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ABSTRACT 

Myocardial infarction (MI) is the irreversible necrosis of heart muscles caused by prolonged 

ischemic condition. Subsequently

expected to have an effect on the

characterization of post-MI ECG from bipolar and augmented limb leads. Data from patients 

of inferior and anterior MI, as well as

ECG Database. Noise removal is performed 

extracted from energy spectral density of bipolar and augmented limb leads. Classification via 

k-nearest neighbor method revealed that features from 

bipolar limb leads in terms of training and testing accuracies. Hence, power ratio 

from the augmented limb leads exhibit higher degree of separation between the ECG classes.
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Myocardial infarction (MI) is the irreversible necrosis of heart muscles caused by prolonged 

Subsequently, the presence of damaged tissues in post-MI patients is 

expected to have an effect on their electrocardiogram (ECG). Hence, this paper proposes 

MI ECG from bipolar and augmented limb leads. Data from patients 

of inferior and anterior MI, as well as healthy controls are acquired from PTB Diagnostic 

ECG Database. Noise removal is performed using band-pass filter. Power ratio is then 

extracted from energy spectral density of bipolar and augmented limb leads. Classification via 

revealed that features from the augmented limb leads outperform 

bipolar limb leads in terms of training and testing accuracies. Hence, power ratio 

from the augmented limb leads exhibit higher degree of separation between the ECG classes.
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Myocardial infarction (MI) is the irreversible necrosis of heart muscles caused by prolonged 

MI patients is 

electrocardiogram (ECG). Hence, this paper proposes 

MI ECG from bipolar and augmented limb leads. Data from patients 

healthy controls are acquired from PTB Diagnostic 

pass filter. Power ratio is then 

extracted from energy spectral density of bipolar and augmented limb leads. Classification via 

augmented limb leads outperform 

bipolar limb leads in terms of training and testing accuracies. Hence, power ratio features 

from the augmented limb leads exhibit higher degree of separation between the ECG classes. 
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1. INTRODUCTION 

Electrocardiogram (ECG) is a non-invasive electrical recording of cardiac activities. The 

bio-potential signal originates from ionic fluctuations that occur during propagation of 

impulse throughout the heart’s conduction system. The fluctuations can be detected by 

specialized electrodes that are placed on the left and right arms as well as left leg, which 

effectively forms the limb lead system. While bipolar configuration measures the potential 

difference between pairs of electrodes, the augmented limb leads are unipolar configurations 

that utilize Goldberger’s central terminal as a common reference. The six leads from bipolar 

and augmented limb leads view the electrical activities of the heart from the frontal plane. The 

multiple lead systems provide opportunity for cardiologists to localize sources of abnormality 

within the heart’s conduction system [1]. Arrhythmias are a manifestation of anomalies that 

occurs within the anatomical structure of the heart. Among the widely researched heart 

conditions include bundle branch blocks[2-3], cardiomyopathy[4-7]and premature ventricular 

contraction [8]. Explicitly, necrosis of the myocardium istriggered by depravation of oxygen 

for prolonged periods of time. The ischemic conditions are usually caused by coronary artery 

disease. Without proper treatment, acute myocardial infarction often results in cardiac arrest 

and death [9]. 

In an effort to develop computerized ECG diagnostic systems, extensive studies have been 

conducted to identify suitable features for distinguishing arrhythmias from normal sinus 

rhythms. Various pre-processing and feature extraction techniques have since been proposed 

which include time-domain morphological features [10-11],wavelet transforms [8] and 

spectral analysis. Frequency range of 1 Hz to 20 Hz which is generally associated with QRS 

complex has shown to be very reliable for discriminating between arrhythmias andnormal 

sinus rhythm. Frequency range lower than 1 Hz is associated with baseline drift and breathing. 

Meanwhile, the power starts to deteriorate beyond 12 Hz. Hence, the frequency content ofless 

than 20 Hz is not exposed to power line interference and noise from electromyogram [12]. 

Signal power of individual ECG varies due to the dissimilar body composition [1]. As the 

information in one lead is correlated with each other,one suitable approach is to normalize the 

energy from individual lead against the total energy within the same lead system. The 

obtained results would thus, quantify the inter-relationship of energy between the various 
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leads. Such approach has yet to be implemented in ECG studies, but has beensuccessfully 

applied to electroencephalogram(EEG) to quantify the inter-relationship of different EEG 

bands in various cognitive processes [13-14]. 

Establishment of new pre-processing and feature extraction algorithms are often 

complemented with statistical or intelligent modelling methods. These include instance-based 

learning algorithms such as Bayesian network and k-nearest neighbor (kNN) [15], to 

advanced techniques such as artificial neural network [3-4] and support vector machines [16]. 

Each of these methods has unique advantages and is implemented to address specific research 

needs. In a study requiring investigation of new ECG features, kNN would be suitable as it 

requires minimal processing and proven robust with sufficiently large dataset [17]. kNN is a 

non-parametric classification algorithm that has been implemented in a wide range of pattern 

recognition studies. The method is based on the rule that instances within a set of data should 

exist in close proximity to other instances of similar attributes. Nevertheless, such approach is 

highly reliant on selection of neighborhood distance, k. While a simple approach is to conduct 

repetitive trials for varying k and assess the performance, a more constructive approach is 

proposed via cross-validation techniques [18]. 

Despite the recent progress and developments, none have focused on characterizing the 

pattern of ECG with history of acute MI. Therefore, the study aims to investigate the ECG of 

post-MI patients and healthy controls. Samples from post-MI will also be segregated into 

inferior and anterior MI. The pattern of features will be observed using standard error of mean 

and classified using kNN with k-fold cross-validation. 

 

2. METHODOLOGY 

The overall framework of the study is comprised of ECG acquisition, signal pre-processing 

and extraction of power ratio from bipolar and augmented limb leads, pattern observation via 

standard error of mean, and feature classification using kNN with k-fold cross-validation. 

Classification is performed for various combinations of features based on the bipolar and 

augmented limb leads systems. Fig. 1 summarizes the flow of research methods. 
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Fig.1. Flowchart of research methods 

2.1. ECG Acquisition 

ECG from thirty-five subjects isacquired from the PTB Diagnostic ECG Database [19]. Seven 

are patients of inferior MI, while another eight are survivors of anterior MI. Based on the 

historical records, all fifteen patients experienced acute MI once. Samples from the other 

twenty subjects are used as healthy control. 

2.2.Signal Pre-Processing and Extraction of Power Ratio Features 

All signal pre-processing and feature extraction is executed in MATLAB. Baseline correction 

and removal of power line interference is performed by applying band-pass finite impulse 

response filter (FIR) between 1 Hz to 20 Hz. The frequency range is vital as it is associated 

with the behavior of QRS complex. Hence, any deviation from normal sinus rhythm can be 

quantified within the specified spectrum. FIR filter is being adopted due to its linear phase 

response property whichavoids distortion of phase information among the lead systems 

[20].Subsequently, the entire length of signal is segregated into smaller 5 seconds segments. 

Fast Fourier transform (FFT) algorithm is then implemented to estimate the power spectral 
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density (PSD) via Welch method.Each signal segment is divided into 50% overlapping epochs, 

with FFT length of 1024. The processing approach adopts the Hamming window 

function.Energy spectral density (ESD) is then obtained by determining the area under the 

PSD curve. Subsequently, the information between the bipolar limb leads is normalized 

through the power ratio relationships expressed by Equation (1), (2) and (3). For ESDI, ESDII 

and ESDIII, each represent the ESD of Lead I, Lead II and Lead III. 
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Likewise, the power ratio relationship between the augmented limb leads is expressed by 

Equation (4), (5) and (6). For ESDaVR, ESDaVL and ESDaVF, each represent the ESD of Lead 

aVR, Lead aVL and Lead aVF. 
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Based on historical data, power ratio features from bipolar and augmented limb leads are then 

clustered into the respective ECG classes. The patternsare observed in SPSS using standard 

error of mean. These reveal the variability of features within the control groups. 

2.3.k-Nearest Neighbor and k-Fold Cross-Validation 

The classification algorithm for kNN is relatively unsophisticated. The unlabeled power ratio 

features will be identified based on the rule of majority. The classifier initially memorizes the 

features from training dataset based on the corresponding ECG class labels. Subsequently, the 

unlabeled power ratio features from the testing dataset will be classified by assigning the most 

frequent ECG class label with k nearest training samples. In this study, the classification 
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adopts Euclidean distance and is performed for k=1 to k=5. 80% of the samples are used for 

training and the other 20% for testing. 

The overall classification performance is assessed using accuracy (Acc), positive predictivity 

(Pp) and sensitivity (Se). The parameters are each expressed by Equation (7), (8) and (9) 

where TP, is the true positives, TN is true negatives, FP is false positives and FN is false 

negatives. 

      %100
FNFPTNTP

TNTP
Acc 




          (7) 

      %100
FPTP

TP
Pp 


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      %100
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
             (9) 

Subsequently, the true performance is assessed by incorporating k-fold cross-validation into 

the kNN algorithm. Prior to classification, a disjointed training and datasets are formed using 

random sampling method. The cross-validation estimate is the total of correct classification 

that is averaged over the number of folds within the dataset. Hence, features are assumed 

stable for specific set of data and perturbations if similar prediction is being induced with 

different set of perturbations. 

In this study, the dataset is randomly segregated into five disjointed folds. At any one time, 

four folds are used for training while the remaining one fold is used for testing. These match 

the 80:20 ratio of training and testing dataset that is implemented in kNN. At varying k 

iteration, different combination of folds will form the datasets for training and testing. 

Therefore, the classifier is trained and tested for five instances. The results are then averaged 

to obtain the true classification performance. 

In an attempt to compare the effectiveness of different lead systems for discriminating ECG of 

post-MI patients and the healthy controls, the classifier will be trained and tested separately 

for bipolar and augmented limb leads. Extended investigation is also performed using 

combination of both lead systems. 

 

3. RESULTS AND DISCUSSION  

The findings initially discusses on clustering of data. This is followed by observation of mean 

power ratio patterns for bipolar and augmented limb leads. Subsequently, results pertaining to 
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classification of power ratio features are elaborated based on the different lead systems. 

3.1.Data Clustering 

Samples are clustered into inferior MI, anterior MI and healthy controls based on the 

historical record from PTB Diagnostic ECG Database. For classification purposes, each ECG 

class has been assigned unique index label. Extraction of power ratio features has resulted in 

1080 samples for each group. Table 1 summarizes the distribution of samples according to the 

ECG classes. 

Table 1.Distribution of sample based on the ECG classes 

ECG Class No. of Subjects  Index No. of Samples 

Inferior MI 7  1 1080 

Anterior MI 8  2 1080 

Healthy Controls 20  3 1080 

3.2.Power Ratio for Bipolar Limb Leads 

Mean power ratio and standard error for bipolar limb leads are shown in Fig. 2. Through 

visual inspection, the highest mean for Lead I is attained by ECG with anterior MI, followed 

by inferior MI. Healthy controls attained the lowest mean power ratio for Lead I. It is notable 

that the feature for Lead I have high degree of overlapping between standard error mean 

forinferior and anterior MI. Meanwhile, the highest mean for Lead II is attained by the ECG 

of healthy controls. This is followed by those with anterior MI and then, the inferior MI. 

Conversely, the highest mean power ratio for Lead III is achieved by ECG with anterior MI, 

followed by inferior MI. The healthy controls have attained the lowest mean power ratio for 

Lead III. No overlapping of standard error has been observed for the features in Lead II and 

Lead III. 
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Fig.2.Standard error of mean for power ratio features from bipolar limb leads 

3.3.Power Ratio for Augmented Limb Leads 

Separately, Fig. 3 demonstrates the mean power ratio and standard error for augmented limb 

leads. Through similar visual inspection, the highest mean for Lead aVR is attained by 

healthy controls. This is followed by those with inferior MI and subsequently, anterior MI. 

Meanwhile, the highest mean power ratio for Lead aVL is achieved by ECG with inferior MI, 

followed by anterior MI. The lowest mean for Lead aVL is attained by healthy controls. 

Conversely, the healthy controls obtained the highest mean power ratio for Lead aVF. This is 

subsequently followed by ECG with anterior MI. Those with inferior MI attained the lowest 

mean power ratio for Lead aVF. Comparatively, no overlapping in standard error has been 

observed for the features in Lead aVR, Lead aVL and Lead aVF, therefore indicating better 

separation than the bipolar limb leads. 
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Fig.3.Standard error of mean for power ratio features from augmented limb leads 

3.4. Classification of Power Ratio: Bipolar Limb Leads 

Initially, classification is performed separately between power ratio features of bipolar and 

augmented limb leads. The mean classification accuracies for power ratio from bipolar limb 

leads are shown in Fig. 4. In principle, k=1 indicates classification of similarly labeled 

features. This produces optimum results with minimum intrusion from features of other ECG 

classes. The neighboring distance however is positively correlated with probability of 

disturbance. Should the classification attain similar performance even with increasing distance, 

this indicates good separation of features among the ECG classes. Hence, the optimum 

performance is assessed based on the highest accuracy for the furthest neighboring distance. 

The best classification performance for power ratio from bipolar limb leads are achieved at k= 

2 with 100% accuracy for training and 89.4% accuracy for testing. The performance however 

deteriorates with increasing distance. At k=5, the training accuracy recorded a reduction of 7.5% 

and testing accuracy declines by 2.3%. This reflects the effect of interference from features of 

other ECG classes. For each k, testing accuracy yielded lower results than training due to 

smaller sample size and overlapping of features between the groups. Positive predictivity and 
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sensitivity for each control groups at k=2 is shown in Table 2. The classifier attained perfect 

performance during the training stage. For testing however, the ECG classes attained positive 

predictivity and sensitivity of approximately 89.4%. 

 

Fig.4.Mean accuracies for classification of power ratio features from bipolar limb leads 

Table 2.Five-fold mean positive predictivity and sensitivity for classification of power ratio 

features from bipolar limb leads at k=2 

ECG Classes Training Testing 

Pp (%) Se (%) Pp (%) Se (%) 

Inferior MI 100 100 90.3 89.9 

Anterior MI 100 100 88.4 89.0 

Healthy Controls 100 100 89.5 89.3 

3.5.Classification of Power Ratio: Augmented Limb Leads 

The best classification performance for power ratio from augmented limb leads are attained at 

k= 2 with 100% training accuracy and 93.3% testing accuracy. Similarly, the performance 

deteriorates with increasing neighboring distance. At k=5, the training accuracy declines 

by4.9% and testing accuracy by0.3%.Mean positive predictivity and sensitivity for each ECG 
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classes at k=2 is shown in Table 3. The training stage yielded perfect results. However, during 

testing, the control groups attained positive predictivity of approximately 93.4% and 

sensitivity of approximately 93.3%. 

 

Fig.5.Mean accuracies for classification of power ratio features from augmented limb leads 

Table 3.Five-fold mean positive predictivity and sensitivity for classification of power ratio 

features from augmented limb leads at k=2 

ECG Classes Training Testing 

Pp (%) Se (%) Pp (%) Se (%) 

Inferior MI 100 100 92.7 93.1 

Anterior MI 100 100 94.3 93.3 

Healthy Controls 100 100 93.1 93.4 

3.6.Classification of Power Ratio: Combination ofBipolar and Augmented Limb Leads 

An extended investigation is conducted to assess the effect of combining both lead systems 

for discriminating ECG from healthy controls and post-MI patients. The best classification 

performance are attained at k=2 with 100% accuracy for training and 91.2% accuracy for 

testing. At k=5, training accuracy recorded a decline of 6.0% and testing accuracy at 
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1.9%.The overall performance is superior to the bipolar limb lead system, but is inferiorto the 

augmented limb leads. Similar pattern in performance can also be observed in the 

deteriorating accuracies at k=5. 

 

Fig.6.Mean accuracies for classification of power ratio features from bipolar and augmented 

limb leads 

Meanwhile, positive predictivity and sensitivity for each ECG classes at k=2 is shown in 

Table 4. The classifier attained 100% performancefor the training stage. During testing 

however, the control groups attained positive predictivity and sensitivity of approximately 

91.2%. The performance is also better than bipolar limb lead system, but is inferior to the 

augmented limb leads. 

Table 4.Five-fold mean positive predictivity and sensitivity for classification of power ratio 

features from bipolar and augmented limb leads at k=2 

ECG Classes Training Testing 

Pp (%) Se (%) Pp (%) Se (%) 

Inferior MI 100 100 90.7 90.9 

Anterior MI 100 100 91.1 90.5 

Healthy Controls 100 100 91.9 92.2 
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4. CONCLUSION  

Based on limited number of subjects, the study has successfully characterized the ECG of 

post-MI patients and healthy controls using the power ratio features. Distinct pattern between 

inferior and anterior MI is also observed for both bipolar and augmented limb leads. Feature 

classification via kNN has revealed superior discriminative capabilities of augmented limb 

lead system compared to the bipolar limb leads.The findings provide useful information that 

could be utilized in the development of automated systems that classify post-MI survivors 

fromthe healthy subjects. 
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