suri, J.S. Application of higher order statistics for atrial arrhythmia classification. Biomed. Signal Process. Control. 2013, 8, 888–900. [Google Scholar] [CrossRef]

	



Homaeinezhad, M.R.; Atyabi, S.A.; Tavakkoli, E.; Toosi, H.N.; Ghaffari, A.; Ebrahimpour, R. ECG arrhythmia recognition via a neuro-SVM–KNN hybrid classifier with virtual QRS image-based geometrical features. Expert Syst. Appl. 2012, 39, 2047–2058. [Google Scholar] [CrossRef]

	



Breiman, L. Random forests. Mach. Learn. 2001, 45, 5–32. [Google Scholar] [CrossRef]

	



Kung, B.H.; Hu, P.Y.; Huang, C.C.; Lee, C.C.; Yao, C.Y.; Kuan, C.H. An Efficient ECG Classification System using Resource-Saving Architecture and Random Forest. IEEE J. Biomed. Health Inf. 2020, 25, 1904–1914. [Google Scholar] [CrossRef]

	



Kropf, M.; Hayn, D.; Schreier, G. ECG classification based on time and frequency domain features using random forests. In Proceedings of the Computing in Cardiology (CinC), Rennes, France, 24–27 September 2017; pp. 1–4. [Google Scholar]

	



Asl, B.M.; Setarehdan, S.K.; Mohebbi, M. Support vector machine-based arrhythmia classification using reduced features of heart rate variability signal. Artif. Intell. Med. 2008, 44, 51–64. [Google Scholar] [CrossRef]

	



Pincus, S.M. Approximate entropy as a measure of system complexity. Proc. Natl. Acad. Sci. USA 1991, 88, 2297–2301. [Google Scholar] [CrossRef]

	



Balasubramanian, K.; Nair, S.S.; Nagaraj, N. Classification of periodic, chaotic and random sequences using approximate entropy and Lempel–Ziv complexity measures. Pramana 2015, 84, 365–372. [Google Scholar] [CrossRef]

	



Yentes, J.M.; Hunt, N.; Schmid, K.K.; Kaipust, J.P.; McGrath, D.; Stergiou, N. The appropriate use of approximate entropy and sample entropy with short data sets. Ann. Biomed. Eng. 2013, 41, 349–365. [Google Scholar] [CrossRef] [PubMed]

	



Grassberger, P.; Procaccia, I. Measuring the strangeness of strange attractors. In The Theory of Chaotic Attractors; Springer: Berlin/Heidelberg, Germany, 2004; pp. 170–189. [Google Scholar]

	



Eckmann, J.P.; Ruelle, D. Ergodic theory of chaos and strange attractors. In The theory of Chaotic Attractors; Springer: Berlin/Heidelberg, Germany, 1985; pp. 273–312. [Google Scholar]

	



Chen, W.; Wang, Z.; Xie, H.; Yu, W. Characterization of surface EMG signal based on fuzzy entropy. IEEE Trans. Neural Syst. Rehabil. Eng. 2007, 15, 266–272. [Google Scholar] [CrossRef] [PubMed]

	



Bousseljot, R.D.; Kreiseler, D.; Schnabel, A. The PTB Diagnostic ECG Database. 2004. Available online: https://physionet.org/content/ptbdb/1.0.0/ (accessed on 20 February 2022). [CrossRef]

	



Moody, G.B.; Mark, R.G. MIT-BIH Arrhythmia Database. 1992. Available online: https://physionet.org/content/mitdb/1.0.0/ (accessed on 24 February 2022). [CrossRef]

	



Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.; et al. Scikit-learn: Machine learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830. [Google Scholar]

	



Shi, H.; Wang, H.; Zhang, F.; Huang, Y.; Zhao, L.; Liu, C. Inter-patient heartbeat classification based on region feature extraction and ensemble classifier. Biomed. Signal Process. Control. 2019, 51, 97–105. [Google Scholar] [CrossRef]








[image: Jcm 11 04935 g001 550] 





Figure 1. Overall procedures in ECG myocardial infarction classification based on the proposed models. 
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Figure 2. An illustration of two class samples after the preprocessing stage: (a) normal sinus rhythm (NOR) and (b) myocardial infarction (MI). 
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Figure 3. (a) SVM model learning curve, (b) KNN Model learning curve, (c) RF Model learning curve. 
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Figure 4. Illustration of original ECG signal: (a) normal sinus rhythm, (b) myocardial infarction sinus rhythm. 
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Figure 5. Illustration of different ECG signals after adding noises: (a,b) added electrode motion noise with SNR = 16 dB, (c,d) added baseline wander noise with SNR = 8 dB, (e,f) added muscle artifact noise with SNR = 2 dB, (g,h) added muscle artifact noise with SNR = −2 dB. 
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Figure 6. MSE versus SNR of the ECG-filtered signal with added noise. 
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Figure 7. ApEn versus SNR of the ECG-filtered signal with added noise. 
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Figure 8. FzEn versus SNR of the ECG-filtered signal with added noise. 
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Figure 9. The precision performance of predicting the classes of the signal with added noises by the trained models, (a) for added muscle artifact noise, (b) for added electrode motion noise, (c) for added baseline wander noise. 
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Figure 10. The recall performance of predicting the classes of the signal with added noises by the trained models, (a) for added muscle artifact noise, (b) for added electrode motion noise, (c) for added baseline wander noise. 
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Figure 11. The F1-score performance of predicting the classes of the signals with added noises by the trained models, (a) for added muscle artifact noise, (b) for added electrode motion noise, (c) for added baseline wander noise. 
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Figure 12. The accuracy performance of predicting the classes of the signal with added noises by the trained models, (a) for added muscle artifact noise, (b) for added electrode motion noise, (c) for added baseline wander noise. 
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Table 1. The group separation with the number of records in each group from the PTB database.
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Data Set

	
Class

	
No. of Records

	
No. of 12-Lead Records






	
G1

	
NOR

	
27

	
324




	
MI

	
27

	
324




	
G2

	
NOR

	
26

	
312




	
MI

	
26

	
312




	
Total

	

	
106

	
1272
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Table 2. Parameter selections.
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Data Set

	
Class

	
No. of Samples






	
G1

	
NOR

	
13.380




	
MI

	
13.245




	
G2

	
NOR

	
12.135




	
MI

	
10.755
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Table 3. Optimized hyperparameters for each model.
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Models

	
Range of Grid






	
SVM

	
kernel = [‘rbf’, ‘sigmoid’], C = [10, 100], gammas = [0.1, 0.01, 0.001]




	
kNN

	
metric = [‘euclidean’, ‘manhattan’], n-neighbors = [1:11] interval: 2,




	
weights = [‘uniform’, ‘distance’]




	
RF

	
n-estimators = [200, 400, 800], criterion = [‘gini’, ‘entropy’],




	
max-depth = [5, 15, 25], min-samples-split = [5, 10, 15]
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Table 4. Prediction performance comparison.
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Classifier

	
Classes

	
Precision

	
Recall

	
F1-Score

	
Accuracy






	
SVM

	
NOR

	
0.75

	
0.78

	
0.76

	
0.74




	
MI

	
0.73

	
0.70

	
0.72

	




	
KNN

	
NOR

	
0.69

	
0.78

	
0.73

	
0.70




	
MI

	
0.71

	
0.61

	
0.66

	




	
RF

	
NOR

	
0.76

	
0.77

	
0.77

	
0.75




	
MI

	
0.74

	
0.73

	
0.73
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Table 5. Classification report.
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Classifier

	
Classification Report






	
SVM

	

	

	
predicted label




	

	

	
NOR

	
MI




	
True label

	
NOR

	
0.78

	
0.22




	

	
MI

	
0.3

	
0.70




	

	

	

	
predicted label




	

	

	

	
NOR

	
MI




	
KNN

	
True label

	
NOR

	
0.78

	
0.22




	

	
MI

	
0.39

	
0.61




	

	

	

	
predicted label




	

	

	

	
NOR

	
MI




	
RF

	
True label

	
NOR

	
0.77

	
0.23




	

	
MI

	
0.27

	
0.73
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Table 6. Prediction performance comparison.
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Classifier

	
Classes

	
Precision

	
Recall

	
F1-Score

	
Accuracy






	
SVM

	
NOR

	
0.70

	
0.70

	
0.70

	
0.68




	
MI

	
0.66

	
0.66

	
0.66

	




	
KNN

	
NOR

	
0.66

	
0.69

	
0.67

	
0.65




	
MI

	
0.63

	
0.60

	
0.61

	




	
RF

	
NOR

	
0.72

	
0.61

	
0.66

	
0.66




	
MI

	
0.62

	
0.73

	
0.67
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Table 7. Classification report.
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Classifier

	
Classification Report






	
SVM

	

	

	
predicted label




	

	

	
NOR

	
MI




	
True label

	
NOR

	
0.70

	
0.30




	

	
MI

	
0.34

	
0.66




	

	

	

	
predicted label




	

	

	

	
NOR

	
MI




	
KNN

	
True label

	
NOR

	
0.69

	
0.31




	

	
MI

	
0.40

	
0.60




	

	

	

	
predicted label




	

	

	

	
NOR

	
MI




	
RF

	
True label

	
NOR

	
0.61

	
0.39




	

	
MI

	
0.27

	
0.73
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Table 8. Comparison with other works in the literature.
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Ref.

	
FeEx

	
CM

	
Acc(%)

	
Se

	
Sp






	
Dohare et al. [38]

	
yes

	
SVM

	
96.66

	
96.66

	
96.66




	
Sopic et al. [27]

	
yes

	
RF

	
82.36

	
87.95

	
78.82




	
Diker et al. [39]

	
yes

	
SVM

	
87.80

	
86.97

	
88.67




	
Liu et al. [5]

	
yes

	
CNN + BLSTM

	
93.08

	
94.42

	
86.29




	
Han and Shi [41]

	
yes

	
ML-ResNet

	
95.49

	
94.85

	
97.37




	
Wang et al. [26]

	
yes

	
KNN

	
77.51

	
73

	
82.01




	
Ma and Liang [43]

	
No

	
CNN + 1.0NSR

	
0.65–0.83 *

	
-

	
-




	

	

	

	

	
NOR

	
MI




	

	

	

	

	
Se

	
   Pe +   

	
Se

	
   Pe +   




	
Proposed method

	
No

	
RF

	
0.5–75

	
77

	
76

	
73

	
74








* Intra-patient paradigm and against white noise.
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