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Abstract. With the development of The Times, heart disease has become the first killer of human 
health, and the initial manifestation of heart disease usually is arrhythmia, so it is particularly 
important to conduct real-time monitoring and analysis of heart rhythm. In this paper, the data 
analysis of electrocardiogram. First, we preprocessed the heart rate data to improve the accuracy of 
the subsequent analysis results. Then, the features of the data values were quantified and clustered 
using a Gaussian mixture model to determine the plausibility of the model. Next, the various 
characteristic values of the arrhythmia were compared with the normal data, and the arrhythmia was 
classified. Finally, the entropy weight method is used to empower the risk degree of different 
indicators, and to evaluate the model to determine the risk level. 

Keywords: GMM model, entropy weight method, Topsis, wavelet packet transformation, bivariate 
threshold function. 

1. Introduction 

With the development of social economy and the change of human life style, about 17.5 million 

people worldwide die from heart disease every year, accounting for 30 percent of the total deaths. 

China has become the largest death of heart disease in the world. The initial symptoms of heart 

patients are usually manifested as arrhythmia, and each heart rate abnormality category performs 

differently in the ECG and ECG frequency maps. Studies of ECG signals can effectively judge the 

heart rhythm. Therefore, more and more researchers are studying the monitoring of ECG signals. For 

people with heart disease, the real-time monitoring of ECG is an important means of judging the 

arrhythmia. 

2. data preprocessing 

The ECG signal has two characteristics of low amplitude and low frequency, so the signal is prone 

to a variety of noise, including environmental noise, power frequency interference, myelectric 

interference, baseline drift, and electrode contact noise [1]. This paper mainly denoizes power 

frequency interference, frequency interference baseline drift and myoelectric interference. 

ECG signal: 1-dimensional signal with noise is indicated as follows: 

𝑥(𝑚) = 𝑠(𝑚) + 𝜎𝑒(𝑚)  𝑚 = 0,1,2, ⋯ , 𝑁 − 1                    (1) 

The x (m) is used to represent the ECG signal containing interference, s (m) is used to represent 

the useful signal and e (m) is used to represent the noise 

The eight-scale decomposition of the ECG signals is shown in Table 1, followed by the detail 

coefficients cD1~cD7 and the approximation coefficient cA8. As can be seen from Figure 1, the 

baseline drift is mainly distributed in the cA8 scale, the power frequency interference is distributed 

in cD1, cD2, cD3., and the myoelectric interference is mainly distributed in the cD1~cD5 scale. 

Considering the distribution of interference, the ECG signal can be clean. 
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Table 1. Signal decomposition scale and coefficient range 

Decomposition the number of layers Scale coefficient 

cD1 90~180 

cD2 45~90 

cD3 22.5~45 

cD4 11.25~22.5 

cD5 5.625~11.25 

cD6 2.8125~5.625 

cD7 1.40626~2.8125 

cD8 0.703125~1.40625 

cA8 0~0.703125 

 

Fig 1. Wavelet coefficient and approximate coefficient of each layer of the ECG signal 

Wavelet transform decomposes only the low-frequency band of the signal. The wavelet packet 

transform inherits the time-frequency analysis characteristics of the wavelet transform, further 

decomposes the undecomposed high-frequency band signal in the wavelet transform, makes different 

resolution selections for various frequencies at different levels, and provides a series of sub-band time 

domain waveforms in the full frequency band range at various scales. Wavelet packet analysis is to 

further subdivide the wavelet subspace in binary mode to achieve the purpose of improving frequency 

resolution. The relationship between the wavelet transform and the wavelet packet transform is shown 

in Figure 2. 

 
a) Wavelet transformation process     b) The wavelet packet transformation process 

Fig 2. Comparison diagram of wavelet change and wavelet packet transformation 
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3. Model building and solution 

There are many common clustering methods, and after comparative analysis, the Gaussian mixture 

model can better fit the data. Therefore, the clustering method used in this paper is the GMM 

algorithm. 

3.1. The EM algorithm estimates the GMM parameters 

Define the number of components k, set the πk (Gaussian mixture coefficient) μk (mean) for each 

component k, ∑k (covariance matrix), The log-likelihood function is then calculated according to 

Equation  

𝑝(𝑥|π, μ, ∑) = ∑ π𝑘𝑁(𝑥|𝜇𝑘 , ∑𝑘)𝐾
𝑘=1                        (2) 

The log-likelihood function is given as follows 

ln 𝑝(𝑥|π, μ, ∑) = ∑ ln{∑ π𝑘𝑁(𝑥𝑘|𝜇𝑘, ∑𝑘)𝑁
𝑘=1 }𝑁

𝑛=1                   (3) 

3.2. A Gaussian mixed clustering model was built 

GMM (Gaussian mixture Model) is a probabilistic model for clustering, which uses EM algorithm 

for iterative calculation. Gaussian mixture model assumes that the data of each cluster conform to 

Gaussian distribution (also called normal distribution), and the distribution presented by the current 

data is the result of the superposition of Gaussian distribution of each cluster. 

With the random variable X, the mixed Gaussian model can be expressed by the following 

equation: 

𝑝(x) = ∑ π𝑘𝑁(𝑥|𝜇𝑘, ∑𝑘)𝐾
𝑘=1                            (4) 

Actually, it can be argued that π𝑘 is the weight of each component 𝑁(𝑥|𝜇𝑘, ∑𝑘). 

We define as four clusters, that K is 4, then the corresponding GMM form is as follows: 

𝑝(x) = π1𝑁(𝑥|𝜇1, ∑1) + π2𝑁(𝑥|𝜇2, ∑2) + π3𝑁(𝑥|𝜇3, ∑3) + π4𝑁(𝑥|𝜇4, ∑4)        (5) 

There are 12 unknown parameters in the formula, because it is not precise to specify the value of 

π𝑘 directly, so we use the EM algorithm to automatically determine the value of π𝑘 while iterating 

on the parameters in the GMM: (π𝑘, 𝑥𝑘, ∑𝑘). 

3.3. Extraction and clustering results of the time-domain features 

Through the data provided by the title, the abnormal data is subjected to wavelet packet 

transformation to obtain eight sub-bands. Seven time-domain features [7] (maximum, mean, square 

root amplitude, standard deviation, skewness, waveform, and index) are extracted. The formula is 

shown in Table 2. The total number of classifications was finally determined to be 4, with clustering 

using Gaussian mixture models, and the results are shown in Table 3. 

Table 2. Statistical characteristics of the time domain 

characteristics expression 

max 𝑀𝐴𝑋 = max (𝑋(𝑖)) 

mean 𝜇 =
1

𝑁
∑ 𝑋(𝑖)

𝑁

𝑖=1

 

Square root magnitude 𝐹𝐺𝐹𝑍 = (
1

𝑁
∑ √|𝑋(𝑖)|

𝑁

𝑖=1

)2 

Standard Deviation 𝜎 = √
∑ (𝑋(𝑖) − 𝜇)2𝑁

𝑖=1

𝑁
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Kurtosis 𝐾𝑈 =

1
𝑁

∑ (𝑋(𝑖) − 𝜇)4𝑁
𝑖=1

𝑟𝑚𝑠4
 

Skewness 𝑆𝐾 =
∑ (𝑋(𝑖) − 𝜇)3𝑁

𝑖=1

𝑁𝜎3
 

Shape Indicator 
𝑆𝐻 =

𝑟𝑚𝑠

1
𝑁

∑ |𝑋(𝑖)|𝑁
𝑛=1

 

Table 3. Cluster results of the Gaussian mixture model 

category The number of category files 

1 211 

2 255 

3 133 

4 270 

3.4. Analysis of data results 

The normal rhythm data and seven kinds of characteristic variables, by the average, at the same 

time, after the cluster four groups of abnormal rhythm data, according to the category of the average 

of seven characteristic variables, the average of the abnormal rhythm data and normal rhythm data 

comparison analysis (abnormal data-normal data), as shown in Table 4: 

Table 4. Comparison table of heart rhythm data 

 
maxi

mum 

me

an 

Square root 

magnitude 

standard 

deviation 

Skew

ness 

Wavefor

m metrics 

Steepness 

indicator 

Mean normal heart 

rhythm 

55.68

2 

0.1

08 
21.716 7.362 

1.47

1 
7.580 2.563 

Mean abnormal 

heart rhythm 

Cla

ss 1 

51.71

3 

0.6

54 
20.638 8.144 

1.18

2 
6.355 2.505 

Cla

ss 2 

55.50

9 

0.1

39 
21.681 7.343 

1.44

4 
7.564 2.560 

Cla

ss 3 

60.39

1 

0.1

16 
22.856 7.053 

1.98

1 
8.600 2.641 

Cla

ss 4 

52.70

1 

0.2

14 
21.058 7.570 

1.07

9 
6.966 2.503 

Difference 

Cla

ss 1 

-

3.969 

0.5

46 
-1.079 0.782 

-

0.28

9 

-1.225 -0.057 

Cla

ss 2 

-

0.173 

0.0

31 
-0.035 -0.020 

-

0.02

7 

-0.016 -0.003 

Cla

ss 3 
4.709 

0.0

08 
1.139 -0.309 

0.50

9 
1.020 0.078 

Cla

ss 4 

-

2.981 

0.1

06 
-0.658 0.208 

-

0.39

3 

-0.614 -0.060 

 

From the above results, it can be seen that the maximum value of class 1 is small, that is, the DC 

component of the original data is small, the overall mean is large, and the data fluctuation of class 1 

from the root value is weak. It can be seen from the standard deviation that the data is discrete, the 
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wave peak is weak, and the cliff index <3 belongs to the normal range. Class 2 is less different from 

the normal heart rhythm data, which is a normal heart rhythm, but the beating frequency is slow, and 

the cliff index <3 belongs to the normal range. The maximum value of class 3 is large, that is, the DC 

component of the original data is large, the data of class 3 fluctuates strongly, the data is concentrated, 

the wave peak is prominent, and the cliff index <3 belongs to the normal range. Class 4 is small from 

the analysis of the maximum value, and the peak is shifted to the right. From the waveform index, 

the wave peak is weak, and the cliff index <3 belongs to the normal range. 

3.5. The correspondence of the analytical results to the realistic situation of the arrhythmia 

In reality, common arrhythmias include atrial fibrillation, premature ventricular beats, atrial 

premature beats, supraventricular premature beats and so on. Comparing the data results with the 

types of arrhythmia in the real world, The arrhythmia type corresponding to each cluster can be 

obtained, The DC component of class 1 is small and the wave peak is weak, However, the larger 

mean value indicates that the high-frequency peak is significantly decreased or disappeared, While 

the low-frequency peak enhancement, The corresponding arrhythmia type is atrial fibrillation; Class 

2 has fewer fluctuations but fewer beats, The corresponding type of arrhythmia is sinus bradycardia; 

The DC component of class 3 is too large, Strong fluctuation, Peak highlights indicates its 

significantly enhanced high frequency component in the spectrum, The corresponding arrhythmia 

type is supraventricular tachycardia; Class 4 peak shifts to the right, The wave peaks become weak, 

Treat it as a right atrial conduction obstruction. The corresponding categories of the specific 

arrhythmia types are shown in Table 5: 

In reality, common arrhythmias include atrial fibrillation, premature ventricular beats, atrial 

premature beats, supraventricular premature beats and so on. Comparing the data results with the 

types of arrhythmia in the real world, The arrhythmia type corresponding to each cluster can be 

obtained, The DC component of class 1 is small and the wave peak is weak, However, the larger 

mean value indicates that the high-frequency peak is significantly decreased or disappeared, While 

the low-frequency peak enhancement, The corresponding arrhythmia type is atrial fibrillation; Class 

2 has fewer fluctuations but fewer beats, The corresponding type of arrhythmia is sinus bradycardia; 

The DC component of class 3 is too large, Strong fluctuation, Peak highlights indicates its 

significantly enhanced high frequency component in the spectrum, The corresponding arrhythmia 

type is supraventricular tachycardia; Class 4 peak shifts to the right, The wave peaks become weak, 

Treat it as a right atrial conduction obstruction. The corresponding categories of the specific 

arrhythmia types are shown in Table 5: 

Table 5. Type of arrhythmia corresponding to each category 

category The number of category files Arrhythmia type 

1 211 Atrial fibrillation 

2 255 Sinus bradycardia 

3 133 Ventricular tachycardia 

4 270 Right atrial block 

4. Improved Topsis model based on entropy weight method 

4.1. Topsis Establishment of the comprehensive evaluation model 

Before the establishment of Topsis model [4], the entropy weight method is used to determine the 

value of the index. The entropy weight method [3], a hierarchical analysis method with strong 

subjectivity, adopts objective assignment, and the assignment result is more reasonable. The result of 

the entropy weight method comes from the data itself, that is, the less the variation of the index, the 
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less information reflected, and the lower the weight. Therefore, we choose the entropy weight method 

to assign the weight value. 

As shown in Table 6 and Figure 3, Although the maximum value is the largest in the index, But 

after a forward-forward standardization, Its certain weight is not large, That is, in the abnormal data, 

The degree of variation in the maximum value is too small, The reaction is also less informative; alike, 

Although the cliff index is small by the difference of the data, But it fluctuates greatly, So the weight 

of this index is 0.147; It is obvious that the mean has the largest weight in the radar map, It means 

that the mean is the most variable, The largest amount of information is reflected, In calculating the 

score, The largest proportion of the average value; The proportion of standard deviations is the second, 

For 0.209, This indicates that the dispersion of the data in the abnormal data varies greatly. 

Table 6. The weights determined by the entropy weight method 

 

max

imu

m 

me

an 

Square 

root 

magnitud

e 

standard 

deviatio

n 

Ske

wne

ss 

Wavefo

rm 

metrics 

Steepnes

s 

indicator 

sue 

for 

peace 

The weight determined 

by the entropy weight 

method 

0.05

14 

0.3

63

5 

0.0435 0.2085 
0.14

13 
0.0449 0.1469 1 

 

Fig 3. The weight of each index compares the radar chart 

Topsis [3] Method (superior and inferior solution distance method) is a comprehensive evaluation 

method that approaches the ideal result. We can take the normal heart rate data as the ideal result, 

calculate and sort the score of the abnormal heart rate data. The following figure is the flow chart of 

the Topsis evaluation model. 

 

Fig 4. Topsis flowchart 
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4.2. Analysis of hazard results of abnormal rhythm data 

Table 7 through the Topsis model to analyze the results: from the theory of the Topsis model, the 

score of the Topsis, the higher the comprehensive performance of the file, the data file, the closer to 

the normal rhythm, the standard, the lower, the risk, and the lower the comprehensive performance 

of the data file, the worse, the higher the risk degree. Table 7: Document 717619 has the highest score, 

the best overall performance, the lowest risk, the closer to the normal rhythm; the lowest symptoms 

in arrhythmia types; Document 6151175_1 has the lowest score, the worst overall performance and 

the highest risk; similarly, the top 10 patients have a high risk, which means that the patient's condition 

is critical and requires immediate treatment. 

Table 7. Ranked 10 in Topsis scores and risk 

filename File sorting Score ranking Normalized score Hazard ranking 

6151175_1 546 869 0.00056 1 

7121078_5 634 868 0.000572 2 

711_411 618 867 0.000596 3 

615857_8 583 866 0.000605 4 

714935 728 865 0.00061 5 

6121412 465 864 0.000615 6 

7161273_8 752 863 0.000638 7 

7191409 860 862 0.000655 8 

615688_8 574 861 0.000656 9 

609889_3 382 860 0.000684 10 

…… …… …… …… …… 

717728_5 820 10 0.001413482 860 

7181350 842 9 0.001415263 861 

717149 789 8 0.001415431 862 

419401 121 7 0.00141816 863 

7121017_5 622 6 0.001421778 864 

717497 794 5 0.001422467 865 

714528 716 4 0.001422692 866 

713671 694 3 0.00142325 867 

6121202 446 2 0.001425275 868 

717619 812 1 0.001427104 869 

5. Evaluation of the model 

5.1. Advantages of the model 

(1) Avoid the subjectivity of the data, do not need the objective function, do not test, and can 

describe the comprehensive impact of multiple influence indicators. 

(2) There is no strict limit on data distribution, sample size and index quantity, which is not only 

suitable for data with small samples, but also convenient to evaluate large systems with many units 

and indexes, which is more convenient. 

(3) It can obtain good results with comparable evaluation ranking. 

(4) Making full use of the original data can accurately reflect the distance of different evaluation 

schemes. 

(5) The GMM algorithm runs fast and is the fastest algorithm in the hybrid model. 

(6) The GMM algorithm has Agnostic properties 
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5.2. The shortcomings of the model 

(1) It is required to have the data of each indicator, and it is difficult to select the corresponding 

quantitative indicators. 

(2) Uncertain about the number of indicators to better describe the influence of each index. 

(3) More than two study subjects were required. 

(4) The GMM algorithm has singularities, making it difficult to estimate the covariance matrix 

when the number of each mixing point is insufficient, and unless someone artificially adjusts the 

covariance, the algorithm will diverge and find a solution with infinite possibilities. 

(5) The number of components of the GMM algorithm is too large 

5.3. Improvement of the model 

(1) The clustering algorithm can’t deal with the data fluctuation problem of normal and abnormal 

rhythm data, and should be forward and standardized in the comparative analysis of data. 

(2) Can improve the arrhythmia data characteristic index weight, may improve place mainly 

reflected in the Topsis method index weight assignment, we only use the entropy weight method 

combined with the original data to assign, in fact, we can combine experts scoring using hierarchical 

analysis to make the weight more scientific significance, the entropy weight and hierarchical analysis 

weight after the corresponding proportion of the standard weight. The idea of combinatorial 

empowerment [6] is used to empower the indicators. 

(3) Prior knowledge of the patient can be introduced to the [5]. The prior knowledge of the patient 

is summarized in the auxiliary diagnosis system. According to the prior knowledge, the corresponding 

representative characteristic components are selected to establish a more perfect standard library of 

arrhythmia types, so as to further improve the classification efficiency and universality. 

5.4. The promotion of the model 

The method used in the process of building the model can be extended to different fields. For 

example, in the brain wave [7] analysis, smooth wavelet transform and double threshold function can 

also be used to denoise the data, then conduct standard feature extraction, and use clustering method 

for classification, which can greatly improve the analysis efficiency. Of course, this idea can also be 

used in other fields in addition to medicine, such as industrial parts production standard judgment and 

product quality evaluation analysis [8]. 
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