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Abstract 
Cardiovascular disease is a serious life-threatening disease. It can occur 

suddenly and progresses rapidly. Finding the right disease features in 

the early stage is important to decrease the number of deaths and to 

make sure that the patient can fully recover. Though there are several 

methods of examination, describing heart activities in signal form is the 

most cost-effective way. In this case, ECG is the best choice because it 

can record heart activity in signal form and it is safer, faster and more 

convenient than other methods of examination. However, there are still 

problems involved in the ECG. For example, not all the ECG features are 

clear and easily understood. In addition, the frequency features are not 

present in the traditional ECG. To solve these problems, the project uses 

the optimized CWT algorithm to transform data from the time domain 

into the time-frequency domain. The result is evaluated by three data 

mining algorithms with different mechanisms. The evaluation proves 

that the features in the ECG are successfully extracted and important 

diagnostic information in the ECG is preserved. A user interface is 

designed increasing efficiency, which facilitates the implementation.  

Keywords: ECG, Feature Extraction, CWT, Unsupervised Learning, 

Clustering, User interface, Feature Visualization, ECG Disease Diagnosis. 
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1 Introduction 
 

1.1 Background  

Throughout history, technologies have changed our way of life. Prior to 

the 1800s, it was agriculture era. Production was powered by humans or 

animals. In the 19th century, the steam engine launched the industrial 

age. At this time, machines released human workers from repetitive 

tasks, allowing people to focus on the innovation idea that can improve 

productivity. In the 20th century, machines became much more intelli-

gent. The computer was invented in the middle of the 20th century, and 

it successfully solved several problems in the academic and industrial 

fields. With the development of computer technology, more and more 

data was generated and recorded, and we entered the information age 

[1] [2]. In the late 20th century, exchanging information is more conven-

ient, which leads to a rapid accumulation of data. Big data creates a 

value, but it is difficult for us to benefit from it due to undeveloped data 

mining technologies. 

To handle big data, the main method used is to design and develop 

hardware. The processor chip of the computer determines the calcula-

tion ability. According to Moore’s law [3], the processor performance 

doubles every eighteen months [4], which means the time cost for the 

same task decreases by 75% every three years.  However, the evolution 

of the hardware has led to a problem called the technique bottleneck 

This means Moore’s law will slow down and may fail in the future. For 

this reason, researchers are aiming at developing algorithms for the 

software side to improve performance. This lead to a new study area 

called data mining.  

Data mining is a technique aiming to find the most important features, 

patterns and information from a large dataset. The most common pro-

cedures are data preparation, data cleansing, feature extraction, data 

analysis and data evaluation [5], which guarantee that the project can be 

efficiently implemented and generate an accurate result. Though data 

mining technologies are more mature than before, some areas remain to 

be explored, especially data mining in time series [6]. 
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The definition of time series is that the data changes follow the time 

sequence or order [7]. The stock price and temperature of the day are 

two typical time series. Compared to other datasets, research on time 

series faces many challenges. The first challenge is the large data size 

problem. The data in the time series is always recorded in a short inter-

val. For example, the hard-real-time system [8] must record the data for 

an interval of less than one second for safety reasons. Handling these 

data with a high accuracy requires equipment with advanced techniques. 

The second challenge is the random property [9]. If the time series 

doesn’t contain a periodic character [10], it is difficult to use only one 

solution to solve all the problems. The third challenge is the data purifi-

cation. The length difference, value variation and noise in the raw data 

are the factors that introduce bias and decrease the performance. The 

fourth challenge is the mathematical model [11]. There may not be a 

universal model. For example, the meteorology data model is not suita-

ble for earthquake data. The fifth challenge is that some datasets involve 

more than one study field. This means that the researcher needs exper-

tise in different research areas.  

The best solution to the challenge above is to get features from the time 

series, which is called feature extraction [12]. The extracted time series 

have a much smaller data size and more significant features, which can 

help us find the regularity property, establish a suitable mathematical 

model and evaluate the result. Today, many problems are solved feature 

extraction techniques. It is important for us to know that the study of the 

feature extraction will continue [13].  

1.2 Problem Motivation and Overall Aim 

For the last 20 years, our quality has improved as a result of scientific 

development and economy booming, but health remains an important 

problem [14]. There are still numerous diseases, including cardiovascu-

lar disease, that threaten our life. Cardiovascular disease is a serious and 

acute disease; if the patient is not rescued in time, the outcome will be 

fatal. This means that research in this field should be of highest priority 

[15]. Though different diagnostic technologies are well developed, ECG 

[16] is still the first examination and diagnosis choice as it is safe and 

convenient property for both doctors and patients. It describes heart 

activities in the form of an electric signal which means heart activities 

can be presented, visualized, processed and analyzed. In most cases, 

cardiovascular disease can be observed via ECG [17].  
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Today, researchers put a lot of effort into how to diagnose cardiovascu-

lar disease in the early stages with high accuracy. Though progress has 

been made, there are still challenges. Firstly, ECG in the time domain 

has a limited signal processing performance. The algorithms are rela-

tively complex to implement, and the result is highly influenced by the 

sample, quantization and threshold setting methods. Secondly, the 

signal in the time domain is vulnerable for interference such as baseline 

wander, muscle activities and noise from the outside environment, 

which are not easy to eliminate. Thirdly, the feature in the time domain 

is always not adequate for the diagnosis of some types of the disease. 

Certain small abnormal features that provide important diagnostic 

information are not detected in the time domain. In addition, even if the 

valuable features are detected, they may overlap in the time domain. 

Fourthly, the traditional ECG diagnosis methods are based on the signal 

value, however, the morphological features especially the features in the 

overlapping wave area plays a more important role. However, extract-

ing them in time domain is a difficult task. Finally, directly using the 

data mining algorithm to analyze ECG is time consuming. The data 

mining algorithms require the same data point from each patient be-

cause it decreases the preparation workload and increases the imple-

mentation efficiency.  

To make a breakthrough, it is important to change the way of thinking 

and find innovative ideas. If the bottleneck is in the time domain, trans-

forming the signal to the frequency domain is a potential approach to 

make greater contributions. For this reason, the overall aim of the pro-

ject is to deal with cardiovascular disease diagnosis problems by extract-

ing the ECG signal, especially for its frequency features, and use data 

mining techniques to evaluate them.  

1.3 Scope 

The project focuses on how to extract features from ECG and evaluate 

the result. A number of appropriate mathematical models are discussed, 

established and simulated. Out of the models, the CWT performs better, 

so the project optimizes it to get the best ECG features. In the evaluation 

part, the project chooses some data mining algorithms to train and test 

the extracted ECG feature matrix and find some information. To in-

crease the simulation efficiency, a user interface that can be executed 

independently is designed by Matlab. All the existing functions in the 

project are successfully integrated in the panel.  
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The project doesn’t focus on designing and modifying data mining 

algorithms because it may introduce errors. It also doesn’t concentrate 

on how to cure cardiovascular disease and give patients medical care. 

Medical problems can only be treated by doctors. 

1.4 Concrete and verifiable goals 

The first goal of the project is to extract time, frequency and morpholog-

ical features from the original ECG. The CWT algorithm is used to 

transform the signal from the time domain to the time-frequency do-

main. The CWT coefficients stored in the ‘m’ file is the feature extraction 

result. It determines the visualization, the form of the feature matrix and 

evaluation. 

The second goal is to use the clustering algorithms to analyze the feature 

matrix. Three algorithms with the different mechanisms are implement-

ed to find useful and unknown information. The data mining result will 

be compared with the CCDD disease record after the evaluation.  

The third goal is to design a user interface in Matlab. The user interface 

produces a better visualization effect and improves the implementation 

efficiency. It can be implemented independently by compiling and 

deploying to the executable file format. 

1.5 Outline 

The first chapter introduces the background, aims and concrete goals of 

the project. The second chapter illustrates the recent research progress in 

the ECG feature extraction field. The third chapter introduces the related 

theories. The fourth chapter states the methodologies of the project. The 

fifth chapter explains the implementation procedures. The sixth chapter 

presents the feature extraction result and its analysis. In chapter seven, 

data mining algorithms are used to evaluate the feature extraction result. 

In chapter eight, the project is compared to other work and advantages 

and disadvantages are discussed. The last chapter presents conclusions 

and further research directions.  

1.6 Contributions 

The contribution of the project is a successful detection, extraction and 

selection of the time and frequency feature of ECG. The extracted fea-

ture can be evaluated by the data mining algorithms. Around 10 types 

of cardiovascular disease are distinguished by the project. The relation-



Feature Extraction for the 

Cardiovascular Disease Diagnosis 

Yu Tang 

1 Introduction 

2018-05-30 

 

5 

ship between the signal, features and the diagnosis result are established. 

The user interface is another contribution. It integrates all feature extrac-

tion and evaluation functions. The operation efficiency is much higher 

than the Matlab wavelet toolbox.  
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2 Related Research  
This chapter is the state of art. In the chapter, recent ECG studies are 

presented in chronological order. 

2.1 Earlier Feature Extraction Exploration  

The paper “Time series feature extraction for data mining using DWT 

and DFT” [11] reveals that DWT and DFT can be used for time series 

features extraction. The author argues that directly using the clustering 

and classification algorithms could generate an unsatisfactory result 

because the data in the time series always have a higher dimension. To 

solve this, the most important features are extracted and used to repre-

sent the properties of the original dataset. There are three steps in the 

implementation. Firstly, the original time series is segmented into many 

sections. Each section contains 1024 points. Next, these sections are 

compressed by using the DWT method. The most important features are 

kept, and the noise is eliminated. It decreases the data dimension in this 

step. Finally, the first few coefficients are selected as the feature and the 

data mining algorithm can be implemented on them. The result proves 

that the method is successful. 

2.2 Feature Extraction for ECG 

In 2005, the paper “Wavelet transform and the ECG: a review” [18] was 

published. In this paper, it is hypothesized that CWT can extract the 

ECG feature. To prove the hypothesis, many simulations are carried out. 

The result shows that the simulation is successful. The ECG signals are 

transformed into the time-frequency domain. The QRS complex and T 

wave are presented in the graph with a high resolution. Based on the 

result for simulation, the paper was a milestone of the ECG feature 

extraction.  

2.3 ECG Feature Extraction Development 

2005 to 2015 is the golden age of ECG research. Great progress was 

made during this period, especially in the ECG QRS complex and T 

wave research. 
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In 2010, the paper “A new ECG feature extractor for biometric recogni-

tion” [19] described using DWT to eliminate electromyography noise, 

power line interference and baseline wander. The author established 

mathematical models to extract features from a certain position in the 

transformed signal. QRS and T wave detection was achieved. 

The paper “Classification of ST and Q Type MI variant using threshold-

ing and neighborhood estimation method after cross wavelet based 

analysis” [20] describes the successful extraction of the ECG feature 

using XWT. The principle is the wavelet coherence calculation. During 

the implementation, normal ECG is required a reference for the test ECG 

signal. The result shows that 3 types of ECG can be distinguished in-

cluding normal ECG.  

In 2015, the paper “ECG image classification in real time based on the 

Haar-like features and artificial neural networks” [21] was published. It 

uses image processing technology and haar vector to extract the feature. 

The extracted features can be evaluated by the classification algorithms.  

2.4 ECG Morphological Feature Extraction 

In 2012, the ECG morphological feature became a hot research topic. The 

paper “Researcher on ECG morphological feature recognition and its 

effect for classification” [22] increases the diagnostic performance by 

extracting the morphological features in the time domain. DTW is the 

key algorithm of the project. It can calculate the similarity between 

signals regardless of their periodic property.  

2.5 ECG Diagnosis using CWT 

The paper “Time series ECG analysis using wavelet coherence and S-

transform for classification of cardiovascular diseases” [23] shows that 

CWT features can diagnose cardiovascular diseases.  

The project uses S-Transform to extract the ECG feature. The algorithm 

is derived from the CWT. The extracted features are clearly presented in 

a 3D color map and can distinguish 7 types cardiovascular diseases.  

2.6 ECG Application 

Nowadays, applications are a useful tool in ECG diagnosis. Two typical 

applications are discussed below.  
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The application called “Kubios HRV” [24] was developed by a Finnish 

researcher. It can detect the R peak in ECG and calculate the heartbeat 

rate through the R-R interval. In this application, ECG can be trans-

formed into the frequency domain by the Fourier transform. The result 

is presented in the 2-D graph below.  

 

Figure 2.1 Kubio HRV [24] 

Another application has been developed in the iOS platform by a Chi-

nese engineer [25]. It contains thousands of examples of diagnostic 

information. A medical student and the computer engineer can learn 

about diagnosis, which makes it feasible for the evaluation. There is a 

signal producer in the application that simulate different kinds of ECG 

for further study. 

2.7 Other Research Progress for the Feature Extraction 

Research in the other fields influences ECG research. Some methodolo-

gies from the other study areas can be partly or fully transplanted into 

the ECG project. 

For example, the research on precipitation data [26] from 1894 to 2014 

proves that CWT is a powerful tool. In this paper, if the data is only 

plotted in the time domain, the periodic features are almost invisible. 

But after using the ‘morlet’ wavelet to do CWT, the periodic features in 

the time-frequency domain can be successfully extracted. In this case, 

the trend and the precipitation amount can be predicted. 

The paper “Wireless spectrum occupancy prediction based on partial 

periodic pattern mining” [27] aims at predicting whether the telecom-

munication channel is busy. The information can be transmitted if and 

only if the channel is idle because the busy channel will cause collision 

that leads to packet loss. Two numbers, ‘0’ and ‘1’, describe the state of 

the channel, where ‘0’ indicates that the channel is idle and ‘1’ indicates 
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that the channel is busy. These binary numbers and their combination 

can be regarded as a channel feature. The author successfully uses the 

Apriori algorithm to find the channel feature, which makes the channel 

condition predictable. To find the key feature, the theory of entropy is 

adopted to filter out the redundancy.  

The paper “Techniques for Feature extraction in speech recognition 

system: a comparative study” [28] proposed and proved that the Mel-

Frequency Cepstrum is a suitable tool for the transformation of a voice 

signal to the frequency domain. The effect of the periodicity, pitch, 

amplitude of excitation signal and the fundamental frequency of it can 

be eliminated in the feature extraction phase. 

The paper “Sensor time series association rule discovery based on modi-

fied discretization method” [29] successfully finds valid association rules 

in the high dimension time series. The paper describes the design of 

algorithms for extracting the trend and extreme features from time 

series. These algorithms successfully overcome the drawback of the 

iSAX, which is used to find the knee point and monotonicity feature and 

improve the overall performance. 
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3 Theory 
 

3.1 Time Series 

The definition of time series is “the data on the physics variables chang-

es with the time sequential order” [30]. Expressed as a mathematical 

formula, time series can be presented as (X; Y1, Y2,… ) where X is the 

time and Y are the physical variables. The change of Y follows the 

change of X. In the data mining concept, the interval of the time points 

must be equal in the time axis.  

Example of the time series are the temperature, the stock price and any 

form of signal [31] because their magnitude and phase change with time.  

3.2 ECG  

ECG is the abbreviation of the electrocardiograph, which is a technique 

used for cardiovascular disease diagnosis. In some countries it is known 

as EKG [32]. In this section, we will look at the ECG background, heart 

signal conduction theory, ECG pattern and the 12 leads of ECG. 

3.2.1 ECG Background 

ECG is a common cardiovascular disease method of examination and it 

can detect, describe and record heart electrical activity. ECG was invent-

ed in 1872 and Alexander Muirhead [33] successfully recorded heart 

activities from a patient’s wrist in St Bartholomew’s Hospital. In the 

same year, an ECG machine that can project the heartbeat to a photo-

graphic plate in real time was created by Augustus Waller [34]. In 1913, 

the theory of 12 lead ECG was established. It greatly increases the diag-

nosis accuracy. Since 1940, the ECG machine [35] has become more 

portable. It includes functions such as defibrillation protection, voltage 

protection, and electrostatic discharge, which protect the patient from 

unexpected electric shock.   

3.2.2 Heart Signal Conduction Theory 

The heart is an important organ for the human metabolism. It pumps 

blood that carries nutrients and excretes waste via the arteries and veins.  
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The electrical signal of the heart beat is triggered by the sinoatrial node. 

At the beginning, the signal travels from the sinoatrial node to the right 

atrium. It then moves to the left atrium via the Bachmann’s bundle. This 

is where the journey of the signal in the atria ends. Next, the signal 

needs to be conducted to the ventricles. Though the atria and the ventri-

cles are separated by the atrioventricular septum, the atrioventricular 

node, which is a one direction passage between the atrial and ventricu-

lar, can conduct the signal between them. In the ventricles, the signal 

travels from right to left through His-bundle. Finally, the heart muscle 

receives the signal by the Purkinje fibers and the heart completes one 

beat. The following figure shows the electrical conduction structure of 

the heart [36]. 

 

Figure 3.1 The heart conduction structure [36] 

3.2.3 ECG Pattern 

Based on the theory above, ECG signal is the heart depolarization and 

repolarization activity. If positive electrodes are selected as reference 

point, the depolarization of the heart towards it and the repolarization 

of the heart away from it will produce positive deflection while the two 

opposite activities will generate negative deflection. There was no 

standard for the ECG signal description until a Netherland researcher 

named Willem Einthoven used P, Q, R, S, T [37] to mark each signal 

period in 1901.  

 

Figure 3.2 A regular ECG pattern and its elements [37] 
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In the image above, an ECG period contains three waves and two seg-

ments. Sometimes, a doctor can find a U wave after the T wave.  

In the ECG signal, the P wave represents the atrial depolarization. QRS 

waves are called the QRS complex which refers to ventricular depolari-

zation. T wave represents the ventricular repolarization. U wave [38] is 

the papillary muscle repolarization. The repolarization of atrial does not 

exist in ECG because the signal of this activity is too weak to be detected. 

But in fact, it has little effect on the disease diagnose result. 

3.2.4 12 Leads of ECG 

The theory of the 12 leads ECG contains three parts. The first part is the 

three bipolar limb lead I, II, and III [39], which were introduced by 

Einthoven in 1913. The electrodes of the limb leads are put in a symmet-

ric position on the patient’s limbs. The abbreviation RA, LA, RL, LL 

stands for the electrodes on the right arm, left arm, right leg and left leg. 

Finding the value of RA, LA and LL is enough to calculate lead I, II and 

III. The figure shows the relationship between the electrodes and their 

positions on the patient’s limbs. 

 

Figure 3.3 Limb Leads Electrodes [39] 

In 1933, Wilson introduced the six precordial leads, which is the second 

part of the theory. Six electrodes V1 to V6 [39] are arranged from the 

center of the chest to the left side of the body as shown below.  

 

Figure 3.4 Chest Lead Electrodes [39] 
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In 1942, Goldberger [39] created three augmented limbs leads called 

aVR, aVL and aVF, which is the third part of the theory. The values of 

the augmented limb lead also depend on the value of the RA, LA and 

LL electrodes, but the calculation methods are different from lead I, II, 

and III.  

The limb lead calculation [39] is shown in the image below. Lead I is the 

voltage difference between the left arm and right arm. Lead II is the 

voltage difference between the left leg and right arm. Lead III is the 

voltage difference between the left leg and left arm.” 

 

Figure 3.5 The electrodes’ positions on the patents limbs 

The formula below shows the calculation of the limb lead and the aug-

mented limb lead.  

 

Figure 3.6 The ECG Lead Calculation Formula [40] 

According to the formula, lead I, II and III are bipolar leads that can be 

directly calculated by electrodes from the patients’ body. The other 

electrodes are unipolar leads that require a reference point for the calcu-

lation. The reference point is the average of RA, LA and LL. This is 

called Wilson’s Central.  

The 12-leads ECG offers a full observation perspective of the heart. The 

chart below shows the observation perspective of each lead [32].   
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Figure3.7 The observation perspective of ECG [32] 

Lead I, aVL, V5 and V6 are the lateral perspectives, providing the views 

from left. Leads II, III and aVF are inferior perspectives, providing the 

views from the bottom. Leads V3 and V4 are the anterior perspectives, 

providing the views of the left front. V1 and V2 are the septal perspec-

tives providing the views of the front. Lead aVR provides the perspec-

tive from the right. In conclusion, the character, attributes and the view 

of each lead is closely related to the position of its electrodes so that the 

heart problems can be precisely located.    

3.3 Feature Extraction 

Feature extraction [41] is a technology used to find temporal, morpho-

logical and statistical features etc. of the whole signals. The temporal 

feature is the time feature and the morphological feature is the feature 

related to the signal shape. The statistical feature is the feature that is 

computed by the statistic formula and algorithms.  

The signal feature exists both in the time and the frequency domain. 

Sometimes, the frequency feature plays a more important role [28]. To 

find the frequency feature, it is necessary to process the signal. The most 

common technologies are FT, STFT and WT. The difference is shown 

below. [42] 

  

Figure 3.8 Frequency extraction techniques [42] 
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The image on the top left is the original signal in the time domain and 

the image on the top right is the FT signal in the frequency domain. The 

image on the bottom left is the STFT and the image on the bottom right 

is the WT. Though the STFT and WT both project the signal in the time-

frequency domain, the STFT must use the fixed window to do FFT while 

the WT uses the limited attenuation base to transform the signal.  

3.3.1 Fourier Transform and Euler’s Formula 

Fourier transform [43] is a signal processing function which was invent-

ed by the French scientist Josef Fourier. The equation of the Fourier 

transform is shown below, where f (x) is the original signal and ( )F   is 

the transformed signal. With this function, the signal in the time domain 

can be transformed into the frequency domain. 

                               ( ) ( ) j tF f t e dt


−

−
=                              (3.1) 

The Fourier transform can be also expressed by the trigonometric form 

based on Euler’s formula [44]. Euler’s formula builds a bridge between 

trigonometric and the complex exponential equation.  

                               cos sinixe x i x= +                             (3.2) 

The example below shows the FT of the trigonometric function. It 

proves that the FT can successfully find the frequency component in the 

addictive signal. 

( ) cos(2 *10 ) cos(2 *25 ) cos(2 *50 ) cos(2 *100 )x t t t t t   = + + + (3.3) 

 

Figure 3.9 Fourier transform of the time series [45] 

3.3.2 Short Time Fourier Transform and Uncertainty Principle 

FT is a revolutionary technology for the signal processing, but there are 

two significant drawbacks. The first drawback is that the time property 

can’t be preserved in the transformed signal. The second drawback is 
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that the similar frequency spectrums may correspond to different time 

series. The image below shows the second drawback, which is that it is 

impossible to rebuild the original signal based on the frequency spec-

trum only. 

 

Figure 3.10 A drawback of FT [45] 

To find the ignored time property in the frequency spectrum, STFT is 

introduced. It uses the finite window to transform the signal part by part. 

In each window, the time is set small enough to keep the signal stable. 

The formula of STFT is shown below.   

                        ( , ) ( ) ( ) j tF f t w t e dt  


−

−
= −                        (3.4) 

By adding the window in STFT, the signal can be transformed from the 

time domain to the time-frequency domain. The figure below shows 

STFT transformation. 

 

               

cos(2 10 ) 0 5

cos(2 25 ) 5 10
( )

cos(2 50 ) 10 15

cos(2 100 )15 20

t s t s

t s t s
x t

t s t s

t t s t s









 


 
= 

 
  

            (3.5) 
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Figure 3.11 STFT with different window [46] 

The image above shows that no matter how to set the window size, 

STFT can only achieve higher resolution either in the time or in the 

frequency domain. This is because it follows the uncertainty principle. 

The Uncertainty principle [47] is a theory introduced by the German 

physicist Werner Heisenberg in 1927. It states that the more precise a 

particle position is, the less precise its momentum will be, and vice versa. 

The formula is shown below, where ‘x’ stands for position and ‘p’ stands 

for momentum. And ‘ ’ is Plank Constant.  

                                                 
2

x p                                           (3.6) 

In STFT, the relationship between the window size and the resolution 

[48] is that the shorter the window size it is, the higher the time resolu-

tion will be, and vice versa, the longer the window size is, the higher the 

frequency resolution will be. The formula is shown below. 

                                                
1

2
t                                            (3.7) 

3.3.3 Continuous Wavelet Transform 

The fixed window size of STFT limits the time series processing perfor-

mance so it needs to be optimized. A possible solution is to use the 

variable window size algorithm. If it is successful, a high resolution both 

in the time domain and the frequency domain can be achieved.  

CWT [49] is an algorithm that uses the variable window size. By observ-

ing a certain point in the CWT graph, the researcher can find expected 

features such as the magnitude and period. The formula of the CWT is 
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shown below, where f (x) is the original time series and *( )
x b

a


−
 is the 

mother wavelet. The character ‘a’ is the scale of the wavelet which is 

presented in the vertical axis and the character ‘b’ is time shift which is 

presented in the horizontal axis. 

               
1

( , ; ( ), ( )) ( ) *( )
| |

t b
C a b f t t f t dt

aa
 



−

−
=               (3.8) [42] 

3.4 Feature Selection 

The feature selection aims to find the most important features or attrib-

utes in the original or transformed data. The reason is that the redun-

dant features decrease the data mining efficiency.  

             

1*1 1* 1*1 1*11

1

*1 12*6500 1 11

i i np

i

im i p p

g g g g

g g g g
=

  
  

→   
   
   

         (3.9) 

The formula above explains the method of feature selection [50]. The 

matrix left of the arrow is the CWT coefficients from p instances. The 

matrix to the right of the arrow is the 11 selected features that corre-

spond to P wave, QRS complex, T wave and heartbeat rate. In the for-

mula, p stands for the number of ECG instances and ig  is the instance 

number.  

3.5 Feature Analysis 

The aim of the feature analysis is to evaluate the feature selected matrix. 

Data mining is a common approach for the feature evaluation. In most 

cases, using one algorithm is enough to get the evaluation result. But it 

is better to use the data mining algorithms with different mechanisms 

because it can increase the evaluation accuracy and give a more accurate 

result. For example, if algorithm A and algorithm B arrive at opposite 

results, this means that at least one result is wrong. However, if algo-

rithm A and the algorithm B draw the same result, or the result can be 

cross-verified, this means that the results are correct. Three common 

clustering algorithms [51] for evaluating the feature matrix are the 

average k-means clustering algorithm, SOM, and the hierarchical clus-

tering algorithm. The average k-means algorithm is a partition-based 
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algorithm, SOM is based on the neuromotor, and the hierarchy cluster-

ing algorithm is a hierarchy-based algorithm.  

Regardless of algorithm, the ECG instances are mainly clustered based 

on the distance metric, which measures the distance between each 

feature vector, feature vector to cluster, or the cluster to cluster. The 

most common distance metric is the Euclidean distance. It is the stand-

ard used to measure the straight-line distance between two feature 

vectors in a space. If the data has n dimensions, the Euclidean distance 

can be expressed as below. 

2 2 2 2

1 1 2 2( , ) ( ) ( ) ( ) ( )i i n nd p q p q p q p q p q= − + − + + − + + −… … (3.10)[52] 

Other popular metrics are Manhattan distance, maximum distance and 

Mahalanobis distance. 

Distance metric Formula 

Manhattan distance 
1|| || | |i i

i

p q p q− = −  

Maximum distance || || max | |i i
i

p q p q− = −  

Mahalanobis distance 1( ) ( )p q S p q −− −  

Figure 3.12 Distance metrics of the cluster algorithm [53] 

3.5.1 Average K-Means Clustering 

Average k-means clustering is a typical partition-based clustering algo-

rithm which aims at partitioning N observations into K clusters where K 

is no bigger than N. The principle is to minimize the distance within the 

cluster. The formula below illustrates the average k-means clustering 

algorithm where ‘x’ is the position of the data point and ‘ ’ is the cen-

troid of the cluster.  

                              
2

1

arg min || ||
i

k

i
s i x S

x 
= 

−                       (3.11) [54] 

Based on the formula, the algorithm can be written as follows. 
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Figure 3.13 Average k-means clustering algorithm [55] 

In the initiation phase, the number of cluster K, repeated time n and 

each cluster centroid are clearly defined.  

In the transaction phase, every instance needs to be partitioned into the 

nearest cluster based on the Euclidean distance. Next, the centroid of 

each cluster is recalculated and updated. In this procedure, the centroid 

of each cluster is moved from the original place.  

The algorithm can be terminated if the repeated time reaches the setting 

threshold or the result of the cluster is stable. 

 

Figure 3.14 The process of the average k-means clustering algorithm [56] 

 

3.5.2 SOM Clustering 

SOM is another successful data mining algorithm. The cluster principle 

is based on the distance metrics between the input instance and the node 
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in the middle layer, which is the biggest difference between the SOM 

algorithm and the other data mining algorithm. The node in the middle 

layer is called the vector. The quantity of the attributes in the vector 

must be equal to that in the input instance. The structure is shown below. 

There are 11 attributes in the input instance and the instances are clus-

tered into 25 categories. 

 

Figure 3.15 SOM topology [57] 

Another property of the SOM algorithm is that the topology can be 

adjusted during the implementation. The process of the SOM algorithm 

is described as follows. 

In the initiation phase, there are three steps. At the beginning, the num-

ber of instances, training iteration, and training rate are defined. Next, 

the attributes of the nodes in the middle layer are randomly produced. 

Finally, the input instances should have the same number of attributes. 

In the transaction phase, the nodes in the middle layer are arranged in a 

2-D matrix. The position of each node can be expressed by W (i, j) where 

i is the row number and j is the column number [57]. Next, the Euclidian 

distance between the input instance and the node in the middle layer 

can be calculated. The node with the shortest distance to the input 

instance will win, and this instance will be arranged in the winning node. 

The value of the winning node and its neighbor nodes are recalculated 

and updated by the formula below, which is defined in the initiation 

phase.  

     ( 1) ( ) ( , , ) ( ) ( ( ) ( ))v v vW s W s u v s s D t W s + = +   −  (3.12) [58] 

In the terminal phase all instances are well arranged and the node in the 

middle layer is not updated. 

3.5.3 Hierarchical Clustering 

The hierarchy algorithm is an algorithm that can cluster the input in-

stances into the layers on different levels. The principle is that the dis-
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tance of instances within the cluster are as short as possible and the 

distance of the instances across the clusters are as big as possible.  

In the initiation phase, data needs to be transformed into numeric form. 

The row of the matrix is the instance number and the column is the 

attribute number. 

In the transaction phase [59], the instances are clustered in the hierar-

chical tree based on the Euclidean distance. Two common hierarchical 

clustering algorithms are the agglomerative algorithm and the divisive 

algorithm. The difference is that they are implemented in opposite 

directions. For example, the agglomerative algorithm clusters the in-

stances from bottom up. Initially, each instance is only in its individual 

cluster, and the merge distance which is the standard to judge whether 

the instances can be clustered is set to 0. During the implementation, the 

distance between two instances is calculated.  Two instances with the 

shortest distance in the matrix are merged into a new cluster. If the 

merged instance is not the only the instance in the former cluster, all the 

instances in that cluster should participate in the merge process. In that 

case, the merge distance can increase to the shortest instance.  

In the termination phase, the agglomerative method can be stopped 

when all the instances are in one cluster and the divisive algorithm is 

implemented in the opposite direction of the agglomerative algorithm.  

The example below shows the implementation of the agglomerative 

cluster method. The cluster result can be presented in the tree topology 

and the cut position determines the number of cluster [59].  
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Figure 3.16 Agglomerative hierarchy clustering algorithm structure 
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4 Methodology 
The methodology structure is presented below. 

 

Figure 4.1   Project Model 

ECG is not only the signal, but also the time series. Both the signal 

processing and the time series analysis techniques can be adopted. The 

input ECG needs to be discretized, normalized and sampled and trans-

formed into an ‘m’ format file. Though each ECG has 12 leads, selecting 

one lead from the limbs, or one lead from the chest is enough for analy-

sis. In this case, we will use Lead II.  

There are many ECG analysis techniques. The best solution is to analyze 

the ECG features because they offer the valuable diagnostic information. 

The feature in the time domain is clear and visible. But the important 

features in the frequency domain are not easy to extract. The key issue is 

therefore to transform ECG into the time-frequency domain. The availa-

ble methodologies are FT, DTW, STFT, CWT, S-transform and XWT. FT 

can only extract the feature in the frequency domain and DTW mainly 

analyzes the feature in the time domain. STFT, CWT and S-transform 

can transform the signal into the time-frequency domain. The project 

takes the CWT algorithm into consideration because of its better proper-

ty and resolution. 

Two steps of the CWT algorithm are the mother wavelet selection and 

the wavelet scale setting. The principle of the mother wavelet selection is 

whether the mother wavelet shape is close to the analyzed ECG signal. 

The wavelet scale setting is determined by the coefficient matrix. In most 

ECG coefficient matrices, the features are not evenly distributed. So, the 

CWT uses the logarithm scale algorithm to locate the valid feature area 

and the linear scaling algorithm to find valuable ECG features.   

The CWT coefficient matrix is not intuitive for the observation and the 

feature selection. In the color map generated by Matlab, the high value 

coefficient is marked by the warm colors such as red and the low value 
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coefficient is marked by cold colors such as blue. This makes it possible 

to quick locate significant features.  

The CWT transformed ECG signal in the time-frequency domain has a 

high dimension. If the feature can be selected and formed into the ma-

trix, the data mining algorithm can be implemented with a higher effi-

ciency. The feature selection is a dimension decreasing procedure. The 

size of the feature matrix depends on the number of instances and 

selected features. The selected instance is arranged in a row and the 

selected feature is arranged in the column as the attribute. The weight of 

each attribute can be adjusted and set flexibly to generate a better fea-

ture vector. In the project, the selected features are highly related to P 

wave, QRS complex, T wave and their overlapping area because the 

diagnostic information is in it.  

After feature selection, the data mining algorithms can train and test the 

feature matrix that contains the valuable information. It is suggested to 

implement the data mining algorithms with the different mechanisms to 

find all valuable information. For example, average k-mean algorithm 

offers different cluster strategies determined by the number of clusters. 

The cluster center relates to the feature vector in the matrix. The result is 

easily presented in the bar chart. SOM is another powerful algorithm for 

clustering. It calculates the distance from the input vector to the node in 

the middle layer that starts with a random value. The node topology of 

the middle layer can be adjusted step by step according to the input 

vector during implementation. This way, the relationship between the 

clusters and the weight of each attribute can be successfully visualized. 

However, neither the average k-means algorithm nor the SOM algo-

rithm has the ability to analyze the relationship between each instance. 

In this case, the hierarchy clustering algorithm is adopted to solve the 

problem. The algorithm calculates the distance between each instance in 

the topology and plots a hierarchy tree that not only shows the general 

distribution result but also the relationship of the instances.  

Each algorithm has its advantages. The advantage of an algorithm can 

compensate the disadvantage of another algorithm. The mutual verifica-

tion of each algorithm can successfully avoid significant errors and 

generate results that are more plausible. Here, the three algorithms are 

used to guarantee that all properties of the feature can be analyzed and 

evaluated.  
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During the training and testing procedure, the result is compared based 

on the Euclidean distance.  

The UI design aims to increase efficiency and improve user experience. 

The command buttons, text boxes, and selection bars are integrated in 

the panel by the ‘guide’ function in Matlab. The optimized programs can 

be written in their callback place. The ‘deploy tool’ is used to complile 

the program into the executable file, which means that it is implemented 

independently. 
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5 Implementation 
The implementation introduced in this chapter is based on the model of 

the methodology part.  

5.1 Project Preparation 

The project preparation involves selecting a suitable database, a pro-

gramming software and getting lead II by separating the ECG.  

The first step is choosing a suitable ECG database. CCDD is a cardiovas-

cular disease database developed by the Suzhou Hospital in 2012. It was 

selected for its overwhelming advantages. The database contains over 

20,000 instances and almost all types of diseases are covered. In addition, 

each diagnosis result is recorded as a hexadecimal number. The original 

data is recorded in the ‘xml’ format and can be transformed into any 

format. The original data in the  ‘xml’ format is shown below. 

 

Figure 5.1 Original ‘.xml’ format file in CCDD database 

Then, the project selects Matlab as the programming language. The 

wavelet toolbox of Matlab is helpful as it offers some innovative solu-

tions. In addition, the Matlab instruction is able to handle most prob-

lems. Before the implementation, the file in ‘xml’ format must be trans-

formed into the ‘m’ format. There are around 78,000 data points and 5 

parameters in the ‘m’ format file. The data in the ‘m’ format is shown 

below.  
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Figure 5.2 The parameters of the transformed data 

Finally, the task is to find lead II, but all the 12 leads are mixed together. 

The data involving the 12 lead ECG is shown below. 

 

Figure 5.3 The transformed ‘.m’ format data of CCDD 

By observing the database, the rule is that each lead is recorded by each 

of the 12 points. For example, point 1, 13, 25 etc. belongs to lead I. So, the 

points belonging to lead m is (12*n+m). The separated lead is presented 

in Figure 5.4 with 12 rows and 6,500 columns. 12 rows represent the 12 

leads of ECG, and 6,000 points represents the voltage value of the heart 

activity at each time point. The sequence is lead I, II, III, avL, avR, avF, 

V1, V2, V3, V4, V5, and V6. The first six leads are the limb leads and the 

last six leads are the chest leads. They are labeled from number 1 to 12. 

This means that lead II is in the second row. 

 

Figure 5.4 12-leads ECG in Matlab 

To facilitate implementation, the original data can be normalized. The 

relationship between the normalized data and the original data is in the 

equation below, where ‘O’ is the original data vale and ‘N’ is the nor-

malized data value. 

             0.0048*O N=              (4.1) 
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With the separated data, lead II of instance 544 can be plotted.  

 

Figure 5.5 Lead II of the instance 544 

5.2 Feature Extraction of ECG 

Though the signal is drawn in the time domain, the frequency features 

are still not intuitive. The CWT algorithm is a method for extracting the 

frequency feature from the signal. The first step of the algorithm is to 

select the mother wavelet. Though several mother wavelets can be 

selected, the wavelet ‘mexh’ is the most suitable mother wavelet because 

it has almost the same shape as the normal ECG. The below shows the 

mother wavelet ‘mexh’.  

 

Figure 5.6 Mother wavelet ‘mexh’ 

Next, the signal can be transformed into the time-frequency domain. 

The image below shows the CWT coefficients.  
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Figure 5.7 The default CWT coefficient  

The CWT coefficients contain several merged ECG features. Getting 

these features and their position precisely can increase the feature ex-

traction performance. In Matlab, the default scale of the mother wavelet 

is 2^n. This means the scale of the mother wavelet is 1, 2, 4, 8 etc. The 

advantage of the default scale is that it can quickly locate the valid 

feature area. To emphasize the ECG features, the color map ‘jet’ is 

adopted for visualization. The ECG features are shown below.  

 

Figure 5.8 ECG features in time-frequency domain 

The image shows that the time-frequency features are concentrated 

below 500. The most significant features are concentrated below 200. 
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Figure 5.9 Pattern position of CWT 

It is important to find the ECG feature below 200. Here, the minimum 

scale is set to 10 and the maximum scale is set to 175. The interval of the 

neighbor scale is 15. In this case, there are 12 scales of the wavelet in 

total.  

The image below shows the setting is feasible for finding the ECG fea-

ture. The first image is the original ECG in the time domain and the 

second and the third images are the continuous wavelet transformed 

ECG in the time-frequency domain. In this work, the first and third are 

used for analysis.  

 

Figure 5.10 The final CWT patterns of ECG 
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5.3 Feature Selection  

After finding the ECG feature, the feature selection can be carried out. 

Feature selection is selecting significant features for evaluation. Here, 

the selected features are closely related to P waves, QRS complex and T 

waves. If the selected feature can be written in the feature vector, it is {P, 

Q, R, S, T1, T2, PR, RT, TP/SQ, QS, Rate} where the first six attributes 

represent the magnitude of the single wave value, the next four attrib-

utes are the overlapping area between waves, and the last attribute is 

the heartbeat rate. Each ECG instance has its unique feature vector. The 

feature vector from all the selected ECG can form a n*11 matrix. 

The project takes the instance 164 as an example. The first five attributes 

are determined by the magnitude from the low scale to high scale. For 

the P wave, it is visible but not clear, so the value is set to 1. The value of 

Q, R, S and T are counted by the number of the deepest color from the 

low scale to the high scale. The values Q, S are always deep blue, and 

the R wave is always deep red. So, the value Q, R and S in this instance 

is {-2, 2, -3}. There are two attributes in the T wave. The first attribute is 

the magnitude and the second attribute is the color. The regulation of 

the first attribute of the T wave is the same as the Q, R and S wave i.e. 7. 

The color of the T wave is the deepest color in the T wave area. The 

value increases from yellow to deep red. In this instance, the deepest 

color is orange, so the value is 2.  

Attributes 7 to 9 are determined by the overlapping area of each wave. 

Positive overlapping is marked 10 and negative overlapping -10. If the 

overlapping is not significant, they can be marked 5 or -5. For example, 

there are no overlapping features between P, R and T so the attribute 

values from 7 to 9 are {0, 0, 0}. Even though the color above the R wave 

is a cold color, the S wave and the Q wave are not overlapped, which 

makes attribute 10 is -5. The last attribute is the heartbeat rate, which is 

counted by the number of patterns from time point 0 to 6000. In the 

example, the heartbeat rate is 17.  

In conclusion, the 11-value attributes vector of instance 164 is {1, -2, 2, -3, 

7, 2, 0, 0, 0, -5, 17}. It is noted that the attributes relating to Q and S 

waves are negative, the remaining are positive. 
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5.4 ECG Feature Analysis 

After the matrix is established, the relationship of the instances can be 

explored by using the data mining algorithm. 33 instances are trained 

for the project by different algorithms. The average k-means algorithm 

clusters these instances into 2, 7, 13 and 32 categories, which stands for 

the different cluster strategies. The iteration time is set by 20 to guaran-

tee the result is stable. Then, the SOM algorithm is implemented to 

analyze the feature attribute. The instances are trained for 200 times and 

arranged into 9 clusters. The topology of SOM is shown below.  

 

Figure 5.11 The Structure of SOM 

After these two implementations, the instances are implemented by 

using the hierarchical clustering algorithm based on the Euclidean 

distance. The result is presented in a tree graph with a clear structure.  

If the training result is acceptable, new instances can be tested for re-

search. The test algorithm is the hierarchical clustering algorithm. There 

are 17 instances tested in the project, out of which 11 have a specific 

disease type. The test instances are initially carried one by one for a 

general result. Next, they are carried all together for a detailed result. 

These two results are used for the evaluation.   

5.5 User Interface Design 

The implementation has been completed, but the simulation efficiency 

limits the project performance. A user interface is designed to increase 

the implementation efficiency. In Matlab, the ‘guide’ function is used to 

create elements such as command buttons, text boxes and a menu bar. 

The elements can be dragged to the exact position of the panel. If no 

error occurs, the user interface can be deployed into an executable 

program to be implemented independently.  

The figure below shows the user interface implementation. Image (a) is 

the guide function, image (b) is the user interface and image (c) is the 

deployment tool.  
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Figure 5.12 UI Design 

When designing the UI, an observation is made. Firstly, the type of 

certain variants need to be transferred from number to string. Secondly, 

when the result is produced, the input parameter needs to be passed 

down into the different modules or sections of the program. Thirdly, the 

compiling approved programs may have some compatibility problems 

in the user interface or in the deployed executable program. The solu-

tion is searching the help function, checking the error log and the other 

material from the Internet, and then writing the available function. If the 

error occurs when the deployment procedure is carried out, stopping it 

and repeating it again may solve the problem.  
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6 Results 
The implementation generates valuable results that explain the relation-

ship between the feature and the typical diseases.  

6.1 Feature Extraction Result 

The feature extraction result is based on the CWT of lead II. The CWT 

coefficients are stored in an ‘m’ file and visualized by Matlab. There are 

three images presented. The first and the third image are used. The first 

image is the original signal in the time domain, which can be regarded 

as the reference. The third image is the transformed ECG in the time-

frequency domain. 

6.1.1 Normal ECG 

Example 164 is shown below. In this ECG, P waves are visible, but not 

clear. QRS complex and T waves are clear. The waves are neither miss-

ing nor redundant. All the waves are found in the right position. The 

color and the magnitude are in the normal range. The features are not 

overlapping and the coldest color above the R wave is the shallow blue. 

There are 17 patterns from 0 to 6000. In conclusion, this ECG is normal.  

 

Figure6.1 The normal pattern of ECG 

6.1.2 Sinus Arrhythmia 

Example 214 is shown below. In this ECG, P waves are invisible. QRS 

complex and T waves are clear and the magnitude of them are in the 
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normal range. Some of the R waves and T waves are connected but it is 

a normal phenomenon. The color above the R wave is yellow, which is a 

warm color, which means acceptable. The heartrate in this case is 13. 

Even though it is a little slow, it is within the normal range. Based on the 

above fact, there is no serious cardiovascular disease. 

However, if the detailed information is observed, it is less positive. At 

5000, an irregular feature in the scale 120-150 range. Compared to the 

other features in the same range, the blue feature around 4600 is much 

lower than the other blue features, and the blue feature around 5000 is 

higher than the other blue features. This means that the patient’s heart 

has an irregular beat; this instance can be diagnosed as arrhythmia.  

 

Figure 6.2 Sinus arrhythmia 

6.1.3 Atrial Premature 

Example 16 is shown below. From 1000 to 1500, features below the scale 

40 are denser than the other part. Features above 130 are overlapping. 

Because the other features are normal, it can be diagnosed as atrial 

premature.  

 

Figure6.3 Atrial premature 
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6.1.4 Ventricular Premature 

Example 503 is shown below. In this example, there are two important 

features around time point 1500 and 4500. The color of the R wave and S 

wave are deeper than the R and S wave. This is a typical ventricular 

premature. 

 

Figure 6.4 Ventricular premature 

6.1.5 Myocardial infarction 

Example 665 is shown below. The S waves are low in the time domain. 

In the time-frequency domain, they connect to the former feature, which 

leads the coolest color above the R wave, i.e. deep blue. It shows that the 

heart has the abnormal rhythm. From 2500 to 3000, the density of the 

features in the lower scale is much higher than the other part, which is 

typical for atrial premature. The feature around 4500 indicates that the 

patient has arrhythmia, because the significant features exist in the 

higher scale, which never happens in the other segment of ECG. Some-

times, the T waves have a deep red color. Based on the analysis above, 

the patient may suffer from myocardial infarction. 

 

Figure6.5 Myocardial infarction 
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In the ECG diagnosis, there is another myocardial Infarction ECG. It is 

based on the relationship between the Q, R and T wave. If the absolute 

value of the Q wave is higher than 1/4 of R wave and the T wave is 

inverted or much higher than the normal value, it can be diagnosed as 

myocardial Infarction.  

6.2 User Interface  

The design of the user interface in this project is shown below. All 

functions, such as feature extraction, feature selection and data mining, 

visualization are successfully integrated in the panel.  

 

Figure 6.6 The User Interface 

The user interface works well and is easy to implement. In addition, it is 

also user-friendly. The efficiency increases by 15 times because the user 

doesn’t need to set the parameters and type commands manually. 

The user interface result is shown below. Images (a) and (b) are the 

feature extraction result of CWT. The transformed ECG is in 3D graphic, 

which makes it easy to observe and analyzed. Images from (c) to (f) are 

related to the SOM algorithm where image (c) is the attribute weights 

analysis and images from (d) to (f) are the visualization results. The 

distribution and ECG characters are presented using these five visuali-

zation techniques. 
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Figure 6.6 The User Interface Visualization 

Image (g) is the result of the average k-mean clustering and Image (h) is 

the result of the hierarchical clustering.  

 

Figure6.7 The User Interface Visualization 
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7 Evaluation 
The evaluation of the project covers the training part and the testing 

part. The feature matrix for training and testing can be found in Appen-

dix A.  

7.1 Training Evaluation 

CCDD is a very large cardiovascular disease database which contains 

200,000 patient records. Because of the ethical issues, the project can 

only access records from the instance 1 to 943. To find the cluster strate-

gy and feature knowledge via the average k-means clustering algorithm, 

SOM algorithm and hierarchy clustering algorithm, some of the instanc-

es are selected for training.  

The first step is to look up the disease record to know which type of the 

cardiovascular disease is in instance 1 to 943. Though ventricular prema-

ture and arrhythmia are in the record, they are not discussed in this part 

because their features vary from different ECG periods. By inspecting 

the CCDD record, 7 types of cardiovascular diseases are found, includ-

ing normal ECG; they are labeled ‘1’ to ‘6’ and ‘A’. The larger the num-

ber, the more serious the disease. Type ‘1’ is normal ECG. Type ‘2’ is T 

waves change. Type ‘3’ is LVHV. Type ‘4’ and ‘5’ are IRBBB and CRBBB. 

‘6’ is the LAD. The AMI instances are labeled ‘A’. In addition to the 

disease types above, there are also other types of cardiovascular disease, 

but the quantity of them does not meet the training requirement. The 

second step is to randomly select the instances from the CCDD database 

that guarantee each training disease type has at least two instances. So, 

33 instances meet the requirement are successfully selected for training.  

Finally, the selected instances are relabeled 1 to 33, based on the original 

sequence of the CCDD disease record. The relationship is described in 

Figure 7.1. 
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Original In-

stance Number 

in CCDD data-

base 

Training In-

stance Number 

Disease Type 

89 1 A 

90 2 A 

91 3 A 

143 4 A 

180 5 A 

239 6 A 

271 7 6 

299 8 5 

310 9 6 

340 10 6 

341 11 6 

359 12 5 

360 13 1 

442 14 1 

444 15 1 

448 16 1 

466 17 2 

472 18 1 

488 19 5 

497 20 2 

507 21 6 

530 22 1 

665 23 A 

702 24 1 

710 25 5 

713 26 4 

730 27 4 

792 28 3 

845 29 A 

847 30 2 

869 31 2 

878 32 2 

909 33 1 

 

Figure 7.1 The trained instances 
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7.1.1 Average K-means Clustering 

The average k-means algorithm of the project clusters the selected 

instances into 2, 7, 13 and 32 categories. The algorithm is repeated 20 

times for each result to eliminate bias. The result is shown below. 

 

Figure 7.2 The result of average k-means clustering 

If the cluster number is set to 2, the cluster strategy is to determine if the 

ECG is normal. The result in the top left image shows that cluster 1 is the 

normal ECG and cluster 2 is the abnormal ECG. The accuracy is 93.94% 

(31/33). The reason is that the instance 2 is abnormal, which should be in 

cluster 2, and instance 18 is normal which should be in cluster 1.  

If the cluster number is set to 7, the cluster strategy is to determine each 

type of the disease. The result is found in the top right image. Cluster 1, 

2 and 4 are AMI. Cluster 3 is CRBBB and LAD. Cluster 5 is T wave 

change. Cluster 6 is normal ECG. Cluster 7 is the LVHV. The accuracy is 

of this strategy is 78.79% (26/33). The reason is that cluster 6 contains 2 

IRBBB instances.  

If the cluster number is set to 13, some instances are separated from the 

former cluster and form a new one. For example, the number of the type 

of AMI (cluster 2, 3, 6, 7, 10, 11) in this strategy is increased by 3 from 

the 7-cluster algorithm. Cluster 9 and 13 are normal ECG. Cluster 4 is 

LAD. Cluster 6 is LVHV. Cluster 10 is CRBBB and cluster 12 is IRBBB. 

The result is found in the bottom left image. The accuracy of which is 

84.85% (28/33) because two CRBBB instances are found in cluster 4. 

If the cluster number is set to 32, which is approximately the number of 

instances, all the instances are in its cluster except instance 17 and 30, 



Feature Extraction for the 

Cardiovascular Disease Diagnosis 

Yu Tang 

7 Evaluation 

2018-05-30 

 

43 

which have the highest similarity. The result is shown in the bottom 

right image. 

In conclusion, most of the ECG features are successfully extracted, 

though the boundary between the CRBBB and LAD is not very clear. 

According to the accuracy, the trained instances can be used as test 

references.  

7.1.2 SOM Clustering 

The SOM algorithm clusters the selected instances which were trained 

200 times and put them in a 3*3 square node's matrix. The result below 

is based on the attribute {P, Q, R, S, T1, T2, PR, RT, TP/SQ, QS, Rate}.  

 

Figure 7.3 The result of SOM algorithm 

The images in the top row are SOM cluster results. It shows that the 

instances are not evenly distributed. The disease type is listed in the 

chart below. The chart shows that AMI occupies 4 clusters and the other 

types occupy the remaining 5 clusters. 
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Figure 7.4 The accuracy of the SOM algorithm 

The images in the bottom row explains the clustering reason and the 

node relationship. The node location n can be expressed by (i,j) where i 

is the location of the horizontal axis and j is the location of the vertical 

axis. The number n equals to 3*j+k+1. For example, cluster 5 can be 

expressed by the axis (1,1). In the left image, each node is marked by a 

different color. Darker colors such as black and brown show that node n 

is not influenced by the attribute p and brighter colors such as red and 

yellow show that node n is highly influenced by the attributes p. In the 

bottom left image, the dark color concentrates mainly on attribute 3, 

which means the R wave has little influence on cluttering. But the excep-

tion is node 5, which is mainly determined by attribute 3. The bright 

color concentrates on attribute 5, 6 and 10, which means the T wave and 

the QS overlapping area are important for clustering. Based on the two 

images at the bottom, the AMI is also influenced by the overlapping 

area between the P wave and R wave, which is shown in attribute 7. 

The node relationship is expressed by the bottom right image. Theoreti-

cally, each node has six neighbors, except the node on the boundary. 

The distance between the node and its neighbor is marked by different 

colors. The dark color means a further relationship and the bright color 

means a closer relationship. The image shows there are three node 

cluster. Cluster 1 includes node 1, 2, 4 and 5. Cluster 2 includes node 7 

and 8. Cluster 3 includes node 3, 6 and 9. The clusters are far from each 

other. Based on the result, cluster 1 is AMI. Cluster 2 is a combination of 

CRBBB and LAD. Cluster 3 includes normal ECG and other cardiovas-

cular diseases. In cluster 1, the distance between each node is very large. 

This shows that the AMI instances are different from each other. But in 

cluster 2, the distance between node 7 and 8 is short. It means that 

CRBBB and LAD share some common characteristic. In cluster 3, node 3, 
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6 and 9 are close to each other. A slight change of the T wave and a light 

conduction blockage has little effect on the clustering result. Observing 

the 3D CWT image, these instances almost look the same. In addition to 

the information above, node 4 is the most special one because it is far 

away from any other node in the topology.  

7.1.3 Hierarchical Clustering 

The hierarchy clustering algorithm based on the Euclidean distance 

presents the instance relationship in the tree graph below. The horizon-

tal axis of the graph is the instance number. The vertical axis is the 

distance between the instances or clusters. The shorter the distance, the 

higher the similarity. 

 

Figure 7.5 The result of hierarchy clustering 

In the graph above, the leaf nodes are produced around the distance 5 in 

the left part and over distance 10 in the right part. According to CCDD 

disease record, instances 17 to 31 are normal ECG or light cardiovascular 

diseases. Instances 7 to 19, with the exception of 14 and 18, are serious 

cardiovascular diseases. The instances on the right of 19 are different 

kinds of AMI. If the cluster distance is set to 5, 19 clusters are produced. 

In this scenario, the accuracy can reach 89.47% (17/19) which shows that 

almost all types of diseases are successfully separated. For remaining 

scenarios, the accuracy is slightly lower. Based on the CCDD disease 

record and the result of the hierarchy cluster tree, the normal ECGs are 

similar while the AMIs are unique. The more serious the disease, the 

more important the abnormal feature. 

7.2 Testing Evaluation 

In the trained evaluation, the accuracy of the trained instance is 75% to 

90%. This is suitable for testing. The testing part is to use the instances 



Feature Extraction for the 

Cardiovascular Disease Diagnosis 

Yu Tang 

7 Evaluation 

2018-05-30 

 

46 

which are not trained to measure whether they can be clustered in the 

right place. The test instances are labeled from 34 in the test instance 

because there are 33 trained instances before. Out of the three algo-

rithms above, the hierarchy clustering algorithm is selected as test 

algorithm because the tree graph clearly presents the relationship of 

each two instance, which is intuitive for us. The number of the test 

instance is 17, which includes some unknown cardiovascular diseases. 

The ratio of the trained instance and the tested instance is 2:1.  

There are two testing methods: the one by one testing and the general 

testing. 

The goal of the one by one testing is to find the disease type of instance 

34, which is a random unknown test instance. The result is shown below. 

 

Figure 7.6 One by one testing 

To achieve the goal, it is important to locate the position of instance 34 

and compare it with the closest trained instances in the tree topology. 

The closest instance to instance 34 is instance 1. It means that instance 34 

and instance 1 have some common features. Two instances both have 

the P wave, QRS complex and T wave. The difference is that the T waves 

are higher in instance 1. The Figure 7.7 shows that the left image is 

instance 34 and the right image is instance 1. 

 

Figure 7.7 Similarity between instances 
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In the CCDD disease record, instance 34 is recorded in the T wave 

change cluster. However, it is in the AMI cluster in the testing tree 

topology. The reason is that the magnitude of the T wave changes 

significantly in negative direction, which triggers the T and R wave 

connected and the change of S wave. It means that instance 34 has some 

AMI features. 

 

Figure 7.8 Different form of T wave change 

After the one by one testing, the general testing is implemented for 

finding the new features. All trained instances and tested instances are 

implemented and shown in the tree graph below. 

 

Figure 7.9 Generally testing 

For example, instance 44 and 50 are similar and they are clustered 

together to form a new cluster. It means that instance 44 and instance 50 

may be the same type of cardiovascular disease, which is not found in 

the instance 1 to 33. And if instance 44 is abnormal, instance 50 must be 

abnormal. The result shows that the left image is instance 44 and the 

right is instance 50.  
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Figure 7.10 The result of hierarchy clustering 

The accuracy of the test clustering is around 15% lower than the training 

clustering. The reason is that the ECG feature is complex. Not all fea-

tures are trained in the selected instances, and some of the diseases have 

different ECG features. Though the accuracy decreases, the test methods 

work well based on the result.   
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8 Discussion 
The result and the evaluation of the project leads to valuable ideas for 

the further research. 

For example, there are many methods that can be used to solve the 

problem in question. But choosing the most suitable method in practice 

is much better than choosing what is theoretically the best method 

because each method has its own characteristic. There is no method that 

can be used to reach an objective in all scenarios. If possible, different 

solutions should be tested.  

Based on current research, three useful methods for transforming the 

ECG signal to the time-frequency domain are CWT, XWT, S-Transform. 

This has been described in two papers.   

The first paper is “Classification of ST and Q Type MI variant using 

thresholding and neighborhood estimation method after cross wavelet 

based analysis” [20], where XWT and WCOH are used to extract the 

ECG feature. Three types of ECG can be distinguished in total. Type A 

and B are abnormal ECG and type C is normal ECG. In the abnormal 

ECG, Type A is the Q wave missing pattern with ST elevation and QRS 

complex attenuation, and Type B is the deep Q wave pattern with in-

verted T wave. The accuracy of determining whether the ECG is normal 

is 99.43%, and the accuracy of determining type A and type B is 87.76 %. 

The result is presented below. 

 

Figure 8.1 The result of XWT 

The second paper is “ECG Signal Analysis using Wavelet Coherence 

and S-Transform for Classification of Cardiovascular Diseases” [23], 

where S-Transform is used to distinguish eight types of ECG such as 
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health, bundle branch block, cardiomyopathy, dysrhythmia, myocarditis, 

myocardial hypertrophy, myocardial infarction and valvular. Though 

the accuracy is not mentioned, the result below proves that the experi-

ment is successful. 

 

Figure 8.2 The result of S-Transform 

In this project, the optimized CWT can distinguish at least five types of 

ECG without other references. If the ECG features are complex, they can 

be also distinguished by the data mining algorithm at an accuracy of 

80%. This means that there are at least 10 types of ECG that can be 

successfully detected, diagnosed and analyzed. The results are present-

ed in the chapters Result and Evaluation. 

Based on the comparison, it is better to choose either CWT or S-

Transform because the performance of CWT and S-Transform is at the 

same level, which better than XWT. The project offers one of the best 

solutions. By adjusting the CWT parameters, other available solutions 

can be explored in the future.  

Selection strategy for the data mining algorithm should also be dis-

cussed. But first, all ECGs need to be reformed as they have the same 

periodicity. A common method to achieve this in the time domain is the 

DTW, which can measure the similarity between two signals based on 

the morphology features regardless of the length and periodic factor. 
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This means their distance will remain the same unless their shapes 

change.  

The paper “Research on ECG morphological feature recognition and its 

effect for classification” [22] uses DTW to process the ECG and then uses 

different classifiers to analyze the features. Though the signal is not 

transformed into the time-frequency domain, the result is also in the first 

level. The chart below shows the ECG feature extraction accuracy based 

on the different feature extraction method and the classifier.  

Feature 

Classifier 

Comm Code Subwave Sample Complex 

NBayes 77.76(2) 82.29(1) 73.55(3) 67.99(4) 58.40(5) 

BN 86.13(3) 86.99(2) 87.71(1) 80.49(5) 84.33(4) 

INN 95.70(2) 95.99(1) 95.50(3) 95.16(4) 75.16(5) 

C4.5 83.27(3) 84.56(1) 81.40(5) 81.83(4) 84.15(2) 

SVM 85.87(5) 86.91(4) 91.35(2) 87.76(3) 91.66(1) 

RankS 1.82 3 2.27 1.1 1.82 

Figure8.3 Feature set and classifier analysis [22] 

The same conclusion is drawn here. The accuracy in this project is 65% 

to 95%, depending on the different algorithms. The details are found in 

the chart below. Compared to the DTW method, the project requires 

fewer steps to achieve the feature extraction and the evaluation. 

Property 

Algorithm 

Distance 

Calculation

（vector to） 

Complexity Cluster 

Number 

Iteration  Result 

Visualization 

Average k-means Cluster 

Center 

O(n) Defined Defined Cluster Chart 

SOM Node in 

Middle 

Layer 

O(n) Defined Defined 2D topology 

with attribute 

and cluster 

Hierarchy Vector O(n^2) Not 

necessary 

to define 

Can’t be 

executed 

Tree Structure 

with vector 

and cluster 

Figure 8.4 Algorithm Comparison 
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The chart above also shows the algorithm selection strategy. The most 

important issues to consider are the algorithm mechanism and the 

algorithm complexity.  

The algorithm mechanism defines the usage of the algorithm. For the 

average k-means algorithm, it calculates the distance between the fea-

ture vector and the defined cluster centers. The cluster center is updated 

according to the average distance. It can only offer a simple result that 

contains the cluster number and its instances. The SOM algorithm 

calculates the distance between the input feature vector and the node in 

the middle layer. The node in the middle layers is updated according to 

the input vector property. It can give the attribute and cluster infor-

mation. Hierarchy algorithm calculates the distance between each fea-

ture vector in the matrix. It can provide a detailed relationship between 

the instances and the general distribution of all feature vectors.  

The complexity determines the cost of the algorithm. The complexity of 

the hierarchy algorithm is the highest in the chart because the calcula-

tion time is 2

nC . For the average k-means algorithm and the SOM algo-

rithm, the time complexity is not very high because it is not necessary to 

calculate the distance between each feature vector unless it has a high 

number of iteration time and cluster number. In this case, if the similari-

ty between each feature vector is not required for researching and the 

number of the instances is great, it is better to choose the SOM algorithm. 

It decreases the feature dimension and presents the cluster relationship 

in a 2D topology. Otherwise, the hierarchy algorithm is better even 

though it has a higher cost. If the number of the cluster is not defined, it 

is also better to choose the hierarchy algorithm because the tree topolo-

gy can find the detailed distribution information, which indicates the 

cluster reason and the forming of the result. It is also flexible, which 

means that the user can use it to define the cluster number based on the 

information above. 

The methods used here can be also adopted in the other study fields. If 

the researched time series has a strong periodic feature, such as the 

temperature in a day, choosing CWT is better because it not only can 

find the regularity and periodic feature in the time series, but also detect 

abrupt and unique features. If the time series has a weak periodic fea-

ture or has no regularity, like certain economic data, using CWT may 

generate a result that can’t be analyzed. But the Apriori algorithm and 

the iSAX methods may work successfully in this situation. By sampling 
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and normalizing the original time series, it can extract and summarize 

useful information, especially when the data is not numeric. 

In general, the project achieves most of the goals stated in Chapter 1 and 

the performance is higher than expected. Future work should optimize 

the current work and the methods included, but not be limited in the 

following area: 

1) Optimize the CWT parameters to extract better features; 

2) Optimize the algorithm to distinguish more types of ECG especially 

for an ECG connected to more than two diseases; 

3) Build up an ECG classification standard. 

4) Realize the function of the real-time monitoring of heart activities by 

using the extracted features. 
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9 Conclusions 
The following are the conclusions 

1) The project can successfully extract ECG features both from the time 

and frequency domain at different scale levels. The features transformed 

by CWT can be magnified and increased, to be more robust than the 

original signal. This means that extracted ECG signal can be analyzed 

directly without filtering the noise in most cases. 

2) The extracted feature is valid for ECG diagnosis. The visualization of 

the CWT coefficient can directly distinguish disease such as arrhythmia, 

atrial and ventricular premature. Remaining diseases can be distin-

guished and analyzed by the data mining algorithm. 

3) Most of the cluster results correspond to the CCDD disease record.   

4) The UI can be implemented independently and achieve 3D color 

visualization. The parameters are optimized and written in the callback 

function which works well. Compared to the wavelet tool box, it de-

creases the execution time by 90%. The functions are successfully inte-

grated in the panel.  

5) The CCDD disease record has some minor problems and the project 

can find some of them.  

6) The features play a more important role than the values. The cluster 

result is determined by the overlapping area with the morphological 

features. 

7) The difference between the normal ECGs within the cluster is small. It 

indicates that they have some common characteristics. The difference 

between the abnormal ECGs is great. It means that each instance has its 

unique disease pattern. In this case, there are only two or three clusters 

for the normal ECG. It is noted that the difference between the normal 

clusters is also great, which means there are different kinds of normal 

ECGs. 

8) The testing procedure shows that the T wave changes in the different 

magnitude indicates different disease patterns.  



Feature Extraction for the 

Cardiovascular Disease Diagnosis 

Yu Tang 

9 Conclusions 

2018-05-30 

 

55 

9) Some ECGs have features relating to two more diseases. 

10) The cluster strategies affect the result in different ways.  

11) The methodologies used here can also be used for other events, such 

as the weather forecasts and earthquake research by modifying the 

parameters and the program. 

It is important to consider ethical issues. The project deals with original 

and innovative ideas based on current research papers. With the excep-

tion of the data from the CCDD database and suggestions from my 

supervisor, the work was developed by the author independently, 

including the code. The result of the project is presented objectively and 

can be repeated.  
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Figure 1 Trained Instances 

 
Figure 2 Tested Instances 

 


