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Abstract 

Title: 

Development of a Graphical User Interface for ECG Signals Classification Using 

Statistical Features Analysis 

Author: 

Mousa Hammad S Aldosari 

Principal Advisor: 

Mehmet Kaya, Ph.D. 

Cardiac diseases are the most common cause of mortality in the world. The detection 

of cardiac arrhythmias is not a straightforward process, since minor variations in the 

electrocardiogram (ECG) signals cannot be easily identified manually. Therefore, 

automatic detection and classification of cardiac arrhythmia would shorten the diagnostic 

time and accelerate medical intervention resulting in reducing the mortality rate. In this 

thesis, I have developed a simple and low-cost computer-aided diagnostic system using 

MATLAB-based Graphical User Interface (GUI) to facilitate fast operation and access to 

the data along with the overall accuracy of the system. 

The acquired ECG signals are processed by wavelet-based filtering and feature 

extraction techniques using Daubechies (db) wavelets to determine a combination of 15 

statistical features. The significant wavelet features were subsequently used as categorical 

inputs to perform pattern recognition of the ECG signals using artificial neural network 

(ANN), support vector machine (SVM), and random forest (RF) and classify the output 

into normal or abnormal classes. The performance of the proposed model was evaluated 

using Massachusetts Institute of Technology-Beth Israel Hospital arrhythmia database 

(MIT-BIH AD) over 46 ECG records including normal and arrhythmias signals. The 

overall system performance was achieved with 98.3%, 95.65%, and 100% overall accuracy 

using ANN, SVM, and RF, respectively. 
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Chapter 1: Introduction 

1.1 Motivation  

Cardiovascular diseases (CVDs) are the most common causes of mortality and 

morbidity worldwide [1, 2]. According to the World Health Organization (WHO), 

approximately 18 million people died from CVDs, which represented 31% of global deaths 

in 2016, and it is expected to reach 24 million by 2030 [3, 4]. About 85% of all CVDs 

deaths were due to heart attacks and strokes, and nearly 82% of CVDs deaths were found 

in the least developed and developing countries, more often occurring at younger ages than 

in more developed countries [3]. In the United States, around 92.1 million people have one 

condition of CVDs [4]. Lateness in heart disease diagnosis and treatment could lead to life-

threatening conditions, higher hospitalization costs and lower quality of life. A poor 

lifestyle and nutritional habits have been associated with high cholesterol, obesity, diabetes 

mellitus, and high blood pressure [5, 6]. According to the WHO, the common risk factors 

for CVDs mortality rate are hypertension (12.8%), smoking (8.7%), hyperglycemia (5.8%), 

physical inactivity (5.5%), obesity (4.8%), dyslipidaemia (4.5%), and alcohol consumption 

(3.6%) [7]. In addition, the population growth and increased incidence of diseases have led 

to significant economic loss and an increasing in social burden [8]. The accumulative 

healthcare expenses on CVDs from 2011 to 2025 is estimated to be around 3.76 trillion 

dollars [9]. Early detection of cardiac arrhythmias may restrain or mitigate potential health 

hazards which would be extremely valuable by reducing the social and economic burdens. 

There are currently a number of professional devices that are used for inpatient care, 

such as the standard 12-lead ECG. These devices are inconvenient for the patient, as they 

require the attachment of several electrodes and wires to the patient's body [10]. However, 

to cut the cost and minimize the hospital readmission for the management of heart diseases 

[11]. Ambulatory ECG (AECG) devices have created an opportunity in reshaping 

healthcare management programs from the traditional diagnostic tools into the most recent 
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trend of constantly detecting an abnormal cardiac rhythm, and even characterizing other 

physiological signs in the real-world environments that cannot be acquired from the 

conventional ECG devices [11, 12]. Over the last few years, a variety of novel AECG 

devices have been proposed to provide mobility and comfort for long time periods of 

recording ranges from weeks to month such as Holter monitors, event recorders, ECG 

patch monitors and cardiac telemetry devices [12]. Since massive ECG data can be 

obtained by such AECG’s device, it is crucial to develop an automatic ECG signal 

diagnosis and classification system through computerized ECG signal processing and 

feature extraction techniques by which precise and accurate arrhythmia detection is 

possible.  

Therefore, the aim of this thesis is to propose a simple and cost-effective computer- 

aided diagnostic system for the detection and accurate classification of different ECG 

signals using wavelet-based filtering and statistical feature extraction techniques which 

automatically classifies the ECG signal into normal and abnormal categories. 

1.2 Background 

Cardiac arrhythmias are the most common cardiac diseases, presenting failure in 

electrical cardiac activity and leading to cardiac arrest and sudden death [13]. Cardiac 

arrhythmias can be present in a wide range of physiological and pathological conditions 

which are more often witnessed in elderly people with heart diseases (e.g., hypertension, 

cardiomyopathy and coronary artery disease) [14]. Arrhythmic beats may also take place in 

a healthy heart and have a nominal effect (e.g., caffeine and exercise) [15]. Although 

arrhythmias occasionally occur in healthy hearts, persistent arrhythmias may exacerbate to 

dangerous cardiac arrhythmias which can result in heart failure or sudden cardiac death if 

not recognized and controlled in time. 

As many forms of cardiac arrhythmias in the ECG strip exist erratically, very long 

timescale recordings are required in order to be detected. Visual examination of prolonged 

ECG recordings is complex, tedious, and could result in misinterpreting or false detection 
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of arrhythmias. In addition, the ECG signal is usually distorted by different types of noise 

and may be influenced by a physiological process of the body [16]. These noises decrease 

the quality of ECG signal, frequency resolution and largely influence the signal 

morphology. 

To mitigate the complexity of ECG signal analysis, computer-assisted cardiac 

arrhythmia detection and classification can play a significant role in improving reliability 

and accuracy by computing different ECG characteristics and helping the physicians in 

quick, evidence-based decisions resulting in an appropriate medical intervention. These 

advantages have led to considerable commercial interests in the computer-aided 

classification and diagnosis of the ECG signals. This has encouraged many researchers to 

develop a range of computer-based and web-based applications for either real-time or post-

analysis. A typical computer-based ECG analysis system incorporates a signal 

preprocessing, waves detection, feature extraction followed by signal classification 

techniques [17]. 

A variety of signal processing techniques have been proposed to improve the 

diagnostic efficiency of ECG signals such as Fourier transform (FT), wavelet transform 

(WT), statistical features, morphological features, etc. [18, 19]. Due to the nonstationary 

aspect of ECG signals, the traditional FT is insufficient for ECG signal analysis as it offers 

a global characterization indexes of the frequency components. In contrast, wavelet 

transform (WT) contains both the temporal and the frequency characterization of the ECG 

signals [20]. The WT is a relatively new and computationally powerful technique for noise 

removal and extracting information from nonstationary ECG signals over the FT and STFT 

techniques [19]. Recent advancements in artificial intelligence, especially machine learning 

techniques, provides an opportunity to rapidly and accurately diagnose cardiac arrhythmia 

[21]. Several classification methods of arrhythmia have been proposed including ANN and 

SVM, RF, k-nearest neighbor (KNN), Bayesian networks, and etc. [22]. 

Since the recent expert systems for automatic ECG signal analysis and classification 

using wavelet-based signal processing and pattern recognition techniques, considerable 
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efforts have placed on the development of relatively effective and robust automated ECG 

signal processing and analysis techniques capable of accurately classifying different types 

of ECG signal [23]. Despite the diversity of available methods, accurate detection of ECG 

signal characteristics still has limited use in practice due to temporal-varying properties of 

an ECG signal from normal and abnormal subjects depending on different factors and 

conditions (e.g., age, physical conditions) [24, 25]. Another fundamental challenge is the 

absence of ideal rules for ECG feature extraction and classification techniques due to the 

probability of intraclass commonality and interclass heterogeneity. In addition, some of the 

existing high detection systems are based on pilot or private datasets that can perform well; 

however, these systems may not work probably on large datasets containing various ECG 

signals from different subjects. Some of the existing approaches are running by 

sophisticated computation algorithms associated with long processing time which do not 

serve the purpose of having a simple, fast, and affordable computation system to detect 

ECG signal abnormalities in real-time [26]. 

Despite the aforementioned limitations, cardiac arrhythmia detection is possible by 

adapting robustness and efficient feature extraction and pattern recognition techniques that 

keep data structure with simple statistical assumptions and provide a suitable model for 

data interpretation [27]. Over the last decade, many computer programs for ECG 

arrhythmia detection and classification have been developed using multiple techniques. 

Developing an effective system relies on the speed and reliability of the implemented 

preprocessing, feature extraction, and heartbeat classification techniques which has to 

accurately distinguish different ECG signals. Statistical features provide a feasible way to 

describe the degree of complexity and the sort of distribution that exhibits different 

numerical values than normal signals in time-series of data [25]. These distinct differences 

assist classification techniques to identify signal classes which have the advantage of using 

a robust and reliable decision tree that is more comprehensive and accurate than the 

existing tree-based extraction techniques. 

For that, the significance of this work is to perform an automated classification of 

statistical wavelet features and classify the processed signal into the normal and abnormal 
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classes with higher performance measures. To achieve this aim, a MATLAB-based GUI 

was designed to perform offline analysis procedure on ECG records taken from the MIT-

BIH AD and verify the implemented algorithms consisting of preprocessing, feature 

extraction, and classification techniques. 

1.3 Cardiovascular system  

1.3.1 Mechanism of the heart 

The heart pumps an appropriate amount of blood through the circulatory system to 

provide sufficient oxygen and nutrients to several body tissues under different conditions 

[28]. As shown in Figure 1, the heart consists of four chambers comprising of two atria and 

two ventricles. The right atrium receives the returning deoxygenated blood from the veins, 

while the right ventricle flows deoxygenated blood from the right atrium to the lung via the 

pulmonary arteries in order to remove the metabolic wastes and re-oxygenate the blood. 

The left atrium receives oxygenated blood from the lungs via the pulmonary veins and 

flows it to the left ventricle. Once the left ventricle contracts, the blood is pumped out 

through the aorta to the arteries and all other tissues in the body [29]. 

1.3.2 Cardiac conduction system 

The heart’s ability to cyclically pump sufficient blood relies upon the ideal signaling 

and contraction of the autorhythmic and contractile cells that function spontaneously in a 

rhythmical manner to originate electrical impulses passing throughout the cardiac 

conduction pathway in sequential order [30, 31]. In a normal cardiac conduction system, 

the sinoatrial (SA) node serves as the primary autorhythmic cell of the heart’s that initiates 

cardiac action potential at a range of 60 to 100 bpm [32]. As shown in Figure 1, the sinus 

node is located in the upper portion of the right atrium which directly activates the right 

atrium and propagates to the left atrium via the Bachmann’s bundle which causes atrial 

contraction. The electrical impulse travels throughout atrium tissues to the atrioventricular 
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(AV) node which briefly slows down the stimulus to allow the blood from contracting atria 

to enter the ventricles before contraction. The electrical impulse is then rapidly propagated 

through the bundle of His to the bundle branches until it reaches the Purkinje fibers and 

causes ventricular contraction. After ventricle contraction, another cardiac cycle starts over 

with another impulse at the SA node level. 

 

Figure 1 — Cardiac conduction system. Reprinted from [33]. 

In addition, the contractile cells contribute to further action potentials of 

cardiomyocytes arising from the progressive diffusion of sodium (Na+), potassium (K+), 

and calcium (Ca++) ions across the cellular membrane causing the potential difference [34]. 

The normal cardiomyocyte's resting membrane is negatively polarized at −90 mV which is 

subjugated to the K+ ion. Once the cardiac myocytes are electrically excited, membrane 

permeability to K+ ions decreases and a rapid influx of Na+ ions forces rapid depolarization 

to +20 mV [35]. Simultaneously, a low efflux of K+ ions allows for partial repolarization of 

the potential membrane. However, the entry of slow Ca++ ions’ positivity sustained the 
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cardiac depolarization before further repolarization takes place and re-equilibrate the 

membrane potential to its normal electronegativity value by the rapid efflux of K+ ions 

(Figure 2). These variations in polarity, create an electrical current flow that can be 

measured through electrodes attached to the body’s surface (Figure 3) [31]. 

 

Figure 2 — Action potential of a pacemaker cell and myocardial cell. Reprinted from [34]. 

1.3.3 Electrocardiograph and leads configurations  

Electrocardiograph (ECG) is a mainstay diagrammatical interpretation of electrical 

cardiac activities by using electrodes placed to particular anatomical positions on the body 

(Figure 3). Although the standard 12-lead ECG recording is one of the most conventionally 

employed, one-lead recording can easily identify the QRS complex for quick assessment of 

the ECG signal. A wide range of single and multi-lead AECG devices are now available, 

for simultaneous recording of multiple biological metrics and telemetered signals. (e.g., 

HRV analysis, EEG and EMG) [36]. However, accurate arrhythmia recognition is still a 

difficult task using single-lead ECG devices. Therefore, dual-lead ECG devices are often 
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utilized for accurate detection of cardiac arrhythmia since they provide more information 

about ECG morphology characteristics (e.g., P and T waves, segments and intervals) that 

cannot be captured through single-lead recording. Specifically, leads II and V (Einthoven’s 

Triangle) or any multi-lead technique that uses a combination of these two leads have 

shown the most accurate interpretation when used for automatic arrhythmia classification 

of heartbeats [37]. 

 

Figure 3 — Electrode placement in a standard 12 lead ECG system [12]. 

1.3.4 ECG morphology description 

The most clinically important characteristics in the ECG waveform are observed in 

the amplitudes and durations. The amplitude of the electrical signal is represented on the 

vertical axis and it is measured in millivolts (mV), while duration is represented on the 

horizontal axis and is measured in seconds (sec) [38]. The duration between two 

consecutive waves is called an interval; and the areas between waves are called segments 
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(Figure 4) [39]. As shown in Figure 4, a typical cardiac cycle derived from an ECG signal 

of normal heartbeat contains three main waveforms including P wave, QRS complex and T 

wave. 

 

Figure 4 — Normal heartbeat characteristics from lead II. Reprinted from [33]. 

Each wave has its own morphological structure, peak, duration, cardiac intervals (e.g., 

PR, RR, and QT intervals), and segments (e.g., PR and ST) that are corresponding to a 

specific event originated as a result of depolarization and repolarization of the cardiac 

action potential. The P wave represents the activation of the atrial muscle which causes 

atrial depolarization as a result of atrial contraction and the normal derivation of the P 

wave width is around 0.12 sec. The QRS complex demonstrates the propagation of 

electrical activation through the ventricular muscle which causes ventricular depolarization 

as a result of ventricular contraction; and in normal conditions, the QRS complex 

bandwidth is between 0.07 to 0.11 sec. The PR interval is the time measured from the 

beginning of atrial depolarization until the ventricle starts to depolarize and the normal PR 

interval oscillates between 0.12 to 0.20 sec [40]. The T wave is associated with ventricular 
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repolarization and the normal T wave has a wide range oscillating between 0.10 to 0.25 

sec. The QT interval involves the time between the onset of ventricular depolarization and 

ventricular repolarization and the normal duration of the QT interval can vary from 0.36 to 

0.44 sec, which has to be less than half the RR interval. The RR interval is the time 

measured between two consecutive R waves at a range of 0.6 to 1 sec in normal conditions. 

Therefore, any anomalies in the ECG shape or deviations in the time duration from the 

normal ranges are a sign of possible cardiac arrhythmias. The assessment of the ECG 

signal is carried by comparing the value of individual characteristic points of apparent 

heart rhythm waves (e.g., mean range, onset- points and end-points) against their standard 

values collected during normal heart rhythm. Various features have been designed based 

on the positions, durations, amplitudes and shapes of P wave, QRS complex and T wave 

[41]. Table 1 contains a summary of the normal ranges of heartbeat features for healthy 

adults. 

Table 1 — Electrocardiogram parameters in normal adult heart [25]. 

ECG Parameters Duration (ms) Amplitude (mV) 

P Wave 110 ± 20 ms 0.15 mV ± 0.05 mV 

QRS Complex 100 ms ± 20 ms 1.5 mV ± 0.5 mV 

T wave 175 ms ± 75 ms 0.3 mV ± 0.2 mV 

PR Interval 160 ms ± 40 ms - 

QTc Interval 400 ms ± 40 ms - 

ST segment 10 s ± 5 ms 0 ± 0.1 mV 

1.3.5 Abnormalities in cardiac conduction system 

Cardiac arrhythmias are defined as disturbances in the regularity of normal sinus 

rhythm (NSR) due to a disturbance at the site of initiation, disturbance in the sinus rhythm, 

or disturbance in conducting impulse [32]. In a healthy heart, the NSR is found between 60 

bpm to 100 bpm at rest [42]. An abnormal initiation of the beat produces disturbances at 

normal rhythms such as sinus bradycardia, sinus tachycardia, ectopic beats of ventricular 

or AV junction origin, atrial fibrillation, ventricular tachycardia (VT), and ventricular 

fibrillation (VF). An irregular heart rate (HR) can be an early sign of abnormal heart 
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function. When the HR exceeds 100 bpm, the sinus rhythm is identified as sinus 

tachycardia, while a heart rate below 60 bpm is known as sinus bradycardia. These 

normotonic arrhythmias have different causes and can occur normally under various 

physiological responses (e.g., exercise, sleep, increased fitness level, etc.) but maybe 

concurrent side effects arise from failure in beat impulse or transmission [43]. Cardiac 

impulses that are not generated by the SA node are widely referred to as ectopic beats. For 

instance, sinus bradycardia resulting from sinus node dysfunction or an AV nodal block. 

Sinus node dysfunction in mammals can manifest as sinus bradycardia, sinus exit block, 

sinus arrest, or tachycardia-bradycardia syndrome [44].  

Premature atrial contraction (PAC) is an ectopic beat that originates in the atria and 

can be identified by an early irregular P wave which is subsequently followed by a pause. 

However, recurrent PACs may anticipate the development of more severe atrial 

arrhythmias including paroxysmal atrial tachycardia (PAT), atrial flutter (AFL) and atrial 

fibrillation (AF). The PAT is originated from the ectopic pacemaker site of the atria which 

produces a fast and steady atrial rhythm between 140-250 bpm. However, the AFL and AF 

are two related supraventricular arrhythmias that are electrocardiographically characterized 

by unevenly and fast arrhythmias between 250 and 400 bpm with sawtooth ECG 

appearance and at rates over 400 bpm, respectively. Certain factors may increase the risk of 

atrial arrhythmias such as caffeine, nicotine, excessive alcohol intake or stress. The 

incidence of atrial arrhythmias may be associated with the presence of hypoxia, 

hypocalcemia, myocardial ischemia, and atrial enlargement [43]. 

The other category of cardiac arrhythmias is ventricular arrhythmia, which is the most 

serious arrhythmia originating in the ventricles and associated with mortality. The 

premature ventricular contraction (PVC) is one of the most common ventricular 

dysrhythmias arises following a pause and may occur in healthy individuals but is more 

prevalent in people with heart diseases such as coronary heart disease, myocardial 

ischemia, cardiomyopathy, congestive heart failure, hypoxia, or electrolyte imbalances [43, 

45]. Frequent PVCs may initiate serious ventricles’ arrhythmias such as VT and VF. VT is 

a rapid ventricular rhythm that originates in the ventricles and occurs at a rate > 100 bpm; 
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and VT may be deteriorated to VF, which may lead to sudden cardiac death. VF has 

abnormal ECG patterns that initiates from numerous ectopic pacemakers in the ventricles, 

causing different parts of the myocardium to contract at various times in a non-

synchronized manner. In Figure 5, the ECG patterns for different abnormalities in the 

cardiac conduction system are presented. 

 

Figure 5 — Characteristics of electrocardiogram cardiac arrhythmias. Reprinted from [46]. 

Many cardiac diseases manifest peculiar ECG morphologies or unusual timing 

intervals which allow the diagnosis. For instance, the presence of a tall P wave (> 2.5 mm) 

signifies right atrial enlargement (RAE) which can be due to pulmonary disease and other 

genetic heart diseases. On the contrary, prolongation in P wave (≥ 0.12 sec) signifies left 

atrial enlargement (LAE) which can be seen in a patient with high blood pressure, coronary 

artery disease (CAD), cardiomyopathy (e.g., left ventricular hypertrophy), or heart valvular 

disease [47].  

Another important ECG morphology is the width of the QRS complex which 

indicates the origin of the conduction system block (e.g., the AV node, bundle of His and 
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both bundle branches) [48]. When the QRS complex is narrow, a partial or complete AV 

blockage may present due to a delay in the excitation of the AV node (e.g., first-degree AV 

block), a partial sinus node impulse blockage (e.g., second-degree AV block), which can 

result in prolonged PR interval (> 200 ms), or due to entire AV blockage of the atrial 

impulses that prevents the entrance to the ventricles (e.g., third-degree AV block) [43]. 

When the width of the QRS complex is > 0.1 sec, the blockage is confined to the right or 

left bundle branches blocks. Complete bundle branches block (BBB) broadens the QRS 

complex (≥ 0.12 sec), while a partial block will widen it up to 0.11 sec [49]. In addition, 

asynchronous ventricular activation results in widening the QRS complex (> 0.1 sec), may 

lead to PVC or preexcitation syndromes. 

Another important cardiac interval is the QT interval, where a short QT interval (≤ 

300 ms) is associated with short QT syndrome (SQTS), hypercalcemia and sudden cardiac 

death (Figure 6); however, long QT interval (> 400 ms) may be found in myocardial 

ischemia, long QT syndrome (LQTS), electrolyte abnormalities (e.g., hypokalemia, 

hypocalcemia, hypomagnesemia), hypothermia, and antiarrhythmic drugs (Figure 7) [50].  

 

Figure 6 — Short QT interval: a) hypercalcemia b) hyperkalemia. Retrieved from [50]. 
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Figure 7 — Long QT interval: a) hypocalcemia, b) hypokalemia. Retrieved from [50]. 

The ST-segment elevation may be observed in myocardial infarction (MI), electrolyte 

abnormalities (e.g., hypercalcemia, hyperkalemia), and hypertrophic cardiomyopathy 

disorders; while the ST-segment depression is associated with myocardial ischemia and 

electrolyte disorders (e.g., hypokalemia, hypocalcemia, hypomagnesemia) [51]. Also, the 

inverted T wave may indicate myocardial ischemia; while the tall T wave could be a sign 

of hyperkalemia [52]. Table 2 shows a summary of the aforementioned ECG abnormalities 

and their characteristics. 

Table 2 — Various abnormalities and their characteristic features [53, 54]. 

Types of Cardiac Abnormalities ECG Abnormalities Characteristic 

Dextrocardia Inverted P-wave 

Tachycardia R-R interval < 0.6 sec or HR > 100 bpm 

Bradycardia R-R interval > 1 sec or HR < 60 bpm 

Atrioventricular node block Long PR interval >200 ms 

Preexcitation syndromes Short PR interval < 120 ms 

BBB or WPW syndrome QRS complex > 0.1 

Hypocalcemia, hypokalemia, 
myocardial ischemia 

Long QT interval 

 Hypercalcemia Short QT interval or QRS complex < 0.1 s 

Hyperkalemia Tall T-wave and absence or short P wave 

Myocardial ischemia Inverted T wave or depressed ST segment 

Myocardial infarction Elevated ST segment 

Given the above, it is clear that the timeframe and configuration of an ECG assists in 

the diagnosis of cardiac arrhythmias and other related abnormalities. Therefore, studies of 
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such features focus on the positions, durations, amplitudes, and the shapes of P wave, QRS 

complex, and T wave considered as important features in identifying and classifying 

various types of cardiac anomalies [53]. 

1.3.6 Neural regulation of heart rate 

The sinus rhythm is controlled by the autonomic nervous system (ANS) and can be 

modulated by a variety of systemic factors. The ANS plays an important role in 

maintaining circulatory homeostasis and regulating the electrical and contractile activity of 

the heart through balancing the activities of chemical neurotransmitters of sympathetic and 

parasympathetic nervous systems [55]. It is composed of afferent neurons found 

throughout the body (e.g., heart, lungs, and blood vessels, etc.) that transmit sensory 

information on a receptor level (e.g., arterial baroreceptors and chemoreceptors) towards 

the central nervous systems (CNS), which ultimately coordinates and carries out the 

appropriate response to target organs via efferent nerve fibers [56]. The sympathetic 

nervous system (SNS) is regulated by norepinephrine release, whereas the parasympathetic 

nervous system (PNS) is controlled by the secretion of acetylcholine. Therefore, a 

reduction in baroreceptor activity triggers sympathetic effects by accelerating the HR 

(tachycardia) and vasoconstriction as a consequence of energy mobilization. On the 

contrary, an elevation in baroreceptor firing frequency activates parasympathetic effects by 

decreasing the HR (bradycardia) and vasodilation as a result of the energy conversion 

function [57]. In normal conditions, the ANS allows for the removal of the stressor through 

increasing parasympathetic activity to bring the body activity to homeostasis. However, 

under severe or long-acting stress, sympatho-vagal balance can lose its adaptivity to restore 

the normal state which results in autonomic dysregulation or dysfunction [58]. Therefore, a 

dysregulation in cardiac autonomic function is typically characterized by sympathetic 

hyperactivity which can raise blood pressure and contribute to promoting CVDs [59]. 
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1.3.7 Heart rate variability 

The heart rate variability (HRV) is known as temporal changes of the cardiac periodic 

rhythm between two consecutive R waves, which is a result of the reverse influences 

exerted by the SNS and the PNS activities [60]. This variation has emerged as a powerful 

prognostic indicator to evaluate the functionality of cardiac autonomic activity and identify 

a variety of cardiac and non-cardiac diseases. In general, elevations in HRV level during 

periods of rest, indicated by high dominant vagal activity, result in a healthy heart and 

overall wellness. On the contrary, reduction in HRV values, usually indicated by high 

dominant sympathetic activity, may indicate an early sign of CVDs progression [55].  

A variety of techniques have been developed to analyze HRV signals including linear 

and nonlinear methods. Conventionally, HRV analysis is proceeded by either simple linear 

techniques which can further be divided into time-domain (e.g., statistical or geometric) 

and frequency-domain (e.g., power spectrum) analysis, or by using more recent 

sophisticated nonlinear techniques (e.g., sample entropy and Poincare plot) [61]. 

1.4 ECG signal processing and analysis techniques 

A fundamental goal of signal processing methods is to reconstruct the ECG signal and 

extract specific ECG characteristic features. The earlier techniques toward ECG signal 

analysis have employed methods like the time-domain and frequency-domain of HRV 

analysis which is based on the FT techniques and confined to stationary signals. 

Alternatively, the time-frequency (TF) technique is often used to overcome the limitation 

of classical analysis and processing non-stationary signals [54]. 

1.4.1 Linear heart rate variability techniques 

In the linear HRV analysis, the time-scale indices are the most computationally 

simple method of HRV analysis by directly computing different statistical properties from 
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raw RR intervals or can be derived from its differences [59, 62]. Time-domain parameters 

can be directly derived from RR interval signals such as the mean normal-to-normal (NN) 

intervals and the standard deviation of all normal RR intervals (SDNN). However, the most 

common parameters, measured as differences between normal RR intervals are the root 

mean square successive differences (rMSSD), the standard deviation of differences 

between adjacent NN intervals (SDSD), and pNN50% which is the proportion of 

successive difference of intervals >50 ms [63].  

Another type of statistical parameter is geometrical technique which is derived from 

converting RR intervals and found to be insensitive to chaotic and missed beats in an ECG 

signal [59]. A few geometric parameters have been widely used for HRV analysis such as 

the NN triangular index (NN triangular index), the triangular interpolation of a NN interval 

histogram (TINN) and other different methods based on Lorentz or Poincare plots. 

However, the time-domain indices lack the frequency content of a signal that is necessary 

to analyze all features of ECG signals [64].  

For that, the interest was turned to the frequency representation of a signal as a 

powerful HRV analysis technique which is premised on how the spectral power of the 

ECG signal changes regarding a function of the frequency. The power spectrum of linear 

HRV analysis expresses the state of the ANS component in four different frequency bands 

ranging from 0 to 0.4 Hz and can be classified as high frequency (HF), low frequency (LF), 

very low frequency (VLF), and ultra-low frequency (ULF). The HF power is employed to 

describe parasympathetic activity and respiratory sinus arrhythmia (RSA) and modified by 

vagal outflow variations [65]. On the contrary, the LF power is modulated by baroreflexes 

and it shows sympathetic and parasympathetic activities [66]. Moreover, very low 

frequency (VLF) power shows the vascular and thermo-regulatory functions of the heart 

[65]. Consequently, the LF/HF ratio obtains sympatho-vagal balance, where a low LF/HF 

ratio indicates the parasympathetic dominance, whereas a high LF/HF ratio reflects the 

sympathetic dominance [67]. In Table 3, the most frequently used linear HRV indices are 

shown, which has been standardized by the Task Force of The European Society of 

Cardiology and The North American Society of Pacing and Electrophysiology [63]. 
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Table 3 — Most used heart rate variability parameters [63]. 

HRV Parameters Duration (ms) Description 

Time domain 

parameters 

SDNN (ms) The standard deviation of all normal RR intervals.  

SDANN (ms) The standard deviation of 5-minute average of the 
entire HRV recording 

SDSD (ms) Standard deviation of differences between adjacent 

NN intervals  

RMSSD (ms) The square root of the mean squared differences of 
successive NN interval 

pNN50 (%) The proportion derived by dividing NN50 by the 

total number of NN intervals. 

Geometrical domain 

parameters 

NN triangular 

index 

The integral of all NN intervals divided by the 

major peak of each RR interval and its baseline 

width. 

TINN (ms) The baseline width of the RR interval which 

approximates their distribution by triangular 

interpolation. 

Frequency domain 

parameters 

ULF (ms2) The ultra-low frequency band is ≤0.003 Hz 

*(Long-term recordings) 

VLF (ms2) The very low frequency band from 0.003 Hz to 

0.04 Hz. 

LF (ms2) The low frequency band from 0.04 Hz to 0.15 Hz. 

HF (ms2) The high frequency band from 0.15 Hz to 0.40 Hz. 

LF/HF ratio LF [ms2]/HF [ms2]. 

TP (ms2) The total power of all NN variance is ≤0.4 Hz. 

In spectral analysis, power spectrum density (PSD) of the HRV signal is usually 

obtained by either parametric (e.g., autoregressive (AR)) or nonparametric (e.g., Fast 

Fourier Transform (FFT)) methods [68]. Conventionally, the FFT technique is used for its 

simplicity and high processing speed, but employing the ordinary FT approach destroys the 

temporal representation of the signal at different frequencies’ content [64]. Besides, the 

efficiency of spectral power analysis is restricted by a low signal-to-noise ratio (SNR), as it 

confined to stationary signals. For that, the time-frequency (TF) techniques are used to 

analyze the temporal and spectral representation of nonstationary signals and minimize the 

feature degradation [54]. 
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1.4.2 Non-linear heart rate variability techniques 

The more recent HRV quantitative measurements are nonlinear techniques which can 

describe irregularity and complexity of the RR interval behavior and are not impaired by 

nonstationary signals [62]. A variety of nonlinear methods are widely used to analyze 

nonlinear HRV, but a few serve as unique indices for risk stratification. Among the various 

nonlinear indices, Poincare plot, correlation dimension (D2), Lyuponov exponent (LE), 

detrended fluctuation analysis (DFA) approximate entropy (ApEn), and sample entropy 

(SampEn) are frequently used to describe HR dynamics in nonlinear systems. SD1/SD2 of 

Poincare plot is a graphical representation of the nonlinearity behaviors of RR interval in 

short and long-term fluctuations [61]. The D2 and LE describe the existing of chaos in the 

system. Although, their clinical importance has not been well explored. The DFA 

quantifies the fractal scaling properties of RR intervals in time series data which has been 

shown to predict fatal cardiovascular events in various populations [69]. The ApEn and 

SampEn are two related quantitative indices of regularity and randomness in the time series 

of signals that give information on atrial fibrillation susceptibility [61, 69]. Lower SampEn 

values show more regularity and higher values indicate more randomness and complexity 

in the system [70]. 

1.4.3 Time-frequency techniques 

A simultaneous analysis of ECG signals in both temporal and spectral representations 

can be exhibited by time–frequency (TF) techniques, which is the most appropriate tool for 

non-stationary signals. Several methods are currently available to obtain linear and 

nonlinear TF analysis. In linear TF analysis, several methods are currently available 

including short-time Fourier transform (STFT), discrete wavelet transform (DWT), and 

continuous wavelet transform (CWT) [71]. In nonlinear TF analysis techniques, various 

computational techniques have been used to extract hidden information features that are 

less sensitive to noise such as higher-order cumulants, higher-order spectra (HOS), 

recurrence quantification analysis (RQA), and Hilbert Huang transform (HHT) [38].  



20 

 

 

The STFT is a simple and fast technique in comparison to other TF analysis 

techniques, using a fixed length window that slides along the signal in time by emphasizing 

the changes in spectral distribution [72]. The STFT cannot provide an ideal time-frequency 

data due to its uniform time-scale resolution and high frequential resolution, that restricts 

the validity of the features in order to achieve high classification accuracy [18]. 

 Alternatively, the wavelet transformation (WT) is an effective TF method that breaks 

the signal into multiple sub-sets of coefficients and strengthens the description of both 

temporal and spectral properties [73]. The key feature of WT is that it has an adaptive 

window size, that is broadening at low frequencies and narrowing at high frequencies, 

resulting in optimum time-frequency resolution in all frequency bands [74]. The CWT 

performs spectral-dependent windowing by shrinkage and expansion of wavelet functions 

that offers high resolution of higher-frequency signal elements. However, ECG signal 

processing using CWT is quite tedious and is not appropriate for massive and diverse data 

analysis. Alternately, the DWT is more common through employing multi-rate signals 

processing and filter banks for the makeup of multiresolution time-frequency plane filter. 

Comparing to CWT, the DWT is considered more efficient in terms of implementation 

(easier) and computation (faster) [37]. Another benefit of the WT technique is that it can be 

made-up from a variety of wavelet families of statistically similar wavelets, which expands 

the signal on the basis functions. Different wavelet families are described in literature such 

as Daubechies, Mexican Hat, Coiflets, Biorthogonal, Symlet and Morlet (Figure 8) [75].  
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Figure 8 — Several families of Wavelets. Discreet wavelets in the first row and continuous 

wavelets in the second row [75]. 

Selecting the suitable wavelet function and number of degrees of decomposition is 

very crucial when evaluating ECG signals using WT. The Haar Wavelet algorithm has the 

characteristic of being easy to measure and understand. Although the Daubechies algorithm 

is conceptually complex and computationally more complicated, this algorithm frequently 

captures the tiny details that missed by other wavelet algorithms, such as the Haar wavelet 

[76]. For that, the Daubechies wavelet family was seen to be similar in conformation to the 

ECG signal. Another key feature of the WT is that WT techniques have been utilized in 

ECG signal processing for several purposes including denoising, heartbeat detection, and 

feature extraction techniques; also, it can be combined with machine learning techniques to 

generate computationally efficient models for ECG signal analysis and classification [20].  
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1.5 Thesis’s objective  

In this thesis, I aim to develop and evaluate a low-complexity algorithm for a quick, 

effective and reliable method of early detection and identification of cardiac arrhythmias. 

A literature review on the basis of the developed model is presented in Chapter 2. Chapter 

3 describes the methodology of the developed model which was designed to identify R 

peak and extract the relevant features of ECG signal. The methodology relays on the use of 

a wavelet’s statistical features to identify the degree of significance of extracted features 

among different groups, and then categorizes the processed signal into the normal and 

abnormal groups using ANN, SVM, and RF classifiers. The results for implementation of 

the developed system and the model assessment in terms of overall accuracy are discussed 

in Chapter 4, followed by conclusions and future perspective. 
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Chapter 2: Literature review 

Over the last decades, an enormous number of scientific researches is dedicated to the 

development of ECG signal processing techniques for the accurate detection and 

classification of various cardiac anomalies. Modern analysis of ECG signal is facilitated by 

a computer-aided diagnostic system to automate preprocessing, feature extraction, and 

classification tasks [46]. During the preprocessing step, a reduction of noise is performed 

to enhance the detection of the R wave. The preprocessing techniques usually involve 

different filters such as median, bandpass, adaptive, morphological and digital filters [25]. 

However, the selected methods in the preprocessing stage are largely depended on the final 

goal of a study. Importantly, techniques that are based on heartbeat segmentation require 

different preprocessing procedures than those based on automatic arrhythmia detection 

[37]. The benefit of using an adjusted heartbeat segment scale is that it will prevent the 

identification of fiduciary points related to certain waveform features (e.g. P wave and T 

wave) that are typically more prone to noise due to their low amplitude values. The 

drawback of the use heartbeat segmentation technique is that in the condition of rapid 

heartbeats, the time between two R-R intervals is narrowed and the heartbeat segment may 

include information from neighboring beats, which can contribute to an increase in the 

false detection of cardiac arrhythmia [20]. After heartbeat segmentation, the ECG signal is 

resampled and digitized with a frequency of 125 Hz, 250 Hz, 360 Hz, 500 Hz, and 1 kHz. 

Resampling has been used to ensure the integrity of datasets and to reduce memory 

prerequisites and computing costs [25]. Another step in the preprocessing stage is 

amplitude normalization which inhibits the impact of parasitic deviation that leads to 

dysfunction of classification algorithms, where the easiest methods of normalization 

belong to the normalizing range from minimum to maximum [77]. Amplitude 

normalization is an optional step; however, it can provide an additional advantage when 

comparing the signals visually from different patients [25]. Length inconsistency is 

common in the processing of finite-length signals to deal with boundary effects that may 

exist due to improper boundary extensions. When the wavelet is closer to the edge of the 
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signal, computing the convolution necessitates nonexistent values outside the boundary. 

This raises boundary effects caused by incomplete information in border regions. Thereby, 

the results of wavelet transform in these boundary effects regions have limited accuracy. 

Different extension techniques have been introduced to tackle the limitations of finite-

length signals, including, periodic extension, symmetric extension, and zero padding [78]. 

The extraction of features is an important process that usually affects the classification 

performance of any ECG arrhythmia classification system. A variety of features can be 

extracted from a single heartbeat cycle including morphological, statistical, time, 

frequency, and time-frequency features [25]. The major techniques that are often used for 

feature extraction are the WT and Pan and Tompkins techniques; and less used methods are 

the HHT and amplitude threshold methods [79]. Feature selection techniques can minimize 

the high dimensionality of the feature space and offer various benefits to the classification 

methods such as reducing computational time and cost, improving generalization power 

and overall accuracy of the classification system due to using a smaller number of features 

to construct the final model [25, 80]. However, the selection of irrelevant features may give 

a poor result even with applying the best classifier. Feature selection methods are primarily 

categorized into three groups, including filters, wrappers and embedded techniques [25]. 

Therefore, the selection of appropriate feature extraction methodology is crucial for the 

accurate classification of cardiac abnormalities. 

Moreover, feature reduction or transformation techniques are generally used for 

reducing noise and enhancing overall classification performance. Some of the linear and 

nonlinear techniques have been frequently used for the dimensional reduction of feature 

extraction such as linear discriminant analysis (LDA), independent component analysis 

(ICA), and principal component analysis (PCA) [81]. One of the main disadvantages of the 

feature reduction technique is that the physiological meaning of the original feature is 

typically lost in the process of reduction. Moreover, dimensionality reduction may 

intensify the computational complexity of the overall pattern recognition process, and thus 

render it inappropriate for small wearable health monitoring devices. Instead, filters are 

widely used due to their computational efficiency when the number of features is very 
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large [82]. Therefore, the selection of feature extraction and reduction techniques usually 

influence the final performance of any classification system. 

Classification systems and clustering methods have been widely used to extract 

sudden variances and distinctive hidden patterns from ECG morphology [83]. ANN, SVM, 

template matching, linear discriminate, and multi-layer perceptron are the most popular 

classifiers. Selecting a suitable classifier is another challenge, as the classifier's accuracy 

depends on more than one parameter such as arrhythmia type, selected features, extraction 

technique, and arrhythmia database [82]. Therefore, the choice of single or multiple 

classifiers broadly affect classification performance. Interestingly, the mixture of classifiers 

(MOC) strategy can take the advantages of several classifiers depend on various 

approaches or features to lower the risk of choosing an inappropriate classifier for a given 

application. For ideal performing of the MOC, it is important for single classifiers to be 

diverse in managing vast amounts of data, learning complex decision limits, and handling 

heterogeneous features, where each classifier is trained on a specific subset of features 

[82]. For instance, ANN is effective when the number of types of arrhythmia to detect is 

limited, while SVM can be used competently when the data is large and can also be 

successfully used in combination with data reduction techniques such as the PCA [84]. For 

the MOC, there are two techniques, classifier selection and classifier fusion. In the 

selection of the classifier, each classifier is a specialist in some area of the feature space, 

and each classifier is qualified throughout the feature space [85]. In classifier fusion, the 

combination is achieved by various methods such as majority voting, maximum posterior 

probabilities, and weighted outputs [82].  

2.1 Previous studies  

Previous studies have demonstrated numerous effective applications for the analysis 

of ECG signals using different feature extraction and classification methodologies. 

Chashmi and Amirani [86] proposed an efficient classification method based on a 

combination of linear DWT, nonlinear HOS feature extraction and entropy-based features 

selection techniques. The MIT-BIH AD is used to classify 5 classes of heartbeat categories 
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by using the feed-forward neural network (FFNN) and SVM with Radial Basis Function 

(RBF) kernel. The proposed system achieved high accuracy at 99.03% for FFNN and 

99.83% for SVM-RBF. Also, Celin and Vasanth [87] proposed a method to classify the 

ECG signal by using statistical parameters. First, the input signal is preprocessed by using 

filtering methods such as low pass, high pass, and butter worth filters to remove the HF 

noise. After preprocessing, the peak value is detected by the peak detection algorithm and 

the HRV signal is used for feature extraction. The extracted features are classified using 

SVM, Adaptive Boosting (Adaboost), FFNN, and Naïve Bayes classifiers to classify the 

ECG signal database into normal or abnormal ECG signals. The experimental result shows 

that the accuracy of the SVM, Adaboost, FFNN, and Naïve Bayes classifier are 87.5%, 

93%, 94, and 99.7%, respectively. Yazdanian et al. [88] developed a method for 

categorizing 5 special types of heartbeats (N, L, R, V, P) by using apparent, time-domain, 

and ECG wavelet coefficient related features. Finally, the extracted features are classified 

using SVM. The performance results achieved an accuracy of 96.67% using the MIT-BIH 

AD. In another study, Faziludeen and Sabiq [89] used the Pan and Tomkins, Daubechies 

(db4) wavelet, and SVM algorithms to classify 3 classes of cardiac arrhythmia (LBBB, N, 

and PVC) obtained from MIT-BIH AD. A novel method of feature selection is applied to 

25 extracted features from wavelet analysis and RR interval. The proposed method 

achieved an accuracy of 98.46%, 98.47% and 99.92% to classify LBBB, N, and PVC, 

respectively, using the SVM classifier. Asl et al. [90] classified six types of cardiac 

arrhythmias by applying the GDA feature reduction and SVM. A combination of linear and 

nonlinear HRV features were used for classification. The proposed system achieved an 

overall accuracy of 99.2% for cardiac arrhythmia detection obtained from the MIT-BH 

AD. Ye et al. [20] proposed a new approach for heartbeat classification based on a 

combination of morphological and dynamic features. The WT and ICA are applied 

separately to each heartbeat to extract morphological features. In addition, RR interval 

information is computed to provide dynamic features. These two different types of features 

are concatenated and the SVM classifier is utilized for the classification of heartbeats into 

one of 16 classes or the 5 classes. The proposed method is validated on the MIT-BIH AD 

and it yields an overall accuracy of 99.3% in the “class-oriented” evaluation and an 
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accuracy of 86.4% in the “subject-oriented” evaluation. El-Saadawy et al. [91] proposed a 

method for the heartbeat classification of 15 classes mapped into 5 main categories using 

the MIT-BIH AD. First, a dynamic segmentation is considered to reduce the effect of the 

HRV. The segmented beats are then subjected to DWT to extract the morphological 

features besides the dynamic features represented by four RR intervals. The extracted 

morphological features were subjected for dimensional reduction using PCA. The 

morphological along with the dynamic features are subjected to the SVM classifier. 

Finally, the rejection fusion approach is applied to combine the final decision results from 

both leads 1 and 2 and attaining 93.84% and 99.5% average accuracy, respectively. Zhao 

and Zhang [92] proposed a feature extraction method using WT and autoregressive 

modeling (AR) to classify different ECG signals into 6 heart rhythm types. The R peak is 

detected using the Pan and Tompkins algorithm. The WT is used to extract the coefficients 

of the transformation as the features of each ECG segment. Concurrently, the AR model is 

also applied to hold the temporal structures of ECG waveforms. The proposed method is 

validated on the MIT-BIH AD and it reached an overall accuracy of 99.68% using SVM 

with the Gaussian kernel. Moreover, Martis et al. [93] applied DWT to extract multi-

resolution coefficients followed by using the Pan and Tompkins algorithm for R peak 

detection. Moreover, PCA is used for feature space compression and is statistically 

validated using an independent sample t-test. The machine learning algorithms including 

the Gaussian mixture model (GMM), error backpropagation neural network (EBPNN), and 

SVM are employed for pattern classification problems (normal sinus rhythm versus 

arrhythmia) obtained from MIT-BIH arrhythmia and normal sinus rhythm databases. The 

proposed approach provides 87.36%, 93.41% and 95.60% overall accuracies for GMM, 

EBPNN, and SVM classifiers, respectively.  

In another study, Park et al. [94] applied RF for the classification of 5 different 

heartbeat classes using amplitude difference. They extracted the QRS complex using the 

Pan and Tompkins algorithm along with temporal, morphological, and three amplitude 

difference features. The proposed method obtained a heartbeat classification accuracy of 

98.68% using the MIT-BIH AD. Emanet [95] applied the RF algorithm for the 

classification of ECG beats. In this study, the ECG signals obtained from the MIT-BIH AD 
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were used to classify the 5 heartbeat classes (N, L, R, V, P). Feature extraction from the 

ECG signals for the classification of ECG beats was performed using DWT. The presented 

classification technique successfully classified 5 types of ECG beats with an accuracy of 

99.8% using RF classifier. In another study, Wang et al. [96] used the SVM, 

backpropagation neural network (BPNN), and RF classification techniques for classifying 

5 heartbeat types obtained from the MIT-BIH AD. The ECG signals were subjected to 

denoising using WT; and a total of 250 sampling points were taken before and after the R 

peak. The morphology features based on wavelet packet decomposition, statistical features, 

and RR interval were extracted from the denoising ECG signal; and the wavelet packet 

coefficient was subjected to dimensional reduction through the PCA method. The RF 

classifier achieved the best classification results in both intra-patient and inter-patient 

classification modes with an overall accuracy of 99.08% in a class-oriented strategy against 

SVM and BPNN with an accuracy rate of 98.79% and 97.33%, respectively. Alickovic and 

Subasi [97] proposed a feature extraction method using statistical features of DWT and 

Multiscale PCA (MSPCA) for denoising. A set of different statistical features were 

employed to perform decision tree classification techniques using RF, C4.5, and CART. 

Using the MIT-BIH AD for classifying the five most common arrhythmia classes, the RF 

classifier yielded an overall accuracy of 99.33% against 98.44% and 98.67% for the C4.5 

and CART classifiers, respectively. Alqudah et al. [98] proposed a method to classify the 

ECG beat into six classes by using Gaussian mixture (GM) and wavelet features, and PCA 

for feature dimensional reduction. The extracted features were used for classification 

purposes using the probabilistic neural network (PNN) and RF algorithms. The proposed 

method achieved an accuracy of 99.99% and 99.97% for PNN and RF, respectively on the 

MIT-BIH AD. 

Recently, Peimankar et al. [99] proposed an ensemble learning approach for 

automatic processing and classification of ECG signals. Twenty-six features based on 

wavelet features, heartbeat morphology, and RR intervals are extracted and fed into RF, 

AdaBoost, and ANN classifiers. The three classification techniques are evaluated on 44 

recordings of the MIT-BIH AD by utilizing 5-fold cross-validation to classify heartbeats 

into one of the five classes. The overall classification accuracy of the RF, AdaBoost, and 
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ANN are 96.16%, 96.16% and 94.49%, respectively. Moreover, an experiment conducted 

by Jovic and Bogunovic [100] who extracted a combination of 11 linear and nonlinear 

HRV features for five periods. The features’ combination was fed into several machine 

learning algorithms including a C4.5 decision tree, Bayesian network, ANN, squared 

polynomial SVM (SPSVM), and RF. The overall classification accuracy of the C4.5, 

Bayesian network, ANN, SPSVM, and RF were 97.2%, 98.9%, 99.1%, 98.9%, 99.7%, 

respectively. Bassiouni et al. [101] presented hybrid approaches for ECG signal denoising 

using WT and a series of filters and three different methods for feature extraction ECG 

signals. Features extracted from non-fiducial, fiducial, and fusion were fed into SVM, 

ANN, and KNN to classify ECG signal obtained from the MIT-BIH AD and ECG-ID 

databases. The classification results achieved accuracy of 100% for MIT-BIH AD; using 

SVM, ANN, KNN and 99 % for ECG-ID; using SVM and KNN. 

Table 4 — Classification performance of some well-known methods defined above in 

literature. 

Technique 
Numb of 
records 

arrhythmia 
classes 

Feature 
extraction 

Classification 
Methods 

Accuracy 

Chashmi and 

Amirani 
[86]. 

MIT-BIH 

AD 
5 classes 

DWT and 

HOS 

FFNN+ 

SVMRBF 

99.03% and 

99.83% 

Celin and 
Vasanth 

[87]. 

MIT-BIH 

AD 
2 classes 

Statistical 
using HRV 

parameters 

SVM, 

Adaboost, 

FFNN and 
Naïve Bayes 

87.5%, 93%, 

94 and 99.7% 

Yazdanian et 

al. [88]. 

MIT-BIH 

AD 
5 classes 

Apparent, 

time-domain 

and ECG 
wavelet 

coefficient 

SVM 
96.67% 

 

Faziludeen 

and Sabiq 

[89]. 

MIT-BIH 

AD 

3 special 

categories 

WT and RR 

interval 

features 

SVM 

98.46% for 
LBBB, 

98.47% for N, 

and 99.92% 

for PVC 

Asl et al. 
[90]. 

MIT-BIH 
AD 

6 special 
categories 

Linear and 

nonlinear 

HRV features 

SVM + GDA 99.2% 
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Ye et al. 

[20]. 

MIT-BIH 

AD 

16 classes 

and 5 
classes 

Morphological 

and dynamic 

features using 
RR-Interval, 

and WT+ ICA 

SVM 

99.3% for 

class-
oriented, 

86.4% for 

subject-

oriented 

El-Saadawy 

et al. [91]. 

MIT-BIH 

AD 

15 classes 

and 5 
classes 

Morphological 

and dynamic 

features using 
RR-Interval, 

and WT+PCA 

SVM 

93.84% for 
leads 1 and 

99.5% for 

leads 2 

Zhao and 

Zhang [92]. 

MIT-BIH 

AD 

6 special 

categories 
WT and AR 

SVM+ 

Gaussian 
kernel 

99.68% 

Martis et al. 

[93]. 

MIT-BIH 

AD and 

MIT-BIH 
NSRD 

2 classes DWT+PCA 

GMM, 

EBPNN, and 

SVM 

87.36%, 

93.41% and 

95.60% 

Park et al. 

[94]. 

MIT-BIH 

AD 
5 classes 

Temporal, 

morphological, 
and three 

amplitude 

difference 

features 

RF 98.68% 

Emanet [95]. 
MIT-BIH 

AD 

5 special 

categories 
DWT RF 99.8% 

Wang et al. 

[96]. 

MIT-BIH 

AD 
5 classes 

Statistical, 
RR-intervals, 

morphological 

+PCA features 

RF, SVM and 

BPNN 

99.08%, 

98.79%, and 

97.33% 

Alickovic 
and Subasi 

[97]. 

MIT-BIH 

AD 

5 special 

categories 

Statistical 
features using 

DWT 

RF, C4.5 and 

CART 

99.33 %, 
98.44%, and 

98.67 % 

Alqudah et 

al. [98]. 

MIT-BIH 

AD 

6 special 

categories 

GM and 

wavelets 
features+ PCA 

PNN and RF 
99.99% and 

99.97% 

Peimankar et 

al. [99]. 

MIT-BIH 

AD 
5 classes 

WT, heartbeat 

morphology, 
RR-intervals 

RF, 

AdaBoost, 
and ANN 

96.16%, 

96.16%, and 
94.49% 

Jovic and 
Bogunovic 

[100]. 

6 

databases 
2 classes 

Linear and 
nonlinear 

HRV features 

C4.5, Bayes, 

ANN, 

SPSVM, and 
RF 

97.2%, 98.9% 

99.1%, 

98.9%, and 
99.7% 
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Bassiouni et 

al. [101]. 

MIT-BIH 

AD and 
ECG-ID 

6 special 

categories 

non-fiducial, 

fiducial and 
fusion 

SVM, ANN, 

KNN 

100% for 

MIT-BIH AD 

In literature, many researchers have developed their systems based on different 

algorithms and techniques. Each approach has its own strengths and weaknesses. 

Developing an effective computer-aided system for automatic processing and classification 

of ECG signals relies on the speed and reliability of the implemented techniques which has 

to accurately distinguish different cardiac arrhythmia. In the current study, a methodology 

is presented to categorize the input ECG signal into normal sinus rhythm and arrhythmia. 

The DWT is used to denoise and extract 15 statistical features from RR intervals. These 

features are then used for classification purposes using ANN, SVM, and RF classifiers. 

The performance of the proposed system is validated using MIT-BIH AD. 

2.2 Preprocessing techniques of ECG signal 

The raw ECG signals are normally corrupted by different types of noise that may lead 

to changes in ECG characteristics and obstruct precise interpretation of accurate R 

detection [102]. The most common types of noise present in raw ECG signals are low and 

high-frequency influenced by various sources of noise, such as the electromyographic 

(EMG) noise, 50/60 Hz power line interference (PLI), motion artifacts, and baseline 

wander [103]. Therefore, the preprocessing technique is an indispensable task to improve 

the SNR by attenuating low and high-frequency disturbances from raw ECG signals using 

filters [104].  

2.2.1 Denoising 

Noise removal is an important step for the analysis of signals as a first preprocessing 

stage. Denoising is always accomplished by techniques like finite impulse response (FIR), 

notch, adaptive, bandpass, and wavelet-based filters [17]. Power line interference is the 

most common type of noise present in ECG signal due to the electricity current through 
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wires and power lines [105]. Adaptive and notch filters are typically used to eliminate PLI 

and DC offset elements. Bandpass filtering technique is commonly utilized to remove low 

and high frequency noise elements including baseline drift, PLI, and muscle contractions. 

A bandpass filter with a frequency range of 0.1–100 Hz is most widely used [25]. Baseline 

wandering is another form of noise that arises from respiration and lies between 0.15 and 

0.3 Hz [106]. The baseline wander modification and feature extraction of ECG signals 

always apply techniques like the Pan and Tompkins and the wavelet transform [107]. The 

benefit of a wavelet-based filtering technique is that the mounted and time-shifted daughter 

wavelets demonstrate the local phenomena in a better way in the original signal.  

2.2.2 Detection of R wave 

The detection of R wave provides fundamental features for further detection and 

automated analysis of other ECG characteristics. However, it is difficult to detect an exact 

R wave because the ECG signal is combined with different types of noise. Many 

techniques have been reported to determine the exact R peak position from the recorded 

data. The simplest methods use derivative operations such as the Pan and Tompkins 

algorithm, while more sophisticated algorithms use genetic, decision-based, the HHT and 

WT techniques [37, 108]. The benefits of using the Pan-Tomkins algorithm compared to 

many other existing methods are sensitivity, and short computational process with 

accuracy more than 99 % [109]. Wavelet techniques are the most commonly used but it is 

complex and time consuming. Daubechies’ wavelets are the most common wavelets that 

depict the DWT characterized by an optimal number of missing moments [73]. 

2.3 Feature extraction techniques  

Extraction of features is the main step in the ECG classification to find a set of related 

features and minimize the dimension of feature space that can achieve the best 

performance of classification accuracy and provide a significant contribution to the 

classification problems with ECG arrhythmia [25]. Numerous ECG features can be 
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obtained from single heartbeat including the time domain, frequency domain, statistical 

features, morphological features, etc. 

The extraction of time-based features is a straightforward technique determined by 

using the time difference between consecutive R waves. In addition, extraction of the 

statistical features is among the widely used features for ECG analysis in recent years, 

which are usually computed by using formulation throughout the time-series of ECG 

signals [110]. 

Frequency-based-features are usually computed using FT, in which they have 

improved sensitivity compared to time-based features. However, the time resolution is lost 

during the process of transformation, which leads to an inability to specify the portion of 

time where the change has occurred [111]. 

Moreover, morphological features primarily include the position and amplitude of P 

wave, QRS complex, and T wave; and in addition, the time intervals of RR, PR, and QT. 

These features do not provide high performance in most cases due to low sensitivity [19]. 

However, morphological features may show variations between ECG signal classes that 

are difficult to quantify. 

The combination of time and frequency domains enables a frequency analysis with 

time resolution for the analyzed features to be performed. Mostly, the WT is used for this 

type of analysis because of its computational simplicity and interpretability. However, 

researchers have widely extracted statistical features like energy, mean, variance, standard 

deviation, kurtosis, skewness, etc. [19]. These features provide a practical way to describe 

the extent of complexity and the type of distribution that exhibits different numerical 

values than normal signals in time-series of data. This distinct change helps classification 

algorithms identifying signal categories in a way that achieves better performance in 

classification [25]. 
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2.4 Machine learning and classification techniques 

Recent advancement in artificial intelligence, especially machine learning, has been 

extensively employed to rapidly and accurately classify cardiac arrhythmias [88, 89]. The 

pattern recognition systems can be divided into supervised and unsupervised techniques. In 

the supervised learning techniques, the classification method is performed, in which each 

set constitutes a set of input values and desired output values. Several classifiers have been 

introduced for supervised learning techniques such as Bayesian networks, PNN, KNN, 

SVM, RF, and decision tree (DT) [114]. In contrast, unsupervised learning techniques 

attempt to find the hidden structure in non-labeled datasets whose training dataset does not 

involve any target information clustering the beats into similar patterns such as K means or 

Hierarchical [115].  

2.4.1 Artificial neural network  

Neural networks (NN) are the most widely used machine learning algorithm in ECG 

classification and pattern recognition techniques [25]. The NN consists of an integrated 

network of artificial neurons where the input units represent the feature vector and the 

output units represent the class of patterns to be categorized (Figure 9). There are different 

types of NN structures like ANN, PNN, MLPNN, and BPNN that have been used for ECG 

signal classification. These NNs are constant and feed-forward in nature and do not have 

any lag or feedback loops; in addition, they have a time-series information input such as 

ECG signals [26]. The neural networks are efficient and reliable algorithms in which non-

linear noise characteristics and time-varying ECG signals can be removed [116]. One 

shortcoming of the neural network is that the ANN cannot find a universally optimal 

solution but may be trapped in an optimum local solution [100]. Moreover, neural 

networks could be affected by hurdles in generalizing to data that is not used for training. 

When generalization is an important issue, SVM could be a preferred option [82].  
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Figure 9 — Neural network structure [117]. 

2.4.2 Support vector machine 

Support vector machines (SVM) are a supervised classification technique that has a 

generalization capability in the sense that hidden patterns can be properly identified. SVM 

uses a hyperplane to maximize the margin between two classes to find differences. The 

SVM classifier builds a feature space using the training data attributes to describe a 

decision boundary or a hyperplane that splits the feature space into two halves where each 

half includes only the training data points belonging to a class (Figure 10). Statistical 

classification approaches perform well with linear data, but they cannot imply good 

outcomes with nonlinear data. The main advantages of using SVM is a high classification 

accuracy on noisy and high dimensional data [22]. 

More often training data may not be linearly separable or data should be translated into 

higher-dimensional feature space. This process is carried out with kernels to classify the 

data and transform it back to its original form. Several kernel forms are present for the 

SVM classifier, such as Sigmoid kernel, Polynomial kernel, Gaussian kernel, the Gaussian 

RBF kernel, the Laplace RBF kernel, and the Linear Spline kernel. Among them, RBF is 
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the most commonly employed with SVM because it has restrict and limit observation 

kernels [105].  

 

Figure 10 — Support vector machine structure with samples from two classes [118]. 

2.4.3 Decision tree techniques 

Decision tree (DT) is a widely used statistical method to establish a classification 

system [119]. DT predicts the output variable from the values of one or more predictor 

variables, analogous to logistic regression, in that the output variable takes a limited 

number of values (e.g., normal vs. abnormal). The classification tree often splits the data 

set into two or more subclasses, so that observations within a subclass are more 

homogeneous than observations throughout subclasses. If several variables are evaluated at 

each recursive point, the classification tree picks the variable that most efficiently 

distinguishes the subjects based on the probability of the outcome [120].  

Logistic regression models are nonlinear, robust and quickly measure the expected 

output probability by fitting data to a logistic curve. However, the parametric assumption 

often limits the validity of complex data that involves a combination of categorical and 

continuous variables [121]. Moreover, regression analysis is not sensitive to variables that 
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permit accurate prediction for a relatively small data subgroup. It measures predictors of 

their ability to predict outcomes across the whole sample and distinguishes variables that 

weakly predict outcomes for several subjects versus variables that highly predict outcomes 

for particular subgroups. It can also be difficult to interpret a regression model, particularly 

if it contains multiple predictor variables [120]. The key difference between the two 

models is that logistic regression is a parametric approach that suggests the response 

variable follows the binomial or multinomial distribution, while the DT does not 

necessitate any distributional assumptions [121]. Several statistical algorithms for building 

decision trees are available, including Classification and Regression Trees (CART), 

Iterative Dichotomized 3 (ID3), C4.5 tree, Chi-Squared Automatic Interaction Detection 

(CHAID), and Random forest (RF) [27].   

CART is a nonparametric model that can effectively analyze complicated data and 

hence overcomes a limitation posed by the parametric assumption in the logistic model 

[121]. Classification tree analysis is more likely to recognize variables that obviously 

results within a particular individual subgroup [120]. C4.5 is a supervised classification 

used to create a decision tree based on an ID3 algorithm with some enhancements [27]. 

C4.5 is identical to CART in tree construction, which requires a minimum of six instances 

per leaf to guarantee that only the correct leaves are taken into consideration. The results of 

this decision reduced the classification accuracy slightly, but it also enhanced the stability 

and reliability of the classification system [100]. Moreover, CHAID is similar to CART but 

varies in selecting a divide node. It relies on Chi-Square test utilized in emergency tables to 

determine which categorical predictor is farthest from the independence of the predictive 

values [27]. 

As opposed to C4.5, RF trees are constructed by applying a bootstrap data model 

(without pruning) [122]. The benefits of using RF are their capability to accommodate 

massive number of instances and rank variables according to their classification 

significance and thus enable feature selection to handle overfitting. The only downside to 

using RF is that its model is not simply a single tree [100]. 
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2.4.3.1 Random forest tree technique 

The random forest (RF) is an ensemble decision tree classifier developed by Breiman 

[122]. In this method, several decision trees are created and randomly selected attributes 

from a random subset of k attributes at each internal node [100]. It utilizes a majority vote 

of all variables in which each tree votes for a specific class and the result class is 

determined by the maximum number of trees that have voted [25]. It also uses bagging and 

random variable variety for tree construction [97]. The RF classifier outperforms other DT 

and ensemble models such as AdaBoost. In the existence of noisy attributes, trees appear to 

grow deep and hence suffer from the overfitting issue. However, RF is less influenced by 

noise in training data since it averages multiple deep decision trees that are trained using 

various samples of training data. However, due to the difficulty of interpreting rules based 

on numerical characteristics, RF could be a satisfying novel model for heartbeat 

classification because it results in high precision and is also very quick compared to ANN 

and SVM [100]. 

2.5 Performance evaluation and validation techniques 

Various methods are used to assess the efficiency of the classifier and its accuracy. The 

most common approach is to split the entire dataset into three subsets: training subset, 

validation subset, and testing subset. Each of them should be selected independently of 

each other. The training set is then used to train the data, the validation set to optimize the 

classifier parameters, and eventually the testing data is used to assess the error rate of the 

trained classifier. The use of this approach is impractical due to the small amount of data 

for both training and testing subsets. In addition, samples in the training or testing subsets 

may not be representative, since one class should be defined in both subsets in the right 

ratio [123]. Leave-one-out and cross-validation are considered more efficient statistical 

approaches. The leave-one-out method is used if the data set is small; each element is 

excluded from the data set one by one, and the classifier is designed on the residual 

elements and it is assessed on the eliminated one. The 10-fold method is used for wider 



39 

 

 

datasets, where the data set is split into 10 subsets and an approach like leave-one-out 

approach is applied, taking into account one subset at a time. Cross-validation will promote 

the optimum design of the classifier parameters (e.g., the number of neurons in the neural 

network providing the best output) [82]. 

The validation scheme is an important issue in the assessment of heartbeat 

classification algorithms. In the literature, two different validation methods, namely "class-

oriented" and "subject-oriented" are used [124]. For a class-oriented methodology, the 

sample is split into training and testing datasets where all sets containing heartbeats from 

the same subjects, resulting in high performance measure due to minimal inter-individual 

variation [82]. The class-oriented assessment is used on most of the previous works, which 

is applied on the original 16-class labeling of MIT-BIH AD [124]. In contrast, subject-

oriented is thought to be a more pragmatic approach, in which the subjects included in the 

training sets are eliminated from the testing sets [82]. This scheme is rely on the 

recommendations of the Association for the Advancement of Medical Instrumentation 

(AAMI), which favors the use of five-class labeling standard namely: non-ectopic (N), 

supraventricular ectopic (S), ventricular ectopic (V), fusion (F), and unknown (Q) [124].  
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Chapter 3 

Materials and Methods  

3.1 Materials 

3.1.1 ECG database  

The source of ECG datasets used in this work is the MIT-BIH AD. It is a broadly used 

public database containing standard test materials that can be used to determine the 

efficiency of arrhythmia classifiers. It is comprising 48 records of half-hour recording 

obtained from dual-channel AECG recordings (modified limb lead II (MLII) and one of the 

modified leads; V1, V2, V4 or V5) in which 25 ECG records are regular rhythm where 

others 23 ECG records are arrhythmia. Each record of the MIT-BIH AD has been digitized 

at 360 Hz with a resolution of 11-bit over 10 mV range and bandpass filtered at 0.1-100 

Hz. In this work, a total of 46 ECG records were obtained from lead II (MLII) ECG 

recording [125]. The records number 102 and 104 were excluded in this study because they 

did not contain lead II. 

3.1.2 ECG data acquisition  

In this work, the ECG data acquisition platform was constructed to perform an offline 

ECG arrhythmias classification by developing a suitable MATLAB-based GUI 

environment that facilitates quick operation and easy access to the data interpretation along 

with the overall accuracy of the system (Figure 11). The MATLAB-based GUI is 

constructed to run on 46 selected ECG records of MIT-BIH AD (24 normal ECG records 

(100, 101, 103, 105, 106, 112, 113, 114, 115, 116, 117, 121, 122, 123, 201, 202, 205, 209, 

213, 215, 219, 220, 222, and 234) and 22 abnormal ECG records (107, 108, 109, 111, 118, 
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119,124, 200, 203, 207, 208, 210, 212, 214, 217, 221, 223, 228, 230, 231, 232, and 233) 

for training as well as testing the proposed classifiers.  

 

 Figure 11 — MATLAB-based graphical user interface panel. 
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3.2 Methods 

In the proposed system, a complete platform is developed using MATLAB-based GUI 

to analyze and classify the acquired ECG signal as normal and arrhythmia classes. The 

acquired ECG signals are derived from the MIT-BIH AD to train and test the methodology.  

As shown in Figure 12, the employed methodology is divided into three basic stages, 

including a preprocessing, feature extraction, and classification techniques. Initially, the 

original ECG records were converted from the MIT-BIH format (.dat) into suitable 

MATLAB formats (.mat) and a 10 sec period of each file was picked for further 

processing. Subsequently, the raw ECG records are subjected to preprocesses to remove 

existed interferences and gain better efficiency of the processed signal. The preprocessing 

stage is further divided into de-noising and R wave detection of the ECG signal. For 

denoising, notch filter and Daubechies-6 (db6) wavelet are used to eliminate the PLI and 

baseline wander by decomposing the ECG signal up to level eight. The ECG records were 

zero-padded over all data files to correspond to the longest beat length. Ultimately, the 

denoised ECG signals are subjected to R wave detection using the Daubechies-4 (db4) 

wavelet where any wave above 60% of the maximum peak will be considered as R wave. 

After R wave detection, ECG record was divided into multiple chunks to identify different 

wavelet-based features for each chunk and detect the class of all chunk individually and 

uses majority-based criteria to predict the ECG final class. In the final step of the proposed 

system, a combination of 15 wavelet-based features were subsequently subjected for 

pattern recognition using ANN, SVM, and RF to classify the processed signal into the 

normal or abnormal classes. The performance of these classifiers is evaluated using 

confusion matrix (e.g., sensitivity, specificity, precision, and accuracy). 

 

 

 



43 

 

 

 

 

Figure 12 — Block diagram of the employed methodology. 
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3.2.1 Preprocessing and filtering of the ECG signal 

ECG signal preprocessing is the foremost step in any classification system 

development to eliminate various noises, which can negatively impact ECG feature 

extraction [17]. There are different forms of noise that can contaminate ECG signals, such 

as PLI, baseline wandering, and EMG noise, which can negatively impact ECG feature 

extraction [25]. Although ECG data from the MIT-BIH database is relatively noiseless as 

compared to a raw ECG signal, it still comprises few interferences which necessitate 

eliminating to improve the SNR and the sequential stages of ECG signal processing for 

accurate R wave detection [20]. In this work, the preprocessing stage is decomposed of 

denoising the ECG signal and detecting the R wave. 

3.2.1.1 Denoising 

In the denoising stage, different noise structures were eliminated using notch filter and 

Daubechies-6 (db6) wavelet transform. For the PLI removal, notch filter is deployed 

(Figure 14). The purpose behind a notch filter is to attenuate various singular frequencies 

while retaining the others [25]. The ECG signal was then decomposed using a db6 wavelet 

up to 8th decomposition level and thresholded with a smooth-thresholding technique to 

eliminate baseline fluctuation (Figure 15). After detail coefficients thresholding, the 

denoised ECG signals were reconstructed by taking the inverse DWT of the resulting 10th 

level approximation coefficients on the original signal and modified detail coefficients 

(Figure 16) [126].  

https://www.sciencedirect.com/topics/medicine-and-dentistry/qrs-complex
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Figure 13 — Raw ECG signal. 

 

Figure 14 — Filtered ECG signal using notch filter. 



46 

 

 

 

Figure 15 — Prediction of wavelet coefficients. 

 

Figure 16 — Denoised ECG signal. 
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3.2.1.2 Detection of R wave 

The accurate detection of the R wave is the most important step in automated 

computer-aided ECG signal analysis. Among many of simple and sophisticated techniques, 

the db4 wavelet was used to carry out the R peak detection on the denoised ECG signal due 

to its morphological similarity to QRS complex and fast computational process (Figure 

17). 

 

Figure 17 — R peak detection using wavelet (a) Raw ECG signal (b) Prediction of coefficients 

(c) Baseline wander removal (d) Wavelet with zero padding (e) R peak detection of filtered 

signal. 
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3.2.2 Feature extraction 

The difference between ECG signals can be characterized by a variety of features. 

Both spectral and wavelet-based statistical features were extracted from the R wave based 

on the DWT technique to denote the TF distribution and include the most significant 

diagnostic information of the ECG signal for automatic and fast cardiac arrhythmia 

classification. 

(i) R wave detection 

The detection of the R peak is the first step of feature extraction. In order to exploit the 

significant statistical parameters of different heart rhythms, R peaks were initially detected 

using the db4 wavelet technique where waveforms above 60% of the maximum peak will 

be considered as R wave. The other ECG parameters are determined by the reference of the 

R peak. Once ECG features are identified, ECG features are extracted in multiple chunks 

(Figure 18). 

 

Figure 18 — Splitting of signal into multiple chunks. 
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(ii) Spectral features 

In spectral features analysis, low frequency (LF), high frequency (HF), LF/HF ratio, 

and sample entropy (SampEn) of linear and nonlinear HRV parameters were extracted 

from the wavelet decomposition of the signal as average values over sub-bands. 

(iii) Wavelet-based features 

In the wavelet domain, the statistical features of wavelet coefficients were obtained 

from the sub-bands of the db4 wavelet-based approach. The decomposed wavelet vectors 

are then used to perform different statistical wavelet features including skewness (SK), 

kurtosis (KS), arithmetic mean (AM), standard deviation (SD), root mean square (RMS), 

mode (MD), median (Med), variance (Var), maximum of the wavelet coefficients (Max), 

minimum of the wavelet coefficients (Min), and RR distance (RR dist.).  

Mean, mode, median, and standard deviations are first order statistical features, while 

variance, kurtosis and skewness are statistical features of higher order. The standard 

deviation of a set of data quantifies the dispersion of its values. The mean of a set of values 

describes the position of a distribution, while the variance is the measure of the spread of 

ECG signal over the time domain [127]. Skewness is a measure of the asymmetry of the 

data around the sample mean. When the skewness is negative, the data spreads out more to 

the left of the mean than to the right, as it occurs with positive skewness [104]. The 

kurtosis is a non-dimensional measure that determines the peakedness or flatness of a 

normal distribution [127]. 

Ultimately, 15 statistical features including SK, KS, AM, SD, RMS, MD, Med, Var, 

Max, Min, RR dist., LF, HF, LF/HF ratio, and SampEn were extracted from each heartbeat 

by using Daubechies wavelet. 

3.2.3 Classification techniques  

The classification of cardiac arrhythmias can be achieved after extracting the features 

of each heartbeat in the ECG signal. The overall goal of the classification technique is to 

find a simple but effective method with greater sensitivity, specificity, and accuracy to 
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identify cardiac arrhythmia [112]. A fundamental task in any machine learning model is the 

creation of an appropriate classifier. In this system, the MOC approach based on classifier 

selection was utilized. Pattern recognition techniques were applied on different statistical 

wavelet features to identify the differences in the level of extracted features from ECG 

signal among different groups and categorize the processed signal into normal and 

abnormal classes using ANN, SVM, and RF classifiers. For evaluation purposes, the output 

is defined by a confusion matrix. 

3.2.4 Classifier performance techniques 

In order to evaluate the performance of ECG classification techniques, the proposed 

system was validated using MIT-BIH AD. The testing dataset was used to define the 

expected error of the classifiers when unknown samples are presented to the system. There 

are various evaluation metrics in literature that determine the accuracy of a classifier. In 

this study, classification performance results were assessed using a confusion matrix. 

From the classification results, a confusion matrix is created by comparing the true 

class labels of the instances from the dataset and the predictions produced by the classifier 

on the same dataset. Performance measures calculated from the confusion matrix are 

sensitivity (Se), specificity (Sp), positive predictivity (Pp), and accuracy (Acc). Sensitivity 

is defined as the proportion of true positive beats to the sum of true positive and false 

negative beats and is expressed as Se = TP / (TP + FN). Specificity is defined as the 

proportion of true negative beats to the sum of true negative and false positive beats and is 

expressed as Sp = TN / (TN + FP). Positive predictivity (Pp) is defined as the proportion of 

truly classified patterns to the sum of number of classified patterns classified and is 

expressed as Pp= TP / (TP + FP). The most fundamental statistical index for the 

assessment of overall system performance is accuracy, which calculates the sum of number 

of true negative and true positive beats over all classes of beats. It is quantified as Acc = 

TN + TP / (TN + FN + FP + TP) [25]. Where: 
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• True Positive (TP) is the number of correctly detected beats. 

• False Positive (FP) is the number of incorrectly detected beats. 

• True Negative (TN) is the number of correctly undetected beats. 

• False Negative (FN) is the number of missed beats [16].  

Another performance measures derived from the confusion matrix along with overall 

accuracy are kappa statistics, F-score, Matthews Correlation Coefficient (MCC), a cross 

validation of mean squared error (MSE), and receiver operating characteristics (ROC) [25]. 

The statistical index used in this study to describes the classification performance in the 

positive classes is F-measure [99]. The mean square error (MSE) has been recently used as 

an alternative performance measure for ANN algorithm. It measures the average squared 

difference between outputs and targets and shows the best training performance, where 

smaller MSE values are greater and zero reflect no error. The second statistical index is the 

error histogram which describes the relation between the error value and number of 

instances where different data values concentrated in the center. The middle of the 

histogram has the lowest error and the error rises as it shifts away symmetrically from the 

center on both sides [127]. Another statistical index used for the ANN is the receiver 

operating characteristics (ROC) curve, which is evaluation measure of observer 

performance, where a classifier attempts to pick samples with a higher portion of positive 

values. It is used to show the relationship between sensitivity and specificity which is 

indicated by plotting false positive rate (FPR) versus true positive rate (TPR) to obtain the 

classification performance over the whole range of possible values [123]. For optimal 

classification, the value of TPR = 1.0 and FPR = 0.0, which is meaning that all positive 

instances are categorized as positive and none of the negative instances are misclassified as 

positive which corresponds to the upper left corner of the ROC curve [123, 128]. All 

statistical performance results are shown in the next chapter. 
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Chapter 4 

Result and Discussion 

4.1 Results 

In this thesis, an attempt was made to implement and develop an automatic arrhythmia 

detection and classification system using MATLAB-based GUI to compute different 

statistical wavelet parameters. The proposed method uses 46 records of ECG signals taken 

from MIT-BIH AD (24 normal signals and 22 abnormal signals) and a 10 sec ECG signal 

portion was extracted out from the total ECG recording to classify the signal as normal or 

abnormal classes. A total of 15 statistical wavelet features were extracted including 

skewness (SK), kurtosis (KS), arithmetic mean (AM), standard deviation (SD), root mean 

square (RMS), mode (MD), median (Med), variance (Var), maximum of the wavelet 

coefficients (Max), minimum of the wavelet coefficients (Min), RR dist., low frequency 

(LF), high frequency (HF), LF/HF ratio, and sample entropy (SampEn). Two types of 

features are assessed, first individually and then in combination. These features were 

subsequently given as an input to the ANN, SVM, and RF classifiers for classifying the 

output into normal and abnormal ECG classes. The confusion matrix has been employed to 

display the classification results of the ANN, SVM, and RF by the computation of the TP, 

FP, TN, and FN measures and classification performance results have been illustrated in 

Table 6, Table 7, and Table 8. 

4.1.1 ECG features analysis 

In order to perform heartbeat classification, each ECG record was split into multiple 

segments and 15 statistical features including SK, KS, AM, SD, RMS, MD, Med, Var, 

Max, Min, RR dist., LF, HF, LF/HF ratio, and SampEn were extracted (Appendix). These 
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features were then assessed in combination as means ± standard deviation (STD) and p-

values were calculated for normal and abnormal classes as shown in Table 5. 

Table 5 — Statistical features assessed in combination as means standard deviation 

Target class/ Selected features Std group A Std group B P-value 

SK 3.2 1.62 3.542e-24 

KS 17.47 9.13 4.3897e-27 

AM -86.315 -53.2 1.1095e-8 

SD 61.503 78.82 5.0182e-6 

RMS 112.445 104.82 0.16307 

MD -107.74 -72.375 5.0913e-6 

Med -99.2 -58.4519 1.9106e-11 

Var 4469.8 8437.88 1.9125e-5 

Min -185.1 -191.61 0.57544 

Max 233.63 235.39 0.88479 

RR dist. 277.72 259.93 0.051392 

LF 1826711.74 41172230.77 0.00024574 

HF 375087.77 8455027.6816 0.00024572 

LF/HF 4.84 4.8344 0.0365 

SampEn 0.10038 0.10898 0.21574 

In statistics, a lower p-value is inversely proportional to the higher t-value which 

indicate a more statistically significant feature; where a p-value of less than 0.05 was 

considered significant [114]. According to the statistical features results in Table 5, it can 

be concluded that the average of the SK is 1.62 for the abnormal group and 3.2 for the 

normal group with a p-value of 3.542e-24. The average of the KS is 9.13 for the abnormal 

class and 17.47 for the normal class with a p-value of 4.3897e-27. The average of the AM is 

-53.2 for the abnormal group and -86.32 for the normal group with a p-value of 1.1095e-8. 

The average of the SD is 78.82 for an abnormal and 61.5 for normal classes with a p-value 

of 5.0182e-6. The average of the RMS is 104.82 for the abnormal group and 112.45 for the 

normal group with a p-value of 0.16307. The average of the MD is -72.375 for the 

abnormal class and -107.74 for the normal class with a p-value of 5.0913e-6. The average 

of the Med is -58.4519 for an abnormal and -99.2 for normal subgroups with a p-value of 

1.9106e-11. As well as, the average of the Var is 8437.88 for the abnormal class and 4469.8 

for the normal class with a p-value of 1.9125e-5. The average of the Min is -191.61 for an 
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abnormal and -185.1 for normal subcategories with a p-value of 0.57544. The average of 

the Max is 235.39 for the abnormal group and 233.63 for the normal group with a p-value 

of 0.8848. The average of the RR dist. is 259.93 for an abnormal and 277.72 for normal 

classes with a p-value of 0.0514. The average of the LF is 41172230.77 for the abnormal 

set and 1826711.74 for the normal set with a p-value of 0.000246. The average of the HF is 

8455027.68 for an abnormal and 375087.77 for normal subsets with a p-value of 0.000246. 

The average of the LF/HF ratio is 4.83 for the abnormal category and 4.84 for the normal 

category with a p-value of 0.0365. The average of the SampEn is 0.10898 for the abnormal 

group and 0.10038 for the normal group with a p-value of 0.216.  

4.1.2 Classification performance results using confusion 

matrix 

The classification performance is evaluated on 46 records of the MIT-BIH AD, which 

are to be categorized into two heartbeat classes. 15 different statistical wavelet parameters 

were used as categorical inputs to perform pattern recognition of the ECG signals. 

Classification results of the ANN, SVM, and RF classifiers are displayed by a confusion 

matrix. The uncertainty matrices represent the amount of correct and incorrect assumptions 

made by the classifier compared to the actual classifications in the dataset. The 

classification results of the ANN, SVM, and RF classifiers for the selected ECG records 

are given in Table 6, Table 7, and Table 8, respectively.  

4.1.2.1 Artificial neural network  

ANN is often used as a classifier device to handle nonlinear class differentiation and 

recognize insufficient or contradictory input patterns which makes it appropriate for 

solving complex internal properties [129]. The performance results of the ANN are 

evaluated over repeated iterations by shuffling the values of the training set [127]. The 

Epoch value indicates how many times the network needs to be trained. When the training 

process begins, ANN performs a gradient descent search to reduce the MSE to a minimum 



55 

 

 

value by gradually modifying the weights of the network between the desired output and 

the actual output [117]. Once the training ends, the ANN is validated. In the validation 

process, if the neural network operates correctly, the training stops at the 12th iteration and 

is ready for testing (Figure 19). The performance of the ANN classifier was accessed using 

four statistical measures which are the MSE, error histogram, ROC, and confusion matrix 

for both normal and abnormal classes. All statistical performance measures are shown in 

Figure 20, Figure 21, Figure 22, Figure 23, and Figure 24.  

 

Figure 19 — Artificial neural network tool-box. 
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  Figure 20 — Neural network taining performance. 

 

Figure 21 — Training state. 
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Figure 22 — Error histogram. 

 

 Figure 23 — Receiver operating characteristic (ROC) curve. 
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Figure 24 — Confusion matrix for arrhythmia classification accuracy using ANN. 

From the graphs in Figure 20 and Figure 21, it has been shown that the best training 

performance of the MSE is 0.028931 at epoch 6 and the gradient is 0.0076964 at epoch 12. 

Moreover, Figure 22 shows the training error histogram of 20 bins with numerous data 

fairly concentrated in a good distribution around the middle. From the ROC curve shown 

in Figure 23, the proposed method attained a higher TPR and lower FPR. According to the 

confusion matrix in Figure 24, 1 abnormal ECG records was wrongly classified by the 

ANN as a normal class, which means 21 abnormal ECG records were correctly classified 

out of 22 records, whereas there was no misclassification carried out for normal ECG 

records. The classification accuracy of the proposed method was 100% and 96.6% for 

normal and abnormal classes, respectively, with an overall classification accuracy of 98.3% 

using ANN. The confusion matrix demonstrating the classification results of the ANN is 

given in Table 6. 
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Table 6 — Confusion matrix for arrhythmia classification accuracy using ANN. 

Target class/ Output class Group A Group B Total 

Total 24 22 46 

Correct 24 21 45 

Incorrect 0 1 1 

Correct (%) 100 96.6 98.3 

Incorrect (%) 0 3.4 1.7 

4.1.2.2 Support vector machine 

SVM is a statistical approach utilized because of its generalization capability which 

operates well on noisy and high dimensional data [22]. Seven different statistical indices 

were used to show the performance of the SVM in classifying the ECG heartbeat signals 

for both normal and abnormal classes including the MCC, F-score, kappa measure, 

sensitivity, specificity, positive predictivity, and accuracy. The confusion matrix showing 

the classification results of the SVM is given in Table 7. 

Table 7 — Confusion matrix for arrhythmia classification accuracy using SVM. 

Target class/ Output class Group A Group B Total 

Total 24 22 46 

Correct 22 22 44 

Incorrect 2 0 2 

Correct (%) 91.67 100 95.65 

Incorrect (%) 8.33 0 4.35 

As indicated in Table 7, 2 regular ECG signals were falsely categorized by SVM as 

abnormal class, that means 22 regular ECG signals were properly categorized out of 24 

records, whereas there was no misclassification carried out for irregular ECG signals. The 

classification accuracy of the SVM was 100% and 91.67% for abnormal and normal 

classes, respectively, with an overall classification accuracy of 95.65%. Moreover, SVM 

achieved specificity and precision of 100% and recall of 91.67%. Also, the F-measure, 

MCC, and kappa score were 0.9565, 0.9167, and 0.9132, respectively. 
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4.1.2.3 Random forest tree technique 

The RF classifier is widely used an ensemble decision tree to tackle a wide variety of 

instances that is not prone to over fitting issues and less influenced to noise [119, 122]. 

Classification performance of the RF was evaluated in terms of seven statistical measures, 

which are the MCC, F-score, kappa measure, sensitivity, specificity, positive predictivity, 

and accuracy. The confusion matrix illustrating the classification results of the RF is shown 

in Table 8. 

Table 8 — Confusion matrix for arrhythmia classification accuracy using RF. 

Target class/ Output class Group A Group B Total 

Total 24 22 46 

Correct 24 22 44 

Incorrect 0 0 0 

Correct (%) 100 100 100 

Incorrect (%) 0 0 0 

As it can be observed in Table 8, there was no misclassification carried out for normal 

and abnormal ECG records. The classification accuracy of the proposed technique was 

100% for normal and abnormal classes, with an overall classification accuracy of 100% 

using RF. As well as, it achieved recall, specificity, and precision of 100%. Also, the 

MCC, F-score, and kappa measures were equal to 1. 

4.2 Discussion 

The aim of this study was to perform an automated classification of statistical wavelet 

features and classify the processed signal into the normal and abnormal classes with higher 

performance measures. The proposed system was evaluated using 46 ECG records from 

the MIT-BIH AD and achieved a good classification efficiency using ANN, SVM, and RF 

classifiers.  
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Figure 25 — Statistical features assessed in combination as STD and p-values. 

According to the combined features results in Figure 25, it can be concluded from the 

statistical features analysis that p-value of the SK, KS, AM, SD, MD, Med, Var, LF, HF, 

and LF/HF were statistically significant, with p-values of less than <0.05. Whereas, RMS, 

Min, Max, RR dist., and SampEn had p-value of 0.1631, 0.5754, 0.885, 0.0514, and 0.216, 

respectively. 

These features were subsequently given as an input to the ANN, SVM, and RF 

classifiers for classifying the output into normal and abnormal ECG classes. The confusion 

matrix presenting the classification results of the ANN, SVM, and RF are shown in Table 

9. 
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Table 9 — Confusion matrix for arrhythmia classification accuracy using ANN, SVM, and RF 

Classifier  Target class/ Output class Normal class Abnormal class Accuracy (%) 

ANN Normal class 24 1 100 

Abnormal class 0 21 96.6 

Total average 24 22 98.3 

SVM Normal class 22 0 91.67 

Abnormal class 2 22 100 

Total average 24 22 95.65 

RF Normal class 24 0 100 

Abnormal class 0 22 100 

Total/average 24 22 100 

ANN was employed to deal with non-linear class discrimination, insufficient or 

unclear input patterns. According to Table 9, it can be noted that 3.4% of the abnormal 

ECG signals are incorrectly classified as normal signals and all normal ECG signals are 

precisely classified with an overall classification accuracy of 98.3% using ANN classifier. 

ANN has achieved high-performance measures with the ROC curve of value close to 1 and 

a lower MSE with a smaller gradient of value close to 0, as well as the success rate 

presented by the classifier. ANN may not be adequately efficient to model a complex 

structure due to a limited number of neurons and prone to fall into local minimum values, 

while too many neurons may contribute to over-fitting of training sets and lack its ability to 

generalize [128]. Although the learning process of the ANN classifier is slow, better 

classification performance was achieved as compared to the SVM classifier. 

Moreover, SVM was used to tackle large number of samples that performs well on 

linear and noisy data. From classification results, 8.33% of the normal ECG records are 

wrongly categorized as abnormal records and all irregular ECG records are properly 

categorized with an overall classification accuracy of 95.65% using SVM classifier. SVM 

gave the worst results due to the nonlinear nature of the problem but still better compared 

to other works. 

RF classifier was used for its ability to manage a large number of cases and rank 

variables according to their classification significance and thus allow the selection of 

features to handle over-fitting. However, the best performance results were achieved by RF 

where there was no misclassification carried out for normal and abnormal ECG classes 
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with an overall classification accuracy of 100%. Consequently, the RF classifier results in 

faster learning and better classification performance as compared to the ANN and SVM 

classifiers. It indicated an effective detection scheme with a higher level of accuracy. This 

approach has been considered as potentially useful for building robust and reliable decision 

tree model to classify future input sets for diagnosis of cardiac arrhythmia. 

The features extraction criterion enhanced the reliability and decreased the structural 

complexity of the ECG signal classification. The statistical analysis of the calculated 

features indicate that they differ significantly between regular heart rhythm and various 

arrhythmia types and hence, can be rather useful in ECG arrhythmia detection. When 

analyzing complex data, major issues arise from the number of instances. Typically, a large 

number of instances demand large memory and computational power or a classification 

technique that suits the training sample and generalizes poorly to new samples [127]. The 

classification results and the values of statistical parameters designated that the RF has 

notably significant accomplishments in the classification of ECG heartbeat signals when 

compared to other classification results found in literature. RF classifier proposed in this 

study can be exploited in the classification of different non-stationary ECG signals. 

Although the classification results using ECG records from the ECG experimental 

platform are good, a limitation of the current study is that the proposed method is only able 

to classify ECG records into normal and abnormal beats while there are a number of 

published works focusing on multi-class heartbeat classification (e.g., the 16 classes or the 

5 classes). Even though ECG signals from the MIT-BIH AD are restricted in providing a 

large number of ECG samples, several types of ECG signals may require additional 

features to represent their characteristics [101]. 

Arrhythmia recognition is an easier problem compared to multi-class heartbeat 

classification. However, there is still a need for further research to develop methods that 

can accurately identify cardiac arrhythmia in an online manner. Therefore, the focus was to 

develop a low-complexity and cost-effective computer-aided diagnostic system for 

accurate detection and classification of different ECG signals in an offline manner. As the 

proposed method focuses on classifying normal and arrhythmia signals detection only, the 
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experimental results of the proposed method were not compared with exciting studies 

focusing on multi-class heartbeat classification or using different arrhythmia database. 

Moreover, given that the computational time of the proposed system was low, there is a 

need for a comprehensive analysis to detect a variety of cardiac arrhythmia using smaller 

number of features to construct the final model and validate the results. 

4.3 Future trends 

In modern medical systems, novel AECG devices have become an integral part of the 

well-being management practices of healthcare providers to improve overall health status 

towards personalized ECG arrhythmia analysis. The main disadvantages of the deployed 

AECG devices include the absence of user acceptability, data accessibility, immediate 

professional’s feedback, and security of fundamental information [130]. 

The concurrent rise of smartphone usage with improvements in wireless 

communication has created an opportunity to improve AECG signal acquisition, data 

transmission, and data accessibility processes [131]. A number of smartphone-based for 

detecting arrhythmias have been recently developed and evaluated. Recognition and 

categorization of ECG arrhythmias significantly benefit from the use of multi-lead ECG 

recording, whereas most single-lead recording techniques have shown a significant 

decrease in overall accuracy. Therefore, precise algorithms for single-lead ECGs 

recordings are needed for successful application of such approaches, in which give an 

equivalent or higher reliability than the current state-of-the-art ECG signal analysis when 

applied to dual ECG channel [132]. In addition to algorithmic improvements in the ECG 

signal processing, further developments should be made towards the real-time 

implementation of ECG feature extraction and classification algorithms in smartphone 

environments. 

To conclude, the future work of ECG signal analysis should be focused on the efforts 

to further standardize annotations and developing methodologies that are computationally 
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simple, fast, and correctly classifying ECG arrhythmia using single lead recordings to get 

more near the clinical use of the proposed systems [133]. 

4.4 Conclusion  

Currently, the world's burden of CVDs is high and is rising at an alarming rate. 

Therefore, developing ECG signal diagnosis and classification system through automated 

ECG signal preprocessing and feature extraction techniques with a high-precision and 

rapid arrhythmia detection is of crucial importance. 

In this work, a simple and cost-effective computer-aided model for automatic 

classification of ECG signals was developed and implemented in MATLAB. The proposed 

model is based on some existing algorithms from literature which involves wavelet-based 

filtering and some statistical feature extraction techniques to classify the processed signals 

into the normal and abnormal classes with higher performance measures. The denoised 

ECG signals were processed to obtain 15 different statistical wavelet parameters. These 

features were used as categorical inputs to perform pattern recognition of the ECG signals. 

The developed computer-aided model showed its effectiveness in accurately classifying 46 

ECG records from MIT-BIH AD including normal and arrhythmias signals in an offline 

manner, with an overall classification accuracy of 98.3%, 95.65%, and 100% using ANN, 

SVM, and, RF classifiers, respectively.  

Among these approaches, RF approach achieved the best performance result and 

proved to be the most promising choice for all sets of features, which can be readily 

implemented in any commercial hardware-based offline ECG analysis to assist in faster, 

accurate, and automatic classification of ECG signals at a low cost. 
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Appendix  

The extracted statistical features are individually presented below: 

 

File/Class Skewness Kurtosis 
Arithmetic 

mean 
STD 

Root 

mean 

square 

Mode Median Variance Min Max RR dist. LF HF LF/HF 
Sample 

Entropy 

100m.mat(Normal) 5.04 31.56 -68.14 37.04 77.53 -83.00 -74.00 1371.92 -129.00 192.00 284.00 2.52 0.52 4.85 0.10 

100m.mat(Normal) 5.28 34.27 -64.42 32.90 72.31 -75.00 -69.00 1082.70 -113.00 172.00 284.00 2.52 0.52 4.85 0.10 

100m.mat(Normal) 4.85 29.73 -65.17 35.66 74.26 -81.00 -69.00 1271.40 -109.00 177.00 284.00 2.52 0.52 4.85 0.10 

100m.mat(Normal) 4.95 31.30 -63.74 35.58 72.97 -66.00 -66.00 1266.09 -107.00 189.00 294.00 2.52 0.52 4.85 0.10 

100m.mat(Normal) 4.33 22.72 -60.59 43.30 74.42 -75.00 -73.00 1875.22 -114.00 189.00 236.00 2.52 0.52 4.85 0.10 

100m.mat(Normal) 5.90 40.85 -67.59 32.20 74.85 -72.00 -72.00 1036.80 -115.00 177.00 358.00 2.52 0.52 4.85 0.10 

100m.mat(Normal) 4.78 29.43 -69.99 36.74 79.02 -86.00 -72.00 1350.09 -117.00 178.00 303.00 2.52 0.52 4.85 0.10 

100m.mat(Normal) 4.92 30.06 -63.81 37.16 73.81 -67.00 -68.00 1380.52 -109.00 185.00 292.00 2.52 0.52 4.85 0.10 

101m.mat(Normal) 4.79 29.97 -49.03 39.18 62.72 -55.00 -55.00 1535.29 -85.00 233.00 315.00 7.53 1.56 4.84 0.12 

101m.mat(Normal) 4.91 30.30 -58.66 41.00 71.53 -70.00 -69.00 1681.10 -93.00 233.00 321.00 7.53 1.56 4.84 0.12 

101m.mat(Normal) 4.92 30.56 -70.66 41.70 82.01 -84.00 -82.00 1738.73 -101.00 220.00 336.00 7.53 1.56 4.84 0.12 

101m.mat(Normal) 4.52 27.79 -61.13 40.94 73.54 -66.00 -66.00 1675.89 -105.00 220.00 344.00 7.53 1.56 4.84 0.12 

101m.mat(Normal) 5.27 33.54 -81.68 40.88 91.31 -92.00 -91.00 1671.27 -110.00 213.00 324.00 7.53 1.56 4.84 0.12 

101m.mat(Normal) 4.85 31.26 -75.58 48.02 89.50 -113.00 -82.00 2305.85 -118.00 275.00 313.00 7.53 1.56 4.84 0.12 

101m.mat(Normal) 5.15 34.44 -52.05 42.88 67.39 -60.00 -60.00 1838.33 -87.00 275.00 312.00 7.53 1.56 4.84 0.12 

101m.mat(Normal) 4.84 28.61 -59.69 49.09 77.23 -72.00 -72.00 2409.35 -99.00 265.00 311.00 7.53 1.56 4.84 0.12 

103m.mat(Normal) 4.32 23.84 -56.50 67.70 88.09 -67.00 -70.00 4583.84 -120.00 368.00 301.00 0.01 0.00 4.82 0.07 

103m.mat(Normal) 4.48 25.89 -53.70 64.35 83.73 -59.00 -66.00 4140.42 -117.00 364.00 304.00 0.01 0.00 4.82 0.07 

103m.mat(Normal) 4.25 23.51 -49.53 68.49 84.43 -58.00 -64.00 4690.59 -118.00 365.00 302.00 0.01 0.00 4.82 0.07 

103m.mat(Normal) 4.29 24.24 -49.65 66.75 83.10 -70.00 -64.00 4455.38 -119.00 375.00 312.00 0.01 0.00 4.82 0.07 

103m.mat(Normal) 4.28 23.91 -48.45 66.97 82.58 -72.00 -63.00 4485.31 -112.00 375.00 333.00 0.01 0.00 4.82 0.07 

103m.mat(Normal) 4.41 25.30 -45.52 64.02 78.47 -52.00 -57.00 4098.45 -114.00 365.00 316.00 0.01 0.00 4.82 0.07 

103m.mat(Normal) 4.20 23.04 -43.45 68.02 80.61 -58.00 -58.50 4626.36 -120.00 371.00 301.00 0.01 0.00 4.82 0.07 

103m.mat(Normal) 4.15 23.03 -39.68 66.64 77.47 -46.00 -54.00 4441.34 -111.00 371.00 299.00 0.01 0.00 4.82 0.07 

105m.mat(Normal) 3.01 12.35 -54.56 63.73 83.80 -71.00 -70.00 4061.57 -112.00 235.00 250.00 0.76 0.16 4.83 0.07 

105m.mat(Normal) 2.93 12.51 -53.75 62.72 82.51 -63.00 -63.00 3934.27 -117.00 236.00 256.00 0.76 0.16 4.83 0.07 

105m.mat(Normal) 2.94 12.64 -46.72 61.77 77.35 -56.00 -55.00 3815.11 -109.00 247.00 257.00 0.76 0.16 4.83 0.07 

105m.mat(Normal) 3.02 12.77 -44.85 62.27 76.64 -58.00 -57.00 3877.04 -103.00 247.00 257.00 0.76 0.16 4.83 0.07 

105m.mat(Normal) 2.98 12.36 -45.48 63.47 77.98 -57.00 -58.00 4028.05 -101.00 242.00 263.00 0.76 0.16 4.83 0.07 
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105m.mat(Normal) 3.01 12.91 -47.69 60.51 76.95 -59.00 -58.00 3660.87 -102.00 241.00 274.00 0.76 0.16 4.83 0.07 

105m.mat(Normal) 3.00 12.95 -52.11 62.70 81.44 -63.00 -62.00 3931.73 -111.00 256.00 271.00 0.76 0.16 4.83 0.07 

105m.mat(Normal) 3.03 12.78 -50.62 64.87 82.18 -61.00 -62.00 4208.30 -112.00 256.00 264.00 0.76 0.16 4.83 0.07 

105m.mat(Normal) 2.84 12.03 -46.45 63.85 78.86 -56.00 -56.00 4077.45 -108.00 250.00 252.00 0.76 0.16 4.83 0.07 

105m.mat(Normal) 2.90 12.11 -33.90 64.72 72.95 -43.00 -44.00 4189.19 -96.00 264.00 250.00 0.76 0.16 4.83 0.07 

106m.mat(Normal) 3.32 16.01 -29.93 78.25 83.68 -66.00 -59.00 6123.77 -148.00 406.00 361.00 0.44 0.09 4.83 0.08 

106m.mat(Normal) 3.44 17.02 -30.87 77.24 83.09 -63.00 -58.00 5966.75 -150.00 406.00 362.00 0.44 0.09 4.83 0.08 

106m.mat(Normal) 3.41 16.55 -40.97 79.83 89.64 -74.00 -70.00 6373.21 -151.00 402.00 382.00 0.44 0.09 4.83 0.08 

106m.mat(Normal) 3.33 16.59 -41.84 77.07 87.61 -71.00 -66.00 5940.44 -166.00 393.00 368.00 0.44 0.09 4.83 0.08 

106m.mat(Normal) 3.08 15.43 -25.29 77.50 81.42 -66.00 -50.00 6005.65 -158.00 415.00 373.00 0.44 0.09 4.83 0.08 

106m.mat(Normal) 2.74 12.38 -13.43 81.66 82.64 -31.00 -34.00 6668.44 -125.00 415.00 348.00 0.44 0.09 4.83 0.08 

112m.mat(Normal) 1.61 8.33 -176.27 34.08 179.52 -165.00 -176.00 1161.37 -242.00 -19.00 262.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.64 8.48 -182.98 35.72 186.42 -175.00 -180.00 1275.72 -254.00 -21.00 247.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.79 8.77 -185.44 35.20 188.74 -195.00 -188.50 1238.84 -245.00 -23.00 257.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.83 8.73 -196.70 38.82 200.48 -191.00 -192.00 1507.11 -256.00 -19.00 244.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.56 7.82 -184.47 38.63 188.46 -169.00 -179.50 1491.94 -251.00 -12.00 255.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.96 9.28 -189.35 38.65 193.24 -173.00 -192.00 1493.53 -241.00 -12.00 243.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 2.26 10.67 -203.00 36.41 206.22 -196.00 -207.00 1325.64 -251.00 -24.00 256.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.43 7.10 -205.16 38.32 208.69 -194.00 -197.00 1468.27 -257.00 -39.00 245.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.41 6.72 -184.72 38.07 188.59 -226.00 -180.00 1449.63 -252.00 -27.00 238.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.88 8.98 -178.98 36.01 182.56 -166.00 -181.00 1296.97 -237.00 -9.00 250.00 1472422.84 302349.34 4.87 0.13 

112m.mat(Normal) 1.01 5.68 -166.97 44.28 172.72 -205.00 -155.00 1960.93 -259.00 19.00 248.00 1472422.84 302349.34 4.87 0.13 

113m.mat(Normal) 3.00 13.62 -18.62 79.91 81.95 -61.00 -47.00 6386.29 -132.00 422.00 384.00 0.53 0.11 4.83 0.04 

113m.mat(Normal) 2.18 8.56 -15.42 86.28 87.53 -53.00 -52.00 7444.01 -106.00 422.00 360.00 0.53 0.11 4.83 0.04 

113m.mat(Normal) 2.41 10.14 -89.36 89.36 126.29 -148.00 -133.00 7985.67 -163.00 390.00 377.00 0.53 0.11 4.83 0.04 

113m.mat(Normal) 3.21 15.31 -89.31 83.81 122.40 -132.00 -117.00 7023.31 -210.00 407.00 390.00 0.53 0.11 4.83 0.04 

113m.mat(Normal) 3.04 14.08 -52.08 81.27 96.44 -96.00 -80.50 6604.46 -155.00 415.00 417.00 0.53 0.11 4.83 0.04 

113m.mat(Normal) 2.78 12.07 -20.54 85.73 88.04 -65.00 -55.00 7349.41 -123.00 447.00 362.00 0.53 0.11 4.83 0.04 

114m.mat(Normal) 5.02 30.11 6.57 57.40 57.70 -3.00 -4.00 3294.32 -34.00 406.00 417.00 0.36 0.07 4.83 0.04 

114m.mat(Normal) 5.02 29.95 7.59 57.26 57.69 -4.00 -3.00 3279.06 -31.00 407.00 409.00 0.36 0.07 4.83 0.04 

114m.mat(Normal) 4.93 29.33 7.49 59.40 59.80 -1.00 -2.00 3528.64 -38.00 413.00 412.00 0.36 0.07 4.83 0.04 

114m.mat(Normal) 4.79 27.68 13.68 61.66 63.09 3.00 3.00 3802.32 -31.00 419.00 393.00 0.36 0.07 4.83 0.04 

114m.mat(Normal) 4.68 25.78 13.70 63.97 65.34 -3.00 -1.00 4092.76 -25.00 419.00 385.00 0.36 0.07 4.83 0.04 

114m.mat(Normal) 4.95 29.75 14.89 61.44 63.14 4.00 5.00 3774.39 -30.00 448.00 423.00 0.36 0.07 4.83 0.04 

115m.mat(Normal) 4.71 29.49 -100.25 65.34 119.61 -120.00 -108.00 4269.54 -274.00 342.00 332.00 0.10 0.02 4.83 0.07 

115m.mat(Normal) 4.94 32.27 -103.32 63.98 121.48 -127.00 -116.00 4093.01 -274.00 349.00 361.00 0.10 0.02 4.83 0.07 

115m.mat(Normal) 5.25 36.20 -101.55 60.10 117.97 -124.00 -114.00 3612.57 -275.00 349.00 419.00 0.10 0.02 4.83 0.07 

115m.mat(Normal) 4.96 33.15 -102.96 60.49 119.37 -126.00 -113.00 3659.36 -270.00 334.00 347.00 0.10 0.02 4.83 0.07 

115m.mat(Normal) 4.97 32.53 -109.85 63.89 127.04 -136.00 -123.00 4082.34 -280.00 340.00 350.00 0.10 0.02 4.83 0.07 

115m.mat(Normal) 5.01 34.48 -99.55 61.71 117.09 -114.00 -110.00 3808.69 -284.00 353.00 372.00 0.10 0.02 4.83 0.07 
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115m.mat(Normal) 4.79 31.32 -65.40 63.17 90.87 -86.00 -78.00 3990.20 -254.00 360.00 367.00 0.10 0.02 4.83 0.07 

116m.mat(Normal) 3.43 15.61 -172.61 131.73 216.99 -222.00 -220.00 17352.11 -334.00 499.00 276.00 6.24 1.30 4.81 0.07 

116m.mat(Normal) 3.39 15.78 -184.94 130.73 226.34 -230.00 -229.00 17091.52 -350.00 499.00 267.00 6.24 1.30 4.81 0.07 

116m.mat(Normal) 3.56 17.16 -219.99 124.82 252.82 -287.00 -266.00 15580.84 -395.00 466.00 265.00 6.24 1.30 4.81 0.07 

116m.mat(Normal) 3.49 16.72 -207.17 123.97 241.31 -268.00 -250.00 15367.91 -419.00 462.00 270.00 6.24 1.30 4.81 0.07 

116m.mat(Normal) 3.44 16.44 -207.10 121.26 239.88 -252.00 -252.00 14704.35 -375.00 462.00 270.00 6.24 1.30 4.81 0.07 

116m.mat(Normal) 3.49 16.23 -218.11 125.49 251.52 -267.00 -262.00 15747.16 -411.00 429.00 271.00 6.24 1.30 4.81 0.07 

116m.mat(Normal) 3.85 19.07 -215.05 121.70 246.98 -269.00 -256.00 14810.68 -399.00 478.00 267.00 6.24 1.30 4.81 0.07 

116m.mat(Normal) 3.53 16.68 -205.46 121.67 238.67 -253.00 -249.00 14804.44 -372.00 478.00 272.00 6.24 1.30 4.81 0.07 

116m.mat(Normal) 3.65 18.54 -172.84 112.37 206.04 -217.00 -206.00 12626.78 -382.00 487.00 268.00 6.24 1.30 4.81 0.07 

117m.mat(Normal) -0.73 4.33 -147.23 65.95 161.20 -151.00 -151.00 4349.74 -346.00 -9.00 105.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) 2.35 8.01 -180.77 38.73 184.86 -202.00 -194.50 1499.80 -212.00 -33.00 301.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) -0.85 4.18 -170.33 73.25 185.27 -198.00 -172.00 5364.89 -385.00 -33.00 105.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) 2.76 10.18 -173.80 35.27 177.33 -191.00 -186.00 1243.71 -200.00 -4.00 300.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) -0.62 4.11 -138.24 64.71 152.51 -161.00 -144.00 4187.52 -332.00 -4.00 108.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) 2.49 8.73 -165.25 36.21 169.16 -185.00 -179.00 1310.85 -199.00 -22.00 317.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) -0.89 4.82 -154.00 61.20 165.61 -153.00 -154.50 3745.53 -342.00 -22.00 103.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) 2.41 8.11 -181.23 38.95 185.35 -202.00 -196.00 1517.45 -213.00 -26.00 310.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) -0.94 4.30 -159.13 73.13 174.99 -177.00 -162.00 5347.43 -384.00 -26.00 109.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) 2.77 10.52 -178.56 31.98 181.39 -196.00 -190.00 1022.90 -202.00 -18.00 320.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) -0.54 3.83 -144.16 67.55 159.08 -182.00 -154.50 4563.49 -343.00 -18.00 111.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) 3.02 12.04 -174.41 31.27 177.19 -188.00 -185.00 978.08 -198.00 -24.00 317.00 28113716.45 5772712.97 4.87 0.10 

117m.mat(Normal) -0.75 4.18 -148.34 68.35 163.19 -160.00 -155.00 4672.04 -352.00 -24.00 105.00 28113716.45 5772712.97 4.87 0.10 

121m.mat(Normal) 2.06 9.14 -163.67 41.55 168.84 -179.00 -173.00 1726.51 -216.00 40.00 361.00 1245.75 255.88 4.87 0.09 

121m.mat(Normal) 3.60 16.76 -178.00 39.70 182.36 -203.00 -188.00 1576.20 -215.00 35.00 343.00 1245.75 255.88 4.87 0.09 

121m.mat(Normal) 3.61 16.73 -144.61 42.33 150.66 -167.00 -153.00 1791.52 -178.00 87.00 351.00 1245.75 255.88 4.87 0.09 

121m.mat(Normal) 2.80 11.49 -150.35 50.27 158.51 -179.00 -169.00 2527.29 -191.00 87.00 355.00 1245.75 255.88 4.87 0.09 

121m.mat(Normal) 3.52 15.85 -149.98 44.06 156.30 -176.00 -162.00 1941.57 -184.00 82.00 357.00 1245.75 255.88 4.87 0.09 

121m.mat(Normal) 3.55 15.50 -118.21 42.36 125.55 -136.00 -132.00 1794.56 -147.00 85.00 361.00 1245.75 255.88 4.87 0.09 

121m.mat(Normal) 2.98 13.24 -142.57 43.33 148.99 -167.00 -157.00 1877.41 -178.00 85.00 370.00 1245.75 255.88 4.87 0.09 

122m.mat(Normal) 3.29 13.21 -167.35 70.11 181.39 -188.00 -187.00 4915.44 -240.00 143.00 236.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.07 11.61 -167.46 75.73 183.72 -190.00 -190.00 5734.34 -245.00 140.00 220.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.31 13.33 -172.75 70.16 186.40 -200.00 -192.00 4922.42 -243.00 139.00 235.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.20 12.42 -176.00 73.61 190.72 -205.00 -196.00 5419.03 -242.00 137.00 235.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.32 13.37 -174.27 72.14 188.55 -208.00 -194.00 5204.18 -236.00 145.00 242.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.15 12.21 -163.77 74.05 179.67 -177.00 -183.00 5484.02 -232.00 154.00 237.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.32 13.48 -160.45 69.55 174.82 -177.00 -177.00 4836.99 -224.00 154.00 241.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.18 12.40 -156.73 73.24 172.94 -190.00 -177.00 5363.58 -221.00 159.00 240.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.48 14.67 -158.45 66.99 171.98 -188.00 -176.00 4487.19 -219.00 159.00 243.00 17.09 3.53 4.84 0.10 

122m.mat(Normal) 3.21 12.51 -160.42 73.72 176.48 -192.00 -181.00 5434.11 -231.00 152.00 244.00 17.09 3.53 4.84 0.10 
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122m.mat(Normal) 3.33 13.42 -163.68 71.39 178.51 -200.00 -183.00 5096.31 -235.00 152.00 249.00 17.09 3.53 4.84 0.10 

123m.mat(Normal) 4.77 33.02 -180.68 59.00 190.05 -197.00 -193.00 3481.19 -361.00 264.00 471.00 2.16 0.45 4.85 0.07 

123m.mat(Normal) 4.84 33.94 -168.25 56.53 177.47 -187.00 -181.00 3195.13 -338.00 264.00 477.00 2.16 0.45 4.85 0.07 

123m.mat(Normal) 4.57 29.07 -166.73 62.86 178.16 -191.00 -183.00 3951.37 -331.00 263.00 427.00 2.16 0.45 4.85 0.07 

123m.mat(Normal) 4.28 27.98 -163.15 64.02 175.23 -176.00 -176.00 4098.26 -356.00 280.00 415.00 2.16 0.45 4.85 0.07 

123m.mat(Normal) 4.60 31.68 -173.59 59.69 183.54 -190.00 -188.00 3563.35 -352.00 280.00 481.00 2.16 0.45 4.85 0.07 

201m.mat(Normal) 4.02 20.07 -20.94 40.31 45.36 -32.00 -31.00 1624.95 -70.00 211.00 271.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 3.64 16.07 -18.70 44.31 48.00 -34.00 -32.00 1963.31 -46.00 211.00 218.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 3.80 17.65 -29.11 43.86 52.58 -36.00 -38.00 1923.89 -63.00 205.00 285.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 3.78 17.22 -27.59 43.16 51.15 -43.00 -40.00 1863.17 -63.00 205.00 233.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 3.18 13.04 -29.47 43.87 52.76 -45.00 -41.00 1924.62 -64.00 185.00 199.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 4.36 22.85 -45.73 35.24 57.71 -60.00 -55.00 1242.01 -67.00 177.00 344.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 4.09 20.35 -39.00 38.63 54.84 -49.00 -48.00 1492.21 -74.00 177.00 271.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 3.92 18.68 -40.69 38.84 56.20 -56.00 -51.00 1508.57 -70.00 173.00 259.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 3.60 15.66 -40.70 40.84 57.59 -57.00 -54.00 1667.89 -64.00 163.00 226.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 3.81 17.56 -42.32 43.66 60.74 -60.00 -55.00 1906.24 -69.00 198.00 234.00 113.23 23.41 4.84 0.12 

201m.mat(Normal) 3.80 17.48 -38.86 42.73 57.70 -55.00 -50.00 1826.23 -69.00 198.00 242.00 113.23 23.41 4.84 0.12 

202m.mat(Normal) 3.97 20.52 14.30 46.24 48.35 -3.00 -1.00 2138.23 -15.00 293.00 413.00 5.93 1.22 4.84 0.06 

202m.mat(Normal) 4.17 22.15 12.21 46.59 48.11 -7.00 -3.00 2170.46 -14.00 303.00 422.00 5.93 1.22 4.84 0.06 

202m.mat(Normal) 4.15 22.62 5.35 44.87 45.13 -15.00 -10.00 2013.16 -20.00 303.00 403.00 5.93 1.22 4.84 0.06 

202m.mat(Normal) 3.98 20.42 -3.01 48.14 48.18 -22.00 -20.00 2317.80 -32.00 286.00 386.00 5.93 1.22 4.84 0.06 

202m.mat(Normal) 4.19 22.37 -3.44 45.72 45.80 -22.00 -18.00 2090.73 -30.00 286.00 391.00 5.93 1.22 4.84 0.06 

202m.mat(Normal) 3.89 19.97 -9.31 46.11 46.99 -27.00 -25.00 2126.34 -38.00 265.00 411.00 5.93 1.22 4.84 0.06 

205m.mat(Normal) 4.57 24.22 -83.07 42.42 93.24 -98.00 -92.00 1799.16 -116.00 164.00 241.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.64 24.98 -85.34 40.35 94.36 -95.00 -94.00 1628.33 -119.00 164.00 238.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.70 26.06 -79.48 37.02 87.65 -90.00 -87.00 1370.23 -108.00 153.00 243.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.60 25.03 -75.74 38.18 84.78 -89.00 -84.00 1457.53 -111.00 153.00 243.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.62 25.82 -73.49 37.98 82.69 -89.00 -82.00 1442.32 -106.00 171.00 240.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.50 23.47 -74.65 41.78 85.50 -87.00 -85.00 1745.50 -107.00 171.00 232.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.55 24.36 -69.92 37.79 79.44 -78.00 -78.00 1428.33 -103.00 158.00 243.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.67 26.49 -62.04 33.61 70.52 -67.00 -69.00 1129.31 -94.00 152.00 247.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.49 24.06 -63.92 36.91 73.77 -74.00 -72.00 1362.18 -98.00 152.00 243.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.49 23.63 -67.31 40.76 78.65 -78.00 -77.00 1661.45 -102.00 177.00 238.00 34.68 7.17 4.84 0.13 

205m.mat(Normal) 4.84 27.44 -70.67 39.89 81.11 -81.00 -78.50 1591.23 -107.00 186.00 239.00 34.68 7.17 4.84 0.13 

209m.mat(Normal) 2.43 13.64 -33.31 49.14 59.28 -46.00 -42.50 2414.99 -176.00 216.00 235.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.49 13.75 -44.04 49.11 65.89 -61.00 -53.00 2412.12 -177.00 207.00 230.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.92 15.06 -49.92 53.11 72.80 -71.00 -61.00 2820.22 -180.00 222.00 225.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.67 16.10 -49.71 53.15 72.68 -54.00 -56.00 2824.77 -197.00 235.00 222.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.48 14.77 -19.80 53.17 56.62 -24.00 -26.00 2826.91 -172.00 260.00 217.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.52 16.55 -7.89 50.05 50.56 -16.00 -15.00 2505.15 -166.00 279.00 220.00 29.68 6.15 4.82 0.14 
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209m.mat(Normal) 3.12 16.78 -6.23 52.45 52.71 -25.00 -19.00 2751.39 -153.00 279.00 226.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.86 16.09 -20.05 50.33 54.08 -33.00 -31.00 2533.53 -162.00 257.00 237.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.57 15.23 -28.12 49.04 56.44 -39.00 -38.00 2405.36 -180.00 243.00 240.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.41 14.10 -35.57 49.24 60.66 -50.00 -47.00 2424.97 -188.00 221.00 229.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 2.51 15.56 -20.81 52.21 56.10 -35.00 -27.50 2725.91 -175.00 271.00 229.00 29.68 6.15 4.82 0.14 

209m.mat(Normal) 3.05 17.78 -15.84 48.98 51.38 -28.00 -26.00 2399.43 -160.00 271.00 230.00 29.68 6.15 4.82 0.14 

213m.mat(Normal) 1.45 6.51 -77.00 118.78 141.30 -217.00 -80.00 14108.76 -264.00 395.00 195.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.70 7.17 -74.63 122.17 142.90 -212.00 -92.00 14924.89 -262.00 411.00 200.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.68 7.05 -59.96 112.66 127.37 -113.00 -87.50 12691.29 -237.00 411.00 203.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.82 7.82 -88.30 115.57 145.21 -203.00 -113.50 13355.30 -300.00 376.00 197.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.55 6.89 -100.56 116.61 153.75 -226.00 -111.50 13597.44 -299.00 372.00 193.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.61 6.98 -94.96 119.42 152.33 -115.00 -115.00 14260.22 -281.00 364.00 189.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.59 6.98 -84.67 110.36 138.87 -198.00 -107.00 12179.36 -269.00 372.00 194.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.91 8.16 -95.46 118.22 151.71 -209.00 -111.00 13975.17 -292.00 391.00 198.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.72 7.36 -99.46 120.32 155.86 -147.00 -114.00 14476.37 -292.00 391.00 190.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.38 6.40 -88.31 114.26 144.18 -131.00 -108.00 13055.61 -296.00 368.00 196.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.86 7.87 -93.59 118.42 150.71 -208.00 -119.00 14024.18 -295.00 383.00 199.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.84 7.84 -112.44 118.62 163.23 -155.00 -129.50 14070.58 -303.00 383.00 201.00 0.50 0.10 4.81 0.10 

213m.mat(Normal) 1.34 6.29 -96.10 118.42 152.27 -121.00 -108.00 14024.02 -302.00 366.00 188.00 0.50 0.10 4.81 0.10 

215m.mat(Normal) 0.66 5.62 -26.53 44.97 52.12 -57.00 -40.00 2022.63 -172.00 145.00 201.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.39 5.58 -32.48 43.90 54.52 -52.00 -44.00 1927.37 -181.00 110.00 197.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.54 5.53 -31.22 44.64 54.38 -55.00 -43.00 1992.97 -180.00 126.00 197.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.86 6.31 -24.09 47.35 53.02 -46.00 -38.00 2241.99 -176.00 159.00 196.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 1.03 5.71 -29.11 50.09 57.82 -54.00 -44.00 2509.31 -168.00 159.00 187.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.93 5.75 -34.96 49.78 60.72 -69.00 -47.00 2477.77 -188.00 138.00 188.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.49 5.33 -38.97 47.17 61.09 -68.00 -50.00 2225.09 -194.00 126.00 186.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.52 5.70 -42.40 45.98 62.46 -59.00 -56.50 2113.92 -196.00 110.00 187.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.82 5.78 -43.13 48.46 64.77 -73.00 -55.00 2348.24 -190.00 129.00 180.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 1.08 6.78 -49.48 45.83 67.36 -67.00 -63.00 2099.94 -192.00 129.00 184.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.82 6.42 -42.07 46.76 62.81 -63.00 -56.00 2186.81 -197.00 125.00 188.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.53 5.86 -31.56 46.32 55.95 -52.00 -45.00 2145.83 -189.00 117.00 193.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.51 5.93 -27.42 44.41 52.10 -44.00 -40.00 1971.92 -180.00 120.00 204.00 53.98 11.15 4.84 0.19 

215m.mat(Normal) 0.94 7.56 -15.75 47.43 49.87 -32.00 -29.00 2249.36 -169.00 185.00 207.00 53.98 11.15 4.84 0.19 

219m.mat(Normal) 3.23 14.72 -117.80 96.54 152.19 -110.00 -122.00 9319.96 -236.00 347.00 274.00 0.16 0.03 4.82 0.04 

219m.mat(Normal) 3.48 17.64 -111.31 84.60 139.73 -101.00 -112.00 7157.52 -229.00 341.00 318.00 0.16 0.03 4.82 0.04 

219m.mat(Normal) 2.71 10.79 -109.92 112.26 156.92 -105.00 -119.00 12601.52 -235.00 359.00 211.00 0.16 0.03 4.82 0.04 

219m.mat(Normal) 3.72 17.79 -114.10 92.74 146.93 -113.00 -124.00 8599.86 -213.00 359.00 292.00 0.16 0.03 4.82 0.04 

219m.mat(Normal) 2.83 11.89 -126.78 109.68 167.47 -167.00 -138.50 12030.76 -248.00 352.00 215.00 0.16 0.03 4.82 0.04 

219m.mat(Normal) 3.58 17.55 -119.63 91.39 150.45 -121.00 -121.00 8352.33 -230.00 355.00 283.00 0.16 0.03 4.82 0.04 

219m.mat(Normal) 3.12 14.87 -116.88 97.49 152.08 -109.00 -114.00 9503.33 -244.00 355.00 271.00 0.16 0.03 4.82 0.04 
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219m.mat(Normal) 3.12 14.06 -124.30 101.39 160.28 -117.00 -125.00 10280.77 -249.00 355.00 246.00 0.16 0.03 4.82 0.04 

219m.mat(Normal) 3.35 15.46 -128.78 98.69 162.14 -127.00 -138.50 9739.85 -249.00 350.00 287.00 0.16 0.03 4.82 0.04 

220m.mat(Normal) 4.15 25.10 -126.86 68.23 143.99 -144.00 -136.00 4655.37 -318.00 296.00 304.00 0.53 0.11 4.83 0.09 

220m.mat(Normal) 3.93 24.91 -123.03 66.49 139.79 -135.00 -132.00 4421.39 -340.00 296.00 298.00 0.53 0.11 4.83 0.09 

220m.mat(Normal) 3.90 24.57 -119.43 61.41 134.25 -136.00 -128.00 3771.36 -310.00 280.00 304.00 0.53 0.11 4.83 0.09 

220m.mat(Normal) 4.32 26.05 -115.90 61.01 130.92 -138.00 -125.00 3721.83 -258.00 297.00 298.00 0.53 0.11 4.83 0.09 

220m.mat(Normal) 4.05 23.00 -116.88 73.00 137.75 -134.00 -129.00 5329.66 -315.00 312.00 305.00 0.53 0.11 4.83 0.09 

220m.mat(Normal) 3.90 23.67 -114.91 71.20 135.12 -133.00 -126.00 5069.75 -345.00 312.00 304.00 0.53 0.11 4.83 0.09 

220m.mat(Normal) 4.14 26.73 -112.09 67.11 130.59 -127.00 -122.00 4504.25 -327.00 324.00 298.00 0.53 0.11 4.83 0.09 

220m.mat(Normal) 4.40 28.69 -106.80 64.02 124.47 -109.00 -116.00 4098.96 -310.00 325.00 303.00 0.53 0.11 4.83 0.09 

222m.mat(Normal) 4.07 22.17 -21.60 28.19 35.47 -32.00 -30.00 794.95 -52.00 159.00 246.00 10658.63 2199.20 4.85 0.13 

222m.mat(Normal) 4.31 24.85 -14.94 28.11 31.80 -24.00 -22.00 790.42 -49.00 176.00 302.00 10658.63 2199.20 4.85 0.13 

222m.mat(Normal) 4.44 26.26 -17.60 29.32 34.15 -29.00 -26.00 859.50 -40.00 176.00 288.00 10658.63 2199.20 4.85 0.13 

222m.mat(Normal) 4.50 27.84 -10.03 25.26 27.14 -21.00 -15.00 638.30 -44.00 171.00 296.00 10658.63 2199.20 4.85 0.13 

222m.mat(Normal) 4.35 25.87 -19.66 25.92 32.50 -32.00 -25.00 672.07 -41.00 160.00 294.00 10658.63 2199.20 4.85 0.13 

222m.mat(Normal) 4.07 21.73 -1.73 29.05 29.05 -11.00 -10.00 843.81 -29.00 178.00 264.00 10658.63 2199.20 4.85 0.13 

222m.mat(Normal) 4.06 28.15 -27.82 25.68 37.83 -35.00 -34.00 659.68 -67.00 178.00 309.00 10658.63 2199.20 4.85 0.13 

222m.mat(Normal) 3.93 23.22 -69.08 23.23 72.87 -80.00 -77.00 539.50 -90.00 83.00 295.00 10658.63 2199.20 4.85 0.13 

222m.mat(Normal) 3.48 18.43 -51.00 26.88 57.62 -69.00 -58.50 722.32 -86.00 124.00 251.00 10658.63 2199.20 4.85 0.13 

234m.mat(Normal) 4.13 20.51 2.62 62.13 62.05 -3.00 -8.00 3859.61 -37.00 349.00 235.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 3.97 18.94 1.62 64.31 64.20 -6.00 -9.00 4136.23 -41.00 338.00 242.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 4.17 21.49 0.07 56.93 56.81 -4.00 -6.00 3240.71 -41.00 330.00 244.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 4.09 20.01 -5.55 59.94 60.07 -17.00 -17.00 3593.12 -46.00 324.00 236.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 3.91 19.21 -3.67 60.01 59.99 -8.00 -11.00 3601.25 -52.00 329.00 232.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 4.26 21.38 -12.72 60.19 61.40 -21.00 -23.00 3623.24 -55.00 329.00 248.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 4.24 21.71 -29.71 58.30 65.32 -36.00 -38.00 3398.61 -70.00 312.00 247.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 4.09 20.71 -32.25 57.65 65.96 -40.00 -41.00 3323.99 -74.00 292.00 238.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 3.79 18.59 -18.73 60.05 62.78 -20.00 -25.50 3606.42 -74.00 317.00 231.00 2.07 0.43 4.82 0.07 

234m.mat(Normal) 4.11 19.93 -30.33 62.56 69.40 -42.00 -43.00 3913.82 -73.00 317.00 235.00 2.07 0.43 4.82 0.07 

107m.mat(Abnormal) 1.91 5.99 -19.23 86.71 88.58 -69.00 -61.50 7519.12 -89.00 348.00 175.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) -0.45 2.12 -43.88 217.32 220.86 34.00 18.50 47229.71 -495.00 348.00 125.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 1.61 5.03 -28.84 89.58 93.89 -103.00 -63.50 8025.07 -107.00 332.00 191.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) -0.61 2.16 -51.74 236.26 240.99 179.00 35.00 55820.35 -533.00 332.00 132.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 1.30 3.73 -38.29 104.07 110.64 -110.00 -97.00 10831.36 -124.00 341.00 189.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) -0.47 2.05 -48.75 245.91 249.73 239.00 18.00 60470.28 -537.00 341.00 124.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 1.84 5.08 -64.12 109.66 126.78 -138.00 -114.00 12025.96 -141.00 319.00 189.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) -0.72 2.30 -80.79 247.01 258.89 54.00 38.00 61012.66 -589.00 319.00 117.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 1.89 5.46 -77.84 97.99 124.94 -126.00 -123.00 9601.86 -146.00 292.00 184.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) -0.58 2.09 -86.88 251.83 265.41 -396.00 -3.00 63417.27 -592.00 292.00 121.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 1.91 5.84 -41.81 90.42 99.39 -99.00 -85.00 8176.17 -110.00 309.00 178.00 52.85 10.98 4.81 0.04 
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107m.mat(Abnormal) -0.46 1.94 -103.99 246.84 266.84 -271.00 -35.00 60929.85 -575.00 292.00 112.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 1.48 4.13 -47.79 104.80 114.92 -138.00 -92.00 10982.24 -140.00 295.00 184.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) -0.55 2.08 -88.19 234.89 250.00 -525.00 -13.00 55172.67 -560.00 295.00 121.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 1.38 4.00 -70.90 103.33 125.08 -151.00 -127.50 10676.26 -156.00 298.00 185.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) -0.49 2.04 -89.70 253.49 267.96 -87.00 -7.50 64259.25 -577.00 298.00 127.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 1.87 5.06 -83.10 115.83 142.30 -148.00 -136.00 13416.49 -160.00 283.00 185.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) -0.67 2.02 -83.08 278.43 289.51 -445.00 31.00 77523.96 -621.00 283.00 126.00 52.85 10.98 4.81 0.04 

107m.mat(Abnormal) 0.07 1.25 207.40 4.51 207.44 203.00 207.00 20.30 203.00 212.00 4.00 52.85 10.98 4.81 0.04 

108m.mat(Abnormal) -1.48 5.08 -60.32 38.73 71.62 -63.00 -54.00 1499.91 -185.00 2.00 170.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) 1.12 3.23 -55.57 16.70 58.02 -68.00 -62.00 278.94 -75.00 -8.00 194.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) -1.57 5.11 -70.60 37.03 79.67 -71.00 -62.50 1371.48 -189.00 -8.00 157.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) 0.97 3.40 -52.71 13.22 54.33 -63.00 -56.00 174.72 -75.00 -11.00 180.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) -1.36 4.63 -65.19 39.65 76.23 -69.00 -60.00 1571.73 -184.00 -9.00 156.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) 0.63 3.32 -39.88 15.88 42.91 -45.00 -44.00 252.27 -82.00 2.00 178.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) -1.21 3.87 -55.82 44.97 71.58 -60.00 -46.00 2022.02 -191.00 2.00 151.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) 0.75 2.40 -52.01 22.06 56.47 -74.00 -58.50 486.73 -82.00 1.00 187.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) -1.31 4.16 -75.15 41.66 85.86 -78.00 -68.00 1735.64 -200.00 -20.00 150.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) 0.98 2.97 -53.87 16.42 56.30 -63.00 -60.00 269.77 -77.00 -9.00 203.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) -1.34 4.19 -69.71 42.44 81.54 -70.00 -63.00 1801.13 -195.00 -9.00 162.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) 0.99 2.94 -60.94 18.07 63.55 -70.00 -67.50 326.48 -83.00 -14.00 211.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) -1.41 4.48 -73.86 43.29 85.54 -77.00 -63.00 1874.02 -204.00 -14.00 168.00 611694005.17 125615964.97 4.87 0.18 

108m.mat(Abnormal) 1.01 3.22 -61.85 14.62 63.55 -71.00 -66.00 213.72 -82.00 -20.00 181.00 611694005.17 125615964.97 4.87 0.18 

109m.mat(Abnormal) 1.74 6.23 -144.57 72.55 161.68 -202.00 -167.00 5263.09 -241.00 118.00 237.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.43 3.79 -162.04 70.09 176.49 -163.00 -164.50 4912.84 -316.00 42.00 239.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.53 3.74 -121.88 63.45 137.34 -137.00 -131.00 4025.32 -249.00 76.00 240.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.83 4.04 -105.61 66.45 124.70 -122.00 -117.00 4415.49 -233.00 96.00 235.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.97 4.61 -83.64 68.91 108.28 -98.00 -96.00 4749.15 -218.00 146.00 244.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.73 4.36 -84.06 71.39 110.18 -137.00 -94.00 5096.19 -234.00 146.00 230.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.39 3.68 -76.40 56.91 95.19 -87.00 -84.00 3238.44 -201.00 87.00 222.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.75 3.99 -65.01 60.26 88.55 -81.00 -79.00 3631.32 -184.00 123.00 218.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.80 4.11 -55.66 63.57 84.39 -23.00 -64.00 4041.69 -178.00 140.00 224.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.80 4.08 -51.79 68.79 85.98 -70.00 -62.00 4731.65 -191.00 161.00 223.00 0.85 0.17 4.85 0.11 

109m.mat(Abnormal) 0.93 4.40 -32.52 70.18 77.21 -47.00 -45.00 4925.07 -162.00 196.00 234.00 0.85 0.17 4.85 0.11 

111m.mat(Abnormal) 2.15 9.36 -28.79 36.41 46.37 -39.00 -39.00 1325.55 -94.00 150.00 316.00 51.45 10.61 4.85 0.13 

111m.mat(Abnormal) 1.93 8.37 -22.70 35.47 42.07 -30.00 -31.00 1258.28 -96.00 150.00 323.00 51.45 10.61 4.85 0.13 

111m.mat(Abnormal) 2.13 8.13 -40.06 42.55 58.39 -61.00 -56.00 1810.41 -111.00 151.00 302.00 51.45 10.61 4.85 0.13 

111m.mat(Abnormal) 2.13 9.18 -22.86 44.99 50.40 -30.00 -30.00 2024.18 -97.00 191.00 310.00 51.45 10.61 4.85 0.13 

111m.mat(Abnormal) 2.73 11.94 -20.62 40.87 45.72 -28.00 -32.00 1670.47 -85.00 191.00 301.00 51.45 10.61 4.85 0.13 

111m.mat(Abnormal) 2.43 10.31 -32.16 41.29 52.28 -42.00 -43.00 1704.76 -102.00 173.00 304.00 51.45 10.61 4.85 0.13 

111m.mat(Abnormal) 2.21 9.78 -35.18 40.50 53.59 -48.00 -46.00 1639.95 -113.00 158.00 296.00 51.45 10.61 4.85 0.13 
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111m.mat(Abnormal) 2.31 9.86 -18.38 39.44 43.45 -28.00 -28.00 1555.34 -87.00 170.00 321.00 51.45 10.61 4.85 0.13 

118m.mat(Abnormal) -0.08 6.94 -202.76 73.34 215.58 -187.00 -194.00 5378.04 -424.00 87.00 306.00 182.50 37.56 4.86 0.12 

118m.mat(Abnormal) -0.05 7.62 -212.60 70.25 223.86 -209.00 -206.00 4934.76 -430.00 59.00 303.00 182.50 37.56 4.86 0.12 

118m.mat(Abnormal) -0.41 6.19 -191.64 76.21 206.19 -178.00 -177.00 5807.52 -419.00 69.00 304.00 182.50 37.56 4.86 0.12 

118m.mat(Abnormal) -0.03 7.13 -178.92 67.64 191.24 -167.00 -172.00 4575.54 -377.00 81.00 292.00 182.50 37.56 4.86 0.12 

118m.mat(Abnormal) -0.40 7.11 -183.12 74.47 197.64 -164.00 -173.00 5545.33 -412.00 83.00 296.00 182.50 37.56 4.86 0.12 

118m.mat(Abnormal) -0.05 7.38 -181.14 69.86 194.10 -175.00 -176.00 4880.30 -389.00 83.00 300.00 182.50 37.56 4.86 0.12 

118m.mat(Abnormal) -0.34 7.71 -188.83 68.96 200.98 -177.00 -179.00 4754.83 -404.00 80.00 291.00 182.50 37.56 4.86 0.12 

118m.mat(Abnormal) -0.08 8.54 -190.78 59.67 199.87 -177.00 -186.50 3560.49 -379.00 64.00 287.00 182.50 37.56 4.86 0.12 

119m.mat(Abnormal) 2.38 11.41 -210.60 131.12 248.01 -209.00 -214.00 17193.33 -463.00 382.00 473.00 52.45 10.83 4.84 0.05 

119m.mat(Abnormal) 4.05 21.71 -163.13 67.44 176.48 -192.00 -181.00 4547.65 -223.00 234.00 338.00 52.45 10.83 4.84 0.05 

119m.mat(Abnormal) 3.76 19.09 -158.55 69.78 173.18 -189.00 -182.00 4869.64 -219.00 234.00 336.00 52.45 10.83 4.84 0.05 

119m.mat(Abnormal) 3.91 20.52 -177.83 69.49 190.88 -212.00 -202.00 4828.43 -237.00 233.00 320.00 52.45 10.83 4.84 0.05 

119m.mat(Abnormal) 3.51 16.28 -152.06 98.36 181.05 -198.00 -186.00 9675.52 -242.00 389.00 519.00 52.45 10.83 4.84 0.05 

119m.mat(Abnormal) 1.99 10.13 -201.82 134.21 242.29 -190.00 -198.00 18012.24 -475.00 389.00 466.00 52.45 10.83 4.84 0.05 

124m.mat(Abnormal) 4.15 21.58 -164.45 74.65 180.57 -168.00 -173.00 5572.41 -234.00 280.00 426.00 130.14 26.84 4.85 0.05 

124m.mat(Abnormal) 3.37 16.55 -137.12 82.30 159.88 -150.00 -149.00 6773.78 -226.00 323.00 434.00 130.14 26.84 4.85 0.05 

124m.mat(Abnormal) 4.34 23.37 -107.99 67.64 127.38 -113.00 -114.00 4574.62 -169.00 323.00 436.00 130.14 26.84 4.85 0.05 

124m.mat(Abnormal) 4.60 24.87 -129.77 67.05 146.03 -141.00 -141.00 4495.52 -192.00 289.00 455.00 130.14 26.84 4.85 0.05 

124m.mat(Abnormal) 4.55 25.20 -162.50 68.92 176.48 -169.00 -173.00 4749.98 -221.00 289.00 441.00 130.14 26.84 4.85 0.05 

200m.mat(Abnormal) -1.21 6.53 -31.64 105.43 109.89 -16.00 -24.50 11116.48 -402.00 222.00 271.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) 1.64 4.37 10.28 62.42 63.11 -25.00 -19.00 3895.68 -44.00 205.00 206.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) -1.09 6.32 -64.64 102.69 121.17 -67.00 -64.00 10544.55 -416.00 205.00 253.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) 2.04 6.46 -15.35 56.03 57.97 -45.00 -41.00 3139.44 -52.00 223.00 216.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) -1.15 6.07 -40.27 113.49 120.21 -32.00 -36.00 12879.90 -427.00 223.00 248.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) 1.71 4.63 2.38 59.22 59.12 -31.00 -22.00 3506.45 -52.00 189.00 201.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) -1.28 6.86 -50.33 93.05 105.63 -44.00 -45.00 8659.18 -383.00 189.00 256.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) 2.28 8.00 -8.35 52.26 52.79 -37.00 -30.00 2731.04 -49.00 231.00 193.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) -1.10 6.22 -40.67 114.74 121.51 -55.00 -40.00 13164.81 -435.00 231.00 244.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) 1.77 5.09 -8.99 55.35 55.95 -37.00 -33.00 3063.78 -59.00 171.00 210.00 1318.63 272.65 4.84 0.05 

200m.mat(Abnormal) -1.19 6.07 -52.73 100.89 113.69 -67.00 -50.50 10179.63 -393.00 171.00 285.00 1318.63 272.65 4.84 0.05 

203m.mat(Abnormal) 2.06 6.95 -0.74 101.95 101.74 -16.00 -16.50 10394.80 -132.00 363.00 233.00 0.51 0.11 4.82 0.36 

203m.mat(Abnormal) 2.52 8.98 -27.38 81.23 85.53 -64.00 -48.00 6598.08 -127.00 309.00 202.00 0.51 0.11 4.82 0.36 

203m.mat(Abnormal) 2.69 11.95 -72.50 66.25 98.16 -117.00 -87.50 4389.15 -172.00 293.00 403.00 0.51 0.11 4.82 0.36 

203m.mat(Abnormal) 1.87 6.34 -81.98 116.71 142.40 -89.00 -99.00 13620.91 -236.00 312.00 217.00 0.51 0.11 4.82 0.36 

203m.mat(Abnormal) 2.29 10.19 -8.84 86.10 86.37 -29.00 -20.00 7412.95 -137.00 393.00 233.00 0.51 0.11 4.82 0.36 

203m.mat(Abnormal) 1.68 6.56 55.21 81.60 98.43 25.00 41.00 6658.16 -75.00 393.00 384.00 0.51 0.11 4.82 0.36 

203m.mat(Abnormal) 0.29 4.87 2.33 84.53 84.49 -7.00 -4.00 7145.44 -286.00 309.00 559.00 0.51 0.11 4.82 0.36 

203m.mat(Abnormal) 1.58 5.49 -12.63 87.32 87.90 13.00 -26.00 7624.60 -135.00 274.00 133.00 0.51 0.11 4.82 0.36 

203m.mat(Abnormal) 1.75 5.84 -38.54 93.61 100.92 -92.00 -62.00 8762.38 -192.00 268.00 140.00 0.51 0.11 4.82 0.36 
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203m.mat(Abnormal) 2.53 9.61 -101.90 92.42 137.41 -115.00 -123.50 8542.20 -230.00 279.00 191.00 0.51 0.11 4.82 0.36 

207m.mat(Abnormal) -0.64 4.84 -36.58 59.21 69.57 -33.00 -33.00 3506.17 -229.00 180.00 752.00 17.85 3.67 4.86 0.03 

207m.mat(Abnormal) -0.60 4.58 -44.58 57.11 72.42 -35.00 -35.00 3261.47 -209.00 155.00 755.00 17.85 3.67 4.86 0.03 

207m.mat(Abnormal) -0.79 4.81 -42.76 57.01 71.24 -35.00 -36.00 3250.16 -224.00 154.00 769.00 17.85 3.67 4.86 0.03 

208m.mat(Abnormal) 2.52 8.83 2.28 94.74 94.55 -45.00 -36.00 8975.54 -64.00 389.00 215.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 2.14 7.67 -67.09 104.32 123.75 -71.00 -78.00 10882.02 -168.00 389.00 155.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 1.38 6.30 -62.87 94.76 113.60 -64.00 -64.00 8979.25 -228.00 312.00 328.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 2.35 8.44 12.04 78.86 79.58 -18.00 -16.00 6219.04 -60.00 329.00 196.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 1.16 3.42 -21.47 135.61 136.97 -40.00 -43.00 18389.33 -180.00 338.00 202.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 1.37 5.35 -23.88 109.09 111.48 -24.00 -24.00 11900.14 -187.00 342.00 281.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 2.44 8.89 24.55 73.83 77.63 -18.00 -2.00 5451.12 -36.00 342.00 200.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 1.09 3.03 -18.14 140.69 141.47 -35.00 -40.00 19792.91 -176.00 314.00 184.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 1.51 6.12 -26.49 97.01 100.41 -24.00 -28.00 9410.21 -180.00 325.00 314.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 2.44 8.65 16.84 74.97 76.65 -29.00 -8.50 5621.22 -37.00 325.00 189.00 2.50 0.52 4.82 0.05 

208m.mat(Abnormal) 1.09 3.20 -38.10 136.70 141.55 -61.00 -61.50 18687.50 -198.00 318.00 183.00 2.50 0.52 4.82 0.05 

210m.mat(Abnormal) 0.86 7.80 -42.47 52.90 67.78 -47.00 -47.00 2797.92 -191.00 193.00 394.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 2.46 9.89 -28.42 51.79 58.97 -75.00 -29.00 2682.14 -78.00 201.00 215.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 2.73 10.85 -14.56 52.30 54.17 -17.00 -19.00 2735.16 -68.00 208.00 217.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 3.40 16.31 -10.01 41.41 42.53 -10.00 -12.00 1714.90 -57.00 208.00 288.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 3.05 12.60 -19.27 48.64 52.23 -20.00 -24.00 2366.23 -60.00 201.00 232.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 2.86 12.09 -10.35 46.55 47.58 -13.00 -13.00 2166.86 -57.00 206.00 210.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 3.19 13.59 -11.49 46.79 48.08 -15.00 -16.00 2189.21 -54.00 206.00 221.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 3.47 15.38 -21.08 43.83 48.56 -26.00 -27.00 1921.29 -62.00 191.00 259.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 3.19 13.31 -29.57 46.65 55.14 -37.00 -36.00 2175.79 -70.00 184.00 241.00 2.79 0.58 4.84 0.08 

210m.mat(Abnormal) 3.00 12.58 -30.62 46.02 55.19 -35.00 -34.00 2117.59 -73.00 177.00 237.00 2.79 0.58 4.84 0.08 

212m.mat(Abnormal) 1.29 7.87 -2.63 57.75 57.69 -20.00 -15.00 3334.83 -123.00 270.00 244.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 1.81 8.90 -47.32 59.50 75.92 -72.00 -64.00 3540.16 -146.00 241.00 228.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 1.00 7.74 -37.37 66.32 76.00 -52.00 -46.00 4398.37 -186.00 260.00 245.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 1.21 7.61 -20.71 63.98 67.14 -41.00 -33.00 4093.92 -156.00 260.00 272.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 1.34 8.00 -22.25 61.21 65.02 -39.00 -36.50 3746.20 -150.00 249.00 267.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 0.99 6.41 -39.86 58.28 70.51 -55.00 -50.00 3396.87 -151.00 231.00 245.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 1.82 9.99 -66.18 59.26 88.75 -88.00 -80.00 3511.62 -189.00 222.00 238.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 0.31 5.45 -4.75 74.70 74.68 -13.00 -4.00 5580.76 -168.00 270.00 207.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 1.18 6.85 2.08 62.62 62.50 -17.00 -8.50 3920.74 -124.00 270.00 207.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 1.44 7.41 -35.85 59.51 69.36 -56.00 -50.00 3541.91 -143.00 253.00 222.00 38.94 8.07 4.83 0.12 

212m.mat(Abnormal) 2.22 11.11 -102.95 62.30 120.26 -128.00 -115.00 3881.21 -212.00 194.00 223.00 38.94 8.07 4.83 0.12 

214m.mat(Abnormal) 3.01 13.62 -22.96 87.77 90.59 -36.00 -33.50 7703.60 -131.00 413.00 315.00 0.23 0.05 4.82 0.03 

214m.mat(Abnormal) 3.11 14.15 -24.25 85.80 89.03 -34.00 -35.00 7362.08 -126.00 406.00 315.00 0.23 0.05 4.82 0.03 

214m.mat(Abnormal) 2.89 12.96 -21.60 90.56 92.96 -30.00 -30.00 8201.43 -132.00 409.00 317.00 0.23 0.05 4.82 0.03 

214m.mat(Abnormal) 2.99 13.05 -14.51 89.91 90.92 -27.00 -27.00 8082.91 -120.00 415.00 299.00 0.23 0.05 4.82 0.03 
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214m.mat(Abnormal) 0.71 6.93 -15.83 102.44 103.57 -36.00 -33.00 10494.66 -344.00 417.00 573.00 0.23 0.05 4.82 0.03 

214m.mat(Abnormal) 2.83 11.74 -19.55 96.70 98.49 -31.00 -31.00 9350.38 -130.00 417.00 279.00 0.23 0.05 4.82 0.03 

214m.mat(Abnormal) 2.76 12.15 -25.22 86.58 90.05 -31.00 -34.00 7496.72 -134.00 387.00 315.00 0.23 0.05 4.82 0.03 

217m.mat(Abnormal) -0.73 2.49 1.86 173.90 173.25 46.00 50.50 30239.71 -367.00 320.00 131.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) 1.85 5.31 -1.00 78.84 78.63 -49.00 -32.50 6216.10 -63.00 294.00 181.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) -0.78 2.53 -13.72 173.37 173.26 70.00 31.00 30057.84 -386.00 294.00 132.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) 2.06 6.43 -8.43 71.40 71.71 -49.00 -38.00 5098.43 -63.00 294.00 187.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) -0.76 2.52 -16.15 171.34 171.45 43.00 35.00 29358.12 -377.00 294.00 130.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) 1.94 5.74 1.77 71.26 71.08 -41.00 -29.00 5077.75 -50.00 283.00 178.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) -0.73 5.48 -22.51 102.51 104.79 -57.00 -38.00 10508.83 -357.00 283.00 303.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) 2.99 15.00 -64.17 60.89 88.39 -86.00 -76.00 3707.13 -178.00 275.00 292.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) -0.63 2.40 -72.07 168.03 182.19 -412.00 -27.00 28232.51 -412.00 261.00 121.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) 2.05 6.30 -41.55 76.10 86.51 -83.00 -74.00 5791.62 -93.00 270.00 171.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) -0.70 2.42 -45.81 176.32 181.48 -407.00 10.50 31087.28 -414.00 270.00 123.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) 2.08 6.34 -29.30 80.11 85.09 -61.00 -62.00 6417.26 -81.00 291.00 180.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) -0.60 2.28 -52.43 178.34 185.18 51.00 4.00 31803.54 -408.00 291.00 121.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) 2.03 6.02 -22.07 77.01 79.90 -61.00 -55.00 5930.72 -76.00 295.00 177.00 359.05 74.54 4.82 0.04 

217m.mat(Abnormal) -0.73 2.46 -23.82 175.73 176.66 30.00 33.00 30879.76 -390.00 295.00 128.00 359.05 74.54 4.82 0.04 

221m.mat(Abnormal) 2.48 8.47 -8.88 72.99 73.30 -40.00 -33.00 5327.48 -65.00 287.00 159.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 1.97 8.55 -41.07 74.60 85.06 -43.00 -43.00 5565.35 -148.00 279.00 323.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 4.28 22.52 -18.81 51.06 54.34 -29.00 -29.00 2606.72 -61.00 285.00 317.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 2.66 9.50 -3.25 66.50 66.41 -40.00 -23.50 4422.68 -55.00 285.00 187.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 2.00 9.18 -45.35 68.49 82.07 -45.00 -46.00 4690.49 -150.00 267.00 376.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 3.94 19.11 -22.59 53.74 58.20 -32.00 -33.00 2888.19 -67.00 267.00 260.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 4.60 24.95 -27.24 49.65 56.56 -40.00 -38.00 2464.77 -75.00 280.00 292.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 2.47 8.46 -8.97 71.35 71.70 -52.00 -33.50 5091.52 -71.00 280.00 161.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 2.25 9.44 -48.89 71.41 86.44 -51.00 -52.00 5098.87 -145.00 264.00 308.00 16.24 3.37 4.83 0.07 

221m.mat(Abnormal) 3.97 19.18 -30.26 56.65 64.12 -39.00 -42.00 3209.54 -77.00 278.00 238.00 16.24 3.37 4.83 0.07 

223m.mat(Abnormal) 3.44 14.94 -110.99 84.88 139.63 -122.00 -126.00 7204.05 -180.00 289.00 279.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.43 15.09 -108.62 81.28 135.58 -119.00 -120.00 6606.78 -175.00 289.00 275.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.59 16.30 -107.40 76.59 131.83 -118.00 -119.00 5866.17 -172.00 280.00 272.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.36 14.22 -110.13 83.04 137.84 -123.00 -124.00 6896.10 -187.00 276.00 268.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.21 13.94 -104.95 87.97 136.85 -116.00 -115.50 7739.48 -183.00 327.00 281.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.70 17.18 -103.36 79.98 130.60 -117.00 -117.00 6397.11 -170.00 327.00 269.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.44 14.94 -116.03 83.21 142.69 -130.00 -131.00 6924.01 -186.00 288.00 258.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.15 13.03 -110.89 85.48 139.91 -126.00 -124.00 7306.32 -184.00 272.00 264.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.45 14.92 -112.79 81.35 138.98 -125.00 -126.00 6618.46 -178.00 275.00 262.00 0.11 0.02 4.83 0.06 

223m.mat(Abnormal) 3.62 16.41 -121.90 80.38 145.93 -134.00 -135.00 6461.27 -186.00 289.00 266.00 0.11 0.02 4.83 0.06 

228m.mat(Abnormal) 1.52 6.61 -51.64 32.89 61.19 -75.00 -59.00 1081.68 -110.00 109.00 293.00 8390.02 1727.87 4.86 0.28 

228m.mat(Abnormal) 1.94 9.02 -38.22 30.33 48.76 -48.00 -45.00 919.63 -91.00 113.00 335.00 8390.02 1727.87 4.86 0.28 
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228m.mat(Abnormal) 1.23 5.63 -48.82 38.95 62.42 -32.00 -59.00 1517.28 -119.00 113.00 305.00 8390.02 1727.87 4.86 0.28 

228m.mat(Abnormal) 1.04 4.75 -47.33 37.44 60.31 -73.00 -53.00 1402.03 -121.00 101.00 286.00 8390.02 1727.87 4.86 0.28 

228m.mat(Abnormal) 1.48 6.48 -61.15 37.44 71.67 -94.00 -70.00 1401.89 -115.00 97.00 284.00 8390.02 1727.87 4.86 0.28 

228m.mat(Abnormal) 1.17 4.85 -51.83 36.46 63.34 -86.00 -59.00 1329.70 -109.00 97.00 287.00 8390.02 1727.87 4.86 0.28 

228m.mat(Abnormal) 1.14 4.74 -38.82 34.10 51.63 -59.00 -46.00 1162.60 -97.00 107.00 276.00 8390.02 1727.87 4.86 0.28 

228m.mat(Abnormal) 1.28 5.67 -51.96 37.72 64.17 -71.00 -58.00 1422.55 -110.00 107.00 294.00 8390.02 1727.87 4.86 0.28 

228m.mat(Abnormal) 1.10 4.50 -61.62 39.20 73.00 -91.00 -68.00 1536.73 -124.00 85.00 302.00 8390.02 1727.87 4.86 0.28 

230m.mat(Abnormal) 1.14 10.42 -71.36 72.76 101.81 -97.00 -90.00 5293.51 -352.00 253.00 264.00 0.01 0.00 4.82 0.09 

230m.mat(Abnormal) 0.89 10.32 -66.88 70.21 96.87 -79.00 -77.00 4929.23 -351.00 253.00 258.00 0.01 0.00 4.82 0.09 

230m.mat(Abnormal) 0.05 10.74 -49.32 67.02 83.11 -66.00 -64.00 4491.91 -356.00 219.00 262.00 0.01 0.00 4.82 0.09 

230m.mat(Abnormal) 1.33 9.18 -39.68 77.94 87.33 -70.00 -63.00 6075.38 -306.00 319.00 266.00 0.01 0.00 4.82 0.09 

230m.mat(Abnormal) 2.87 13.28 -54.47 75.96 93.35 -88.00 -69.00 5769.84 -228.00 319.00 261.00 0.01 0.00 4.82 0.09 

230m.mat(Abnormal) 2.99 14.24 -61.90 72.41 95.16 -87.00 -72.00 5242.90 -220.00 312.00 272.00 0.01 0.00 4.82 0.09 

230m.mat(Abnormal) 3.52 16.30 -50.72 76.43 91.61 -68.00 -66.00 5840.90 -193.00 340.00 268.00 0.01 0.00 4.82 0.09 

230m.mat(Abnormal) 3.28 16.47 -47.55 76.52 89.97 -51.00 -59.00 5855.32 -235.00 351.00 259.00 0.01 0.00 4.82 0.09 

230m.mat(Abnormal) 2.94 14.74 -55.04 83.21 99.64 -86.00 -74.00 6924.43 -284.00 354.00 259.00 0.01 0.00 4.82 0.09 

231m.mat(Abnormal) 1.73 11.88 -19.83 65.29 68.14 -32.00 -33.00 4262.90 -213.00 317.00 321.00 5.14 1.06 4.83 0.08 

231m.mat(Abnormal) 1.49 12.26 -21.94 59.43 63.26 -28.00 -28.00 3531.79 -195.00 307.00 318.00 5.14 1.06 4.83 0.08 

231m.mat(Abnormal) 1.70 12.09 -21.73 62.68 66.25 -44.00 -33.00 3928.74 -210.00 309.00 346.00 5.14 1.06 4.83 0.08 

231m.mat(Abnormal) 1.43 10.85 -18.30 64.34 66.79 -39.00 -30.00 4139.04 -211.00 314.00 321.00 5.14 1.06 4.83 0.08 

231m.mat(Abnormal) 2.97 24.29 -22.10 50.10 54.72 -25.00 -27.00 2510.39 -199.00 369.00 627.00 5.14 1.06 4.83 0.08 

231m.mat(Abnormal) 4.10 24.89 0.79 53.05 52.98 -20.00 -10.50 2814.70 -90.00 369.00 329.00 5.14 1.06 4.83 0.08 

231m.mat(Abnormal) 1.60 10.92 -7.32 66.33 66.62 -16.00 -18.00 4399.17 -187.00 328.00 299.00 5.14 1.06 4.83 0.08 

232m.mat(Abnormal) 0.47 6.57 -28.49 29.31 40.83 -31.00 -28.00 858.93 -104.00 99.00 246.00 1582.67 325.45 4.86 0.40 

232m.mat(Abnormal) 1.27 7.31 -23.06 28.87 36.91 -27.00 -27.00 833.63 -88.00 110.00 263.00 1582.67 325.45 4.86 0.40 

232m.mat(Abnormal) 2.18 14.70 -36.48 23.34 43.30 -41.00 -39.00 544.78 -116.00 111.00 659.00 1582.67 325.45 4.86 0.40 

232m.mat(Abnormal) 0.98 7.55 -35.89 35.14 50.18 -37.00 -37.00 1234.98 -125.00 112.00 244.00 1582.67 325.45 4.86 0.40 

232m.mat(Abnormal) 1.11 7.13 -37.71 31.52 49.11 -35.00 -41.00 993.34 -114.00 112.00 254.00 1582.67 325.45 4.86 0.40 

233m.mat(Abnormal) 1.58 10.39 -63.96 89.54 109.89 -83.00 -79.00 8017.24 -340.00 310.00 253.00 46.97 9.73 4.83 0.08 

233m.mat(Abnormal) 2.39 9.35 -97.52 90.82 133.12 -106.00 -106.00 8248.90 -202.00 269.00 214.00 46.97 9.73 4.83 0.08 

233m.mat(Abnormal) -0.75 5.56 -48.89 128.18 137.05 -48.00 -44.00 16430.54 -494.00 328.00 419.00 46.97 9.73 4.83 0.08 

233m.mat(Abnormal) 1.70 5.29 -24.55 113.41 115.73 -78.00 -51.00 12861.29 -149.00 328.00 178.00 46.97 9.73 4.83 0.08 

233m.mat(Abnormal) 0.65 9.05 -16.85 91.85 93.21 -22.00 -23.00 8436.56 -328.00 327.00 259.00 46.97 9.73 4.83 0.08 

233m.mat(Abnormal) 2.20 8.73 -15.02 86.04 87.15 -20.00 -20.00 7403.00 -125.00 327.00 215.00 46.97 9.73 4.83 0.08 

233m.mat(Abnormal) -0.29 5.04 -77.39 126.32 148.02 -52.00 -93.50 15957.05 -491.00 327.00 415.00 46.97 9.73 4.83 0.08 

233m.mat(Abnormal) 2.20 8.98 -165.38 100.97 193.64 -171.00 -171.00 10194.63 -287.00 256.00 222.00 46.97 9.73 4.83 0.08 

233m.mat(Abnormal) 2.39 9.37 -101.94 98.54 141.62 -169.00 -115.50 9709.36 -205.00 315.00 213.00 46.97 9.73 4.83 0.08 

 


