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Abstract. The electrocardiogram is an exam that quantifies the electrical activity of the heart, allowing the 

detection of the heart rhythm, the number of beats per minute and the diagnosis of various cardiac pathologies. 

This article aims to obtain a classification model based on the beats of two groups of individuals: healthy and 

unhealthy. The feature extraction methodology was used and adapted for the classification of atrial fibrillation. 

Classifications were performed in two-dimensional and three-dimensional space in the database, obtaining an 

accuracy of 97% to 100%. 
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1  Introduction 

The importance of effective diagnosis of heart disease has driven the development of computational methods 

for the more accurate detection of these heart diseases. According to the World Health Organization [4], the major 

causes of death in the world today are strongly related to problems arising from the heart. 

Atrial fibrillation (AF), the most common sustained cardiac arrhythmia in clinical practice, is an important 

and growing public health problem. It is estimated that about 2.2 million individuals are affected in the USA and 

almost 4.5 million in Europe. Its prevalence varies with age, affecting about 10% of patients over 80 years of age. 

Considering the age factor, studies project an increase of up to five times in the prevalence of AF in the year 2050 

[4]. 

Thus, the analysis of the electrocardiogram (ECG) becomes of paramount importance for the previous 

detection of abnormalities, as it is one of the most used non-invasive techniques to aid the diagnosis of Atrial 

Fibrillation [1], as well as to evidence the propensity to development or the existence of other diseases of this kind 

[4]. 

Works such as that by Queiroz et. al. [1] analyze the variation in tension that occurs in a heartbeat t interval 

using kurtosis. In Lovelock's article, Wirtz, Hemzo (2018) [5] a method is proposed based on deep convolutional 

neural networks for the classification of heartbeat capable of accurately classifying five different arrhythmias. This 

article proposes to extract the entire heartbeat of an ECG and to cluster two groups using high-order statistics, 

subsequently performing the classification in two Machine Learning algorithms. 

 

 

2  Materials and method 

In Fig.1, the methodology followed for the preparation of this article is illustrated. First, the databases to be 

used were defined, separating them into two sets of data: individuals who have normal sinus rhythm and 

individuals who have atrial fibrillation. Then, the pre-processing of the database signals and data organization for 
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the feature extraction step was performed. In this step, the values of variance, asymmetry and kurtosis of the data 

sets of each base are calculated. After that, combinations of characteristics were selected, which are represented 

by the aforementioned statistics, and placed as input for the classifiers used in this article. At the end of the process, 

the classification metric values are returned to evaluate the algorithm. 

 

 
     Figure 1. Proposed methodology. 

1.2 Data base 

The databases used were the MIT-BIH Normal Sinus Rhythm and the Intracardiac Atrial Fibrillation 

Database, both available from Goldberger et al [2] [3]. The database of patients with normal sinus rhythm contains 

18 records, of which 13 were used for this analysis. The database of patients with intra-atrial fibrillation contains 

8 patients, all of which are used. 

 From both bases, ECG signals characteristic of the DII lead, the most used in the world, were selected. The 

entire duration of the signal was selected, sampled at a frequency of 256 Hz to extract the beats. 

1.1 Pre-processing 

Each selected signal was segmented in order to obtain the respective beat, according to what is proposed by 

Queiroz et. al. [1]. The beats of each group were grouped, with a matrix A being generated by the concatenation 

of the beats of the healthy group, and a B matrix of beats of the group with intracardiac atrial fibrillation, as 

described in eq. (1): 

 

          𝐵𝑛, 𝑚 = [𝐵𝑛, 𝑎  𝐵𝑛, 𝑏  ...   𝐵𝑛, 𝑧 ].           (1) 

 

where n represents the number of beats, and m represents the total of all columns of all beats. 

    After that, the mean of its set was subtracted from the sign, dividing the result by Shannon's entropy, 
constituting Eq. (2) below: 

 

       𝐵𝑛, 𝑚 = 
𝐵𝑛,𝑚 − 

1
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   (2) 

 

where P represents the probability associated with each beat obtained. 
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1.1 Feature extraction 

In this stage, he used the extraction methodology by means of high-order statistics, until the fourth, proposed 

in Queiroz et. al. [1]. Through the equations to be described below, a vector was obtained for each of the associated 

statistics: variance, kurtosis and skewness. eq. (3), (4) and (5) represent them, respectively. 

 

                                                       𝜎𝑋
2 =  𝐸(𝑋2)  −  ((𝐸(𝑋))2.                                                 (3) 

 

         𝜆𝑋  = 𝐸[((𝑋 −  𝐸(𝑋))𝜎−1]
3
.        (4) 

 

         𝜅𝑋  = 𝐸[((𝑋 −  𝐸(𝑋))𝜎−1]
4
.        (5) 

1.1 Evaluation metrics 

Values of accuracy, sensitivity and specificity, described by eq. (6), (7) and (8) below, were used as metrics 

for the classifiers. 

 

         

     𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑉𝑃 + 𝑉𝑁

𝑉𝑃 + 𝑉𝑁 + 𝐹𝑃 + 𝐹𝑁
 𝑥 100.       (6) 

 

     𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦  =
𝑉𝑃

𝑉𝑃 + 𝐹𝑁
 𝑥 100.        (7) 

 

     𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
 𝑉𝑁

 𝑉𝑁 + 𝐹𝑃 
 𝑥 100.        (8) 

 

 

 In the equations, VP corresponds to the number of true positives, VN the true negatives, FP for false positive 

records and FN for false negative classifications. 

 

3  Simulation and Results 

This work analyzed the beats extracted from ECGS of several healthy patients with atrial fibrillation, in order 

to classify them. For the classification stage, matrices were generated, where each column is represented by 

variance, asymmetry and kurtosis, respectively. Such matrices were the inputs of the classifiers K-nearest 

Neighbors (KNN) and Support Vector Machine (SVM) in order to verify which statistical moments have greater 

accuracy, sensitivity and specificity.  In addition, a set of high-order statistics was presented for each signal in 

order to obtain which combination provides more efficiency in the classification process, where 𝜎𝑋
2 represents the 

variance of the individuals beats in the database, 𝜅𝑋  the kurtosis of the base and 𝜆𝑋 the skewness of data. 

Below, in Fig. 2 and Fig. 3, the beats of a signal from each database used are represented. In Fig.1, the beats 

of an individual with healthy beats are shown, and in Fig. 2, the beats of an individual belonging to the group of 

intracardiac atrial fibrillation. 
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Figure 1. Beats extracted from a healthy patient. 

 

Figure 2. Beats extracted from a patient with Intra cardiac Atrial Fibrillation. 

 In Tab. 1 shows the results obtained from the accuracy of the classifications of each group, with each two-

dimensional and three-dimensional combination. Tab. 2 shows results related to the sensitivity of each classifier. 

Finally, in Tab. 3, the values obtained for specificity are contained. 

Table 1. Accuracy of classifiers 

Statistics KNN SVM Metric 

𝜎𝑋
2+𝜅𝑋  100% 100% Accuracy 

𝜎𝑋
2+𝜆𝑋  87% 57% Accuracy 

𝜅𝑋 + 𝜆𝑋  37% 29% Accuracy 

𝜎𝑋
2+𝜆𝑋 +𝜅𝑋  100% 97% Accuracy 

Table 2. Sensitivity of classifiers 

Statistics KNN SVM Metric 

𝜎𝑋
2+𝜅𝑋  100% 100% Sensitivity 

𝜎𝑋
2+𝜆𝑋  92% 90% Sensitivity 

𝜅𝑋 + 𝜆𝑋  50% 47% Sensitivity 
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𝜎𝑋
2+𝜆𝑋 +𝜅𝑋  100% 96.5% Sensitivity 

Table 3. Specificity of classifiers 

Statistics KNN SVM Metric 

𝜎𝑋
2+𝜅𝑋  87% 90% Specificity 

𝜎𝑋
2+𝜆𝑋  83% 81% Specificity 

𝜅𝑋 + 𝜆𝑋  42% 37% Specificity 

𝜎𝑋
2+𝜆𝑋 +𝜅𝑋  85% 87% Specificity 

 

4  Discussion 

This work presented analysis of the characteristics in two and three dimensions. In Fig. 4, the analysis in two 

dimensions shows the separation of the data using variance and kurtosis, as shown in Tab. 1, 2 and 3, and also 

reaffirming the results discussed in Queiroz et. al. [1] and in Lucena et. al. [7], who point out that kurtosis may be 

an appropriate approach to measure sparse signals, such as ECG. In Fig. 5, the combination of kurtosis and 

skewness did not achieve a very clear separation between groups. In Fig. 6, using the variance and asymmetry of 

the data, a better separation can be obtained. 

 

 
 

   

        Figure 4. Features expressed by Variance and Kurtosis.                     

 



Template for CILAMCE 2020 full-length paper (double-click here to enter the short title of your paper) 

CILAMCE 2020 

Proceedings of the XLI Ibero-Latin-American Congress on Computational Methods in Engineering, ABMEC 

Foz do Iguaçu/PR, Brazil, November 16-19, 2020 

                                    
  

Figure 5. Features expressed by Kurtosis and Skewness. 

 

 
 

Figure 6. Features expressed by Variance and Skewness. 

 

 It was observed that combinations that use variance and kurtosis in their representations of characteristics 

obtained greater separation between the two groups. This is because ECG of individuals with atrial fibrillation 

has the highest variance, while individuals with normal sinus rhythm have a smaller variance in the data. In Fig. 
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7, a three-dimensional representation is shown, taking into account the variance, asymmetry and kurtosis of the 

set of beats of each group. 

 It can be seen that although a 3D representation provided a better visualization of the data, the accuracy of 

using only two characteristics had a greater result in the classifiers used. 

 

 
                Figure 7. Features expressed by Variance, Skewness and Kurtosis. 

5  Conclusions 

The proposed method reinforces other studies that show the effectiveness of using high-order statistics to 

extract characteristics and classify heart diseases such as atrial fibrillation. In addition, the results obtained by the 

method presented in this article can be used to assist decision making in clinical processes, in addition to detecting 

arrhythmias autonomously. In future work, different cardiovascular diseases and techniques can be used to 

improve pre-processing, as well as to apply other classifiers to evaluate metrics. 
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