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Abstract

In this thesis, we propose and implement a new hybrid approach using fractal analysis, statistical
analysis and neural network computation to build a model for prediction the number of ischemia
occurrence based on ECG recordings. The main advantage of the proposed approach over
similar earlier related works is that first useful parameters from fractal analysis of the signal are
extracted to build a model that includes both clinical characteristics and signal attributes.
Statistical analysis such as binary logistic regression and multivariate linear regression are then
used to further explore the relation of parameters in order to obtain a more accurate model. We
show that the results compare well with those of earlier work and clearly indicate that the

augmentation of the above mentioned approaches improves the prediction accuracy.
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CHAPTER 1

1. Introduction

Coronary artery diseases are one of the leading causes of death worldwide. In Canada, 33,600
people die due to heart diseases each year and more than 1.4 million people are living with heart
disease [1]. It is also reported that in the United Kingdom, 154,639 people died from
cardiovascular diseases in 2014 which accounts for 25% of deaths in the U.K in that year. The
related studies also show that in 2014 the rate of death due to cancer was almost equal to that of
caused by heart disorders in the U.K [2]. In the United States an estimated 610,000 people die
every year due to different types of heart diseases. Every year, about 375,000 Americans suffer
from heart attack (myocardial infraction) [3]. Coronary artery diseases represents a number of
heart related diseases including angina, myocardial infarction, myocardial ischemia, etc. A
number of widely used tests are typically performed for diagnosis purposes. These may include
blood tests, electrocardiogram (ECG), intravascular ultrasound, echocardiogram, nuclear stress
test, CT scan and MRI [4]. For the purpose of this thesis, the scope of our study will include

diagnosis of myocardial ischemia using electrocardiogram.

1.1. Myocardial Ischemia

Ischemia is a cardiac artery disease that refers to decreased blood supply where the blood flow

to an organ is decreased or stopped. Myocardial ischemia occurs when blood supplement of
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myocardium is not enough and subsequently the heart runs out of oxygen. Patients with mild or
moderate ischemia can recover. However, severe or long lasting ischemia can cause the cells to
malfunction. These cells cannot contract or conduct electrical impulses. Lack of oxygen due to
myocardial ischemia results in a change of the shape of the ECG signal. Therefore, this type of

heart disorder can be diagnosed by reading ECG signal [5],[6],[7],[8].

1.2. ECG Signal

Electrocardiogram (ECQ) is a time series achieving from the electrical activity of heart. The
electrical activity, which causes the cardiac fibers to contract and relax frequently, is measured
by some electrodes placed on the surface of skin [9]. The ECG signal reveals two important
pieces of information. First, any problem with the electrical activity of the heart could be
diagnosed by measuring the duration of each section of the signal; second, the amount of
electrical activity of the heart reveals facts about the size and workload of the heart [10].
Generally, an ECG signal uncovers the following points [11]:

1. Heart thythm

2. Changes in electrolyte concentration

3. Size of heart champers

4. Location of ischemia
An ECG signal represents the electrical activity of the heart. Each turning point of the signal can
be described by its labels. P, QRS, T and U are four labels that indicate different sections of an
ECG signal (see Fig. 1.1). However, a normal signal does not have the U wave. P wave is the

start of arterial contraction that pumps blood to the ventricles. QRS complex corresponds to the
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ventricular contraction that pumps blood to the lungs and rest of the body. T wave shows the

ventricular repolarization of myocardium. U wave also represents repolarization activity [11].

0.04 sec 0.2 sec
> [ECGIGridBox | | | [J—— 9. [ S O |
o LD DI
' || QRS
] PR |
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>
£ |
‘ g
1 L=
segment
—— segment - LT T

Fig. 1.1. ECG recording of a heart beat [12]

Segment, which is the time period between two labeled waves, is another descriptive factor of an
ECG. Interval is the duration of waves and segments. The frequency range of the ECG is 0.05 to

100 Hz and the amplitude varies from 1 to 10 mV [10].

1.3. ECG Lead Placement

Ten electrodes should be attached to different parts of the body to record 12—-lead ECG signal.
Each lead determines the view point of the ECG signal. These electrodes are named according to
the part of the body that they are attached to. Table 1.1 shows the electrode name and its

placement [11].



Table 1.1. Electrodes of 12-lead ECG

Electrode Name Electrode Placement
RA Right Arm
LA Left Arm
RL Right Leg
LL Left Leg
V1-V6 Chest

1.4. Changes in ECG Signal Due to Myocardial Ischemia

T wave, ST segment and finally Q wave are the sections that suffer and change due to
myocardial ischemia. T waves become tall and peaked. QT intervals last longer. Also, if ST
segments become 0.1 mV off from the baseline, the situation is considered as ST segment
change. This segment might change to down sloping, horizontal or up sloping (Fig. 1.2). This

fact reveals the acute ischemia which might cause the T wave to get inverted in some cases [11].

Fig. 1.2. ST segment change due to myocardial ischemia may be down sloping, up sloping or horizontal [11]



1.5. Potential Issues with ECG

ECG is a commonly used test to diagnose cardiac diseases such as myocardial ischemia.
Meanwhile, reading and interpretation of ECG signals require sound knowledge and expertise.
Since ECG can only be analyzed carefully by specialists, it is beneficial to have a software tool
which diagnoses and predicts whether ischemia occurs in an ECG signal record, and can also be
understood by people who are not necessarily in cardiology area.

In addition to diagnosis, prediction of ischemia occurrence as well as the number of the
episodes, given specification of the patients and their signals, can provide invaluable
information. To our knowledge, a predictive model that considers both patients specification and
their signals as independent variables of the model to predict ischemia does not presently exist.
In some cases (e.g., in Intensive Care Unit (ICU)), the duration of ECG recording is long up to
48 hours, and the cardiologists are required to spend significant amount of time dealing with
such long record. Even when they do so, human error reduces the accuracy of the diagnosis in
such prolonged record. In these cases, software tools capable of accurate diagnosis of large
datasets are necessary. Hence, in this thesis we propose a hybrid intelligent approach to diagnose

and predict the Myocardial Ischemia in a precise manner.

1.6. Thesis Objective and the Proposed Approach

The main objective of this thesis is to build a model that can be employed to diagnose and
predict the occurrence of myocardial ischemia using ECG signals. To this end, we propose a

hybrid application of Fractal Analysis, Regression Analysis, and Artificial Neural Networks for



modeling purposes. In the first step, in order to determine long-term correlation in the ECG
signal, fractal analysis is performed on the signals. The rationale, therefore, is to find out about
the self-structure, self-similarity, and hence, the predictability in the ECG signals. In the second
step, regression analysis methods such as binary logistic regression and multivariate linear
regression are used to investigate the effect of each input (e.g., fractal parameters and clinical
description of patients) on the outcome in order to find an accurate prediction model. In the third
step, specifications of the patients together with the fractal parameters from the first step are fed
into an artificial neural network to predict the number of ischemia. In this regard, both ECG

signal parameters and patients specification are taken into consideration.

1.7. Thesis Overview

The rest of this thesis is organized as follows. Chapter 2 provides background information about
fractal analysis, regression analysis and artificial neural networks, and discusses the earlier
related works and studies on ECG modeling. Chapter 3 explains the proposed methodology and
implementation of the model. In this chapter, the dataset and three data analysis methods are
described in detail. In the Chapter 4, the experimental results are provided and discussed.

Finally, Chapter 5 provides the conclusions and direction of future work.



CHAPTER 2

2. Background and Related Work

In this chapter, we discuss three methodologies that will be used in this research. Background
information on fractal analysis, regression analysis and artificial neural networks are presented
together with similar important earlier works related to application of above mentioned methods

on ECG signals.

2.1. Fractal Analysis

2.1.1. Fractal

Fractals are self-similar and self-affine structures where each small particle is a copy of the
whole object. The essential attributes of a fractal object are infinite length and self-similarity. A
well-known example of a fractal is Koch snowflake also known as Koch curve, Koch star or
island [13]. To make this snowflake, the first step is to divide each side of an equilateral triangle
into three equal pieces. Then, the middle third piece of each side is taken out and an equilateral
triangle should be built on it. The process should be repeated unlimited times. The self-affine
structure of the Koch snowflake is obvious in Fig. 2.1. Another characteristic of a fractal object
is its infinite length; it is visible in Koch snowflake that we repeat the process for infinite
iterations (Fig. 2.1). This characteristic is seen in many natural objects such as a snowflake,

roots of a tree and a leaf. Fractal objects can be made synthetically as well.
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/N ! % 2
Fig. 2.1. The first four steps in construction of Koch snowflake [14]

Complex systems, which consist of nonlinear interacting components, can generate data series.
The data series exhibit fluctuations, which often follow a pattern. These patterns have been

observed in many scientific areas including [15]:

Geographic time series such as temperature, water level, ozone level, wind speed

Medical and physiological time series such as heart beats, brain signals, blood flow

* DNA sequences; however, it is not a time series

Astrophysical time series

* Technical time series such as Internet traffic, highway traffic

Social time series such as finance, economy, language characteristics

* Physical data such as surface roughness

2.1.2. Objectives of Fractal Studies

In biomedical signal analysis, diagnosis and prognosis are the main applications of fractal
analysis. Since the scale invariant structure of a biomedical signal is different in healthy and

pathological conditions, varying the scale of these signals reflects the changes in the situation.



For instance, if a non-fractal pattern changes to a fractal pattern after a period of treatment, it
could show that the treatment is successful. Therefore, one of the main aims in fractal analysis
of biomedical signals is to reliably distinguish between fractal (healthy) and non-fractal
(unhealthy) patterns [16]. Another potential application of fractal analysis is prediction. When a
structure is self-similar, it is possible to predict its future phases by analyzing the current
situation. For instance, [17] claims that they could predict the power output of a wind farm using

the multifractal detrended fluctuation analysis of wind speed time series.

2.1.3. Theoretical Characteristics of Fractal Patterns

A. Fractal Dimension

Euclidean geometry cannot describe natural objects accurately since these objects are very
complex and their dimensions are not integers. Mathematicians introduced fractal dimension to
characterize self-similarity in order to overcome the limitations of Euclidean geometry.
Mandelbrot was the first person to propose the concept of fractal in order to describe these
complex structures [18].

Fractal dimension indicates whether a structure is self-similar. Unlike Euclidian dimension,
which is an integer number, the fractal dimension is a real number. It also specifies how space
filling a structure is. For instance, an object with a fractal dimension of 1.9 is more space filling
than an object with a fractal dimension of 1.4. Also, the one with a 1.9 fractal dimension is more
similar to a surface than a line.

The simplest mathematical definition of fractal dimension is shown in (2.1) [18].

D =log(n)/log (r) (2.1)



where n is the number of pieces and r is the number of divisions in the object. For instance, in
the first step of Koch snowflake that is shown in Fig. 2.1, n andr are 4 and 3 respectively;
therefore, D equals 1.246.

The generalized fractal dimension equation is shown in (2.2) [19].

dlogy.; pilogp;

] = 1
b dlogr ! (2.2)
q 1 dlog); Piq otherwise |
q—1 dlogr '

In practice, three common fractal dimensions (q = 0, lim,_,; Dq and q = 2) are known as
Hausdorff fractal dimension, Information Dimension and Correlation dimension respectively
[20].

Although fractal dimension indicates the degree of self-similarity and space filling of the
structure, it is not a unique descriptor of the fractal object since there might be two structures
with the same fractal dimensions but not shape.

The simplest algorithm to measure the fractal dimension is box counting. If we cover a fractal
object with a number of boxes, each time with a different size, and plot the number of boxes
versus the size of them in log coordinates (box counting plot), the negative value of the plot’s

slope is the Hausdorff fractal dimension D,.
B. Power Law

Another characteristic of a fractal object is the power law relation. Any relation in the form of
f(x) = k.x" is a power law relation. Fractal objects follow this relation. However, power law

does not imply fractality [18].
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C. Hurst Exponent

Harold Hurst (1880—-1971) was a British hydrologist who studied water levels of rivers and lakes
for many years, in particular on the Nile river system. He found out that there is a ratio between
the highest variation and the typical variation of water levels. Hurst showed the relation between
the range of variation R(t) and standard deviation S(t) of the level in period of time t [21].

Hurst also found that the following relation is true for many time series [22].

R()
HO)

= constant * tf (2.4)

where H is the Hurst exponent/index. Hurst exponent is an important characteristic of fractal
time series in terms of predictability that can be used to identify if a time series has a positive
correlation or not. If H is greater than 0.5, the signal is correlated. That is if the signal increases
over a period of time, it is more likely to continue to increase in the future. However, if the

Hurst exponent is between 0 and 0.5, the time series is anti-correlated and fluctuations cannot be

predicted using its past fluctuations.

2.1.4. Type of Noises

Noise-like structures are classified based on their Hurst exponent. According to Fig. 2.2, noises
with the Hurst exponent close to 0.5 are called white noises whereas noises with the Hurst
exponent of 1.0 are called pink noises and the Hurst exponent close to 1.5 indicates brown
noises. A time series is correlated when the Hurst exponent is in between 0.5 and 1. However, it
is anti-correlated if the Hurst exponent falls within the interval of [0, 0.5]. As it can be seen in

Fig. 2.2, the higher value of H indicates a smoother trend, less volatility, and less roughness

[11].
11
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Fig. 2.2. Range of Hurst exponent in noises [16]

In addition, the type of noises can be identified with Auto Correlation Function (ACF) of the

noise. ACF shows whether (or not) the noise has long memory and self-similarity. It reflects the

correlation of the signal with itself. As shown in Fig. 2.3, white noise has no memory. In other

words, it is a sequence of time-ordered uncorrelated random variables. White noise is also called

random shocks or innovations. Brown noise or random walk-like time series have infinite

memory. So, they remember the signal forever. Pink noise signals have hyperbolically decaying

ACEF that implies long memory of the process. So, this signal can be interpreted by its past. If

the signal is non-fractal, then ACF decays very fast, so that the process can be predicted by its

immediate past. In other words, the signal has a short memory.
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Fig. 2.3. Auto Correlation Functions of fractal and non-fractal patterns [23]

2.2. Methods of Fractal Analysis

Scale invariant structures are divided into monofractal and multifractal patterns. A single power
law defines the monofractal structures. However, multiple power law exponents determine

multifractal structures.

2.2.1. Monofractal Analysis Methods

A. AutoCorrelation Function Analysis (ACF Analysis)

ACEF analysis is used to find the correlation between values of the times series at different time
lags. For instance, between x; and x;,, 1 is the time of measurement and s is the time scale. In
this regard, the mean is usually subtracted from x; (¥ = x;— < x >). Then, correlations between
X values separated by s step are defined by (auto) covariance function C(s) =< X;X;, s> or the
(auto) correlation function C(s)/< &;* >. The %;values are short term correlated if C(s)
declines exponentially and long-term correlated if C(s) declines as a power law. There are two
challenges with this method. First, since the data is usually superimposed by noise, ACF cannot
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describe the signal accurately and should be followed by another method. Also, C(s) fluctuates

around zero on large scales, thus finding the power law of declining trend is difficult [15].
B. Spectral Analysis

The goal of spectral analysis is to find how to construct a time series using sine and cosine. It
allows us to show the time series in a standard way. It is also known as Fourier representation of
a time series. Spectral analysis can compare different time series by comparing their two

parameters ay, by, as shown in (2.5).

k k
= ' — — 2.5
Xt zaksm(2n128t)+bkcos(2n128t) (2.5)

This process quantifies the power spectrum versus frequency to determine whether (or not) the

time series is self-affine [15].
C. Hurst’s Rescaled-Range Analysis

This method has been proposed by Harold Edwin Hurst. The main goal is to determine how the
variability of a time series changes with the length of the time period that is being considered.
As discussed before, the interpretation of the Hurst exponent can help us make predictions about
the time series. The steps of this analysis are listed below [24]:

1. Calculate the mean of values in the time series

2. Subtract the mean from each value in the time series

3. Calculate the summation of values from step 2

4. Create a range series by subtracting the minimum from the maximum value for different

time lags

5. Create the standard deviation series
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6. Calculate the rescaled range series (range divided by standard deviation)

This method needs no binning, thus it takes less efforts for analysis.
D. Fluctuation Analysis

In this method, the time series is divided into non-overlapping segments. In order to avoid any
neglect of the data, first, the time series is divided from the beginning to the end, second, the
time series is considered from the end to the beginning. Then, the fluctuation in each segment
should be determined. In this method the profile, cumulative sum, is defined as (2.6) for each j
step.
j
Y()) =zfi ,j=0,1,2,..,N (2.6)
i=1
And fluctuation is calculated based on the profile in each segment v of size s in (2.7).
F?, (v,s) = [Y(vs) — Y (v1)s]? (2.7)
Then, the mean fluctuation F,(s) is calculated, and its correlation with s steps should be shown

in power law relation (see (2.8)).

2N, 1/2

1
R = |5 Z F2, (v,5)| ~s® 2.8)
S v=1

Subsequently, the fluctuation exponent (&), spectral exponent (f) and correlation exponent (y)
are obtained by (2.9).

2a=1+p=2-y (2.9)
There are two challenges with this method. First, the method works only if the fluctuation
exponent « is in range of 0 to 1. Second, if the size of segments is larger than one tenth of the

length of data, the method loses its reliability [15].
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2.2.2. Multifractal Analysis Methods

Multifractal structures have a spectrum power law exponent and therefore the analysis
methodology is different from monofractal analysis. As most biomedical signals such as brain
and heart signals are multifractal, the methods that are discussed in this section are common for

biomedical data series [16], [25].
A. Wavelet Transform Modulus Maxima (WTMM) Method

The irregular and transient structure of a signal, known as singularity, carries most of the
signal’s information [26]. This method tries to find singularities in a signal by finding modulus
maxima of the wavelet transform of the signal. In this method, the signal is divided into small
segments (wavelets), and continuous wavelet transform will be employed for the signal instead

of the Fourier transform. Wavelet transform of a continuous signal is defined by (2.10) [15].
W, ] za)—1f+0o (t)*t_bdt 2.10
W@ =—| fowe) (2.10)

where Y is called mother wavelet, a is wavelet dilation, b denotes time shift of wavelet and *
symbol is complex conjugate.

Instead of getting average of all wavelet coefficients (L (7,s)), that is common in wavelet
analysis method, only the average of the local maxima of |Ly (z,s)| is sufficient. Then the sum
of gth power of the maxima is calculated (see (2.11)). If Z(q, s) poses Hurst behavior with the s
scale, the Hurst exponent ‘L/'\(q) will be determined using (2.11).

jmax

Z(q,s) = z Ly (7, 5)1 ~ 7@ (2.11)
=1
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Wavelet transform localizes the frequency and time for small segments. Consequently, it is
suitable for multifractal time series, which consist of many small and large fluctuations [26].
Fig. 2.4 shows an original signal, continuous wavelet transform of that and the extracted

maxima lines.
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Fig. 2.4. Comparison between the original signal (top), its continuous wavelet (middle) and extracted maxima lines

(bottom). [27]

B. MultiFractal Detrended Fluctuation Analysis (MFDFA)

There are six steps to calculate all the necessary parameters for performing the fractal analysis of

data series [16]:
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Convert a noise like time series to a random walk time series - The first step is to convert
the noise-like time series to brown noise before applying Detrended Fractal Analysis
(DFA). This alteration could be done by subtracting the mean value from each data point
and integrating the time series.

Divide up the time series to equal, non-overlapping blocks.

Locally detrend the time series - In the next step, the signal is detrended in order to
quantify the scale invariant structure. A polynomial trend is made for each segment with
different polynomial co-efficients. The parameter is called trend order. A higher trend
order yields a more complex shape.

Calculate the average variation of each segment by computing Root Mean Squared
(RMS) - RMS represents the average amplitude of the time series. It should be
mentioned that RMS is independent of structure. Therefore, the RMS for different time
series might be equivalent.

Perform monofractal detrended fluctuation analysis - In the fifth step, the size of the
blocks is changed each time to accommodate the large and small fluctuations and steps 2
to 4 are repeated. The main objective of this step is to find the Hurst exponent of the time
series. If local RMSs are plotted against the scales of blocks, and a regression line is
drawn, the slope of the regression line is the Hurst exponent as a critical parameter in
fractality measurement.

Perform multifractal detrended fluctuation analysis - In multifractal time series, small
fluctuations are seen as well as large fluctuations. Accordingly, RMS for small
fluctuations is different from RMS for large fluctuations. In other words, multifractal

time series are not normally distributed. The difference between monofractal and
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multifractal time series leads to the consideration of the small fluctuations separately
from large fluctuations. This can be done with different order statistical moments. This
input parameter helps focus on different parts of the signal. Indeed, monofractal analysis
is changed to multifractal analysis by adding order statistical moment. The g-order has a
range from negative real values to positive real values. A g-order with positive value
focuses on large fluctuations and amplifies them. However, a negative value does the
task for small fluctuations. RMS can be calculated for each g-order. Therefore, the Hurst
exponent of different g-orders will be determined.
Using the parameters resulted from the aforementioned 6 steps, there are two methods for fractal
analysis. The first method tries to find the multifractal spectrum of the signal. In this method, the
Hurst exponent of g-order (Hq) is changed to mass exponent of g-order (tq) and then tq is
converted to singularity exponent (hg). The latter should be turned to singularity dimension
(Dq). The plot of Dq versus hq, which is called multifractal spectrum, indicates the range of the
Hurst exponent in a signal. The difference between the minimum value and the maximum value
of the Hurst exponent is called the width of multifractal spectrum. The result of this method is

shown in Fig. 2.5.
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Fig. 2.5. Multiple representations of multifractal spectrum and comparison between Multifractal, Monofractal and white

noise [16]

The second method states that multifractal analysis is performed with the probability distribution
of Hurst exponent. So, g-order Hurst calculation is not necessary. In this method, the normalized
probability distribution of the Hurst exponent is plotted in log coordinates. The result shows the
variation of the Hurst exponent in a signal [16]. The result of this method (implemented with

Matlab) is shown in Fig. 2.6.
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Fig. 2.6. Results of MFDFA with probability distribution for a time series [16]

The computation of fractal analysis is robust. However, there are some setbacks with the
algorithm. In particular, two MFDFA methods cannot be applied immediately on a raw data.
There are four preprocessing steps that should be done before fractal analysis is used. First, if the
signal is a noise-like time series, it should be converted to a random walk-like time series. The
second step of preprocessing is eliminating RMS below a specific threshold because the local

fluctuations cannot be close to zero. Third, some modifications should be completed if the time
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series is not scale invariant. Finally, input parameters such as trend order, scale and g-order

should be set before applying these methods [16].
C. Comparison of WTMM and MFDFA

Although the results of these methods are almost equivalent, MFDFA is more reliable since it
considers the negative values of g-order in order to focus on small fluctuations. Therefore, it can
be employed for short time series as well as long data series. Both methods are under

development to become compatible with multi-dimensional data series [28], [29].

2.3. Regression Analysis

Regression analysis attempts to explore the relation between dependant and independent
variable(s). Since the method estimates how the output changes with the change in input
variables, it could be used as a predicting model. The model is considered as a good model if it
fits dependant variable to independent ones with minimum error. Among all types of regression
analysis, linear, multiple and binary logistic regressions have been used in this research. When
there is only one independent variable, simple linear regression can estimate the value of the
output. The goal of linear regression is to find f coefficients in (2.12) so that the predicted value
is as close to actual value as it could be. In other words, sum of squares errors becomes
minimized [30].
e(Yy) = Bo + BiXi (2.12)

Adding independent variables to the model changes the linear regression to multiple regressions.

The model takes the form in (2.13).
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e(Y) = Bo + X1 + B2 Xy + BsXs + - (2.13)
where [5; explains the rate of change of output if X; is increased with one unit, assuming that all
other variables are held constant.

The next category of regression analysis is binary logistic which completes the following tasks:
1. Modeling the probability of an event when it depends on the value of the independent
variables
2. Estimation the probability that an event occurs for a randomly selected observation
versus the probability that the event does not occur
3. Predicting the effect of a series of variables on a binary response variable
4. Observation classification
The goal of binary logistic regression is to estimate the probability for a linear combination of
input variables. Similar to previously mentioned regression analysis, [ coefficients are

calculated and the estimated probability is computed with (2.14) [31].

1
1 + e-Bot2 BiX)

P(X) = (2.14)

2.4. Artificial Neural Networks

Artificial Neural Networks (ANN) are inspired by information process of nervous system in
human brain. An ANN is a network of computing units (known as neurons) that are
interconnected. Each neuron consists of input, weight and the transfer function. A weight, which
determines the strength of the connection, is associated with each input. In order to find the

output of the neuron, value of the input should be multiplied by its weight and goes into the
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activation or transfer function (see Fig 2.7). Then, if the neuron generates an output, this is known

as firing.

FWx +wyx, 4 4 wx,)

Fig. 2.7. A neuron in ANN [32]

The simplest Neural Network (NN), which includes only one neuron, is called perceptron. The
output of the perceptron is 1 when product of input value and weight is greater than 0 and
otherwise the output is 0. The perceptron is trained to learn how to modify the weights. The

algorithm of training the perceptron is shown below [33].

While there is input-output to classify do
Select one pair of input and output (x,,, y,)
Compute the output of perceptron z = f(xq * wy + X, * Wy + ==+ + X, * Wy,)
If z<0 and y,, > 0 then
Wiy1 = Wi + Xy
Else if z> 0 and y,, < 0 then
Wit1 = W — Xy
Else
No adjustment
End if
End while

The weak point of the perceptron is that it is not applicable to all problems. When the output data

could not be divided into two classes, the perception cannot be used as classifier. The issue could
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be addressed by adding layers of neuron to the network. Although the multilayered network (see

Fig. 2.8) is capable of solving wide range of problems, weight modification is so costly.

Layer 1 Layer 2 Layer 3

Fig. 2.8. A three-layer feed forward NN [34]

ANN could be categorized according to its learning algorithm. Learning algorithms are divided
into supervised and unsupervised methods. Supervised learning, which is known as learning with
a teacher, is used when the network knows the desired output. Unsupervised learning takes place
when the desired output is not provided and the network tries to perform well according to
internal monitoring. The ANN learns how to minimize the error (the difference between desired
output and actual output) by fixing the network parameters and test the model again. When the
error is less than a predefined value, then the network stops training, in other words, it converges

to a solution.
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In this thesis, the focus is set on supervised learning methods. One of the most popular supervised
learning algorithms is back propagating. First, small random values are chosen for weights. Then
BP algorithm follows four steps [35]:

1. Feed forward computing

2. Back propagating to the hidden layer

3. Back propagating to the input layer

4. Weight updates
Four steps repeat until the algorithm reaches the stopping criteria. Maximum number of iteration
or accepted value of error could be considered stopping criteria. Since the aim is minimizing the
gradient, which is the rate of change of error in respect to input, this method is also called
learning as gradient descent. In addition to learning algorithm, types of transfer function

including step function, linear, logistic and Gaussian could categorize the structure of ANN.

2.5. Methods to Classify ECG Signals into Different Disease Categories

Since ECG is a non-invasive tool to diagnose heart diseases, techniques which can read and
classify ECG signals into different categories of heart diseases are of high interest. Researchers
have applied wide range of linear and nonlinear methods for ECG classification. Beside signal
processing methods such as spectral analysis [36] and wavelet analysis [37][38][39], machine
learning techniques have been used increasingly in recent years. Principal Component Analysis
(PCA) [40], Support Vector Machine (SVM) [41], Artificial Neural Network (ANN)
[42][10][43], Fuzzy Neural Network [44][45][46][47][48][49] as well as hybrid combinations of

these methods [50][51][52] have been proposed and used in this area. Within the scope of this
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thesis, we focus on works related to fractal analysis, regression analysis and neural network or
combinations of the three methods.

In [53], Imtiaz et al. present a fractal approach to diagnose three types of heart diseases called
Atrial Premature Beat (APB), Left Bundle Branch Block (LBBB) and Premature Ventricular
Contraction (PVC) from ECG signals. Fractal dimension is extracted from each ECG signal and
it is reported that each disease is correlated with a specific range of fractal dimension. Mishra
and Raghav [54] propose nearest neighbor algorithm based on fractal dimension of ECG signals
to classify arrhythmias. They explain that the model works well even when it has been tested
with data that the model has not been trained by them. In [55], the fractal dimension of ECG
signal in OSAS (Obstructive Sleep Apnea Syndrome) patients has been studied. It is reported
that normal breathing epochs can be discriminated from abnormal ones with fractal dimension.
They used Higuchi Algorithm [56] to calculate the fractal dimension.

Regression analysis determines the correlation between independent and dependent variables. It
also shows the accuracy of predicting the dependant variable. In this regard, this statistical
analysis is wildly used in different fields especially physiology. Li et al. [57] discuss the relation
between calcium intake and calcium supplementation with myocardial infraction and stroke risk,
and overall cardiovascular morality. They conclude that according to multivariate cox regression
model, calcium intake might not have a significant effect on cardiovascular morality. However,
calcium supplement might do. Multivariate linear and binary logistic regression are used to see
how the marine omega-3 fatty acid affect telomere length in patients with coronary heart
diseases [58].

Neural network computation is a machine learning technique which has been used in a wide

range of medical applications mainly due to its ability to predict the dependant variable. Many
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researchers show that a neural network could be fed with ECG parameters to classify different
cardiac diseases. For instance, a three-layer multi input, single output fuzzy system is proposed
by [47] which is fed by P wave morphology parameters such as duration, inflection point,
energy and amplitude. They report that the model provides 60% accuracy in term of
classification. As reported in [46], Other researchers also built a fuzzy neural network to classify
four types of heart diseases. This model classifies 85% of test data correctly. Inputs of this
network include mean of ECG, energy content in two frequency ranges and correlation
dimension factor. Even clustering heart diseases are suggested with fuzzy c-mean clustering and
neural network in [44], where the model clusters ten heart diseases in order to investigate early
diagnosis.

Furthermore, some articles discuss the combination of neural network, statistical analysis and
fractal analysis. For instance, Mohammadzadeh Asl and Setarehdan proposed a combination of
spectral analysis, time domain analysis and nonlinear parameters of fractal analysis along with
neural network on Heart Rate Variability (HRV) signal [43]. They reported 99.38% accuracy.
Anuradha and Reddy have also done a similar research to classify eight types of heart diseases
with a MLP neural network [10]. They used a hybrid approach using spectral entropy, Poincare
plot geometry, largest Lyapunov exponent and DFA. Giiler and Ubeyli used cascading neural

networks from ECG parameters [45], and reported an increased accuracy of 96.94%.
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CHAPTER 3

3. Proposed Methodology

Our proposed approach includes a 3-step process, whereby the ECG signal is analyzed and
attributes of the signal is extracted, then, clinical description of patients and signal attributes are
used to predict the occurrence of a specific type of heart disease. In terms of the required data,
we have used the Physionet database [59], and have performed preprocessing to make the data
ready for analysis.

In phase one, we extract useful fractal parameters from ECG signals. In phase two, the
correlation between fractal parameters, patient clinical descriptions and ischemia is being
discovered using regression analysis. In phase three, when the best predictors are selected, a
neural network is trained using the selected input/output whereby the number of ischemia

episodes in ECG signals can be predicted. Figure 3.1 shows the proposed framework.
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Fig. 3.1. Research framework

The remainder of this chapter goes through data acquisition, preprocessing tasks and phases 1 to

3.

3.1. Data Acquisition

Our proposed approach includes data driven algorithm and we have used the data provided by
Physionet. Physionet is a widely used source of biomedical signals and related data which has
been cited in over 15,000 papers and patents since 2000. “PhysioBank currently includes
databases of multi-parameter cardiopulmonary, neural, and other biomedical signals from
healthy subjects and patients with a variety of conditions with major public health implications,
including sudden cardiac death, congestive heart failure, epilepsy, gait disorders, sleep apnea,

and aging” [59]. For the purpose of our experiments, the long-term ST database, [60], is chosen
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because of its key features including existence of complete clinical description of each record as
well as patients’” ECG recordings. The goal of data collection in this data set is detecting ST
segment changes due to myocardial ischemia in ECG signals. Two and three lead (channel)
ECG signals have been collected from 86 patients in Europe and the USA. Each ECG signal is
recorded for 60 seconds with the frequency of 250 Hz. Therefore, there are 15,000 data points in
each signal. Among all possible leads, those that are more likely to show the myocardial
ischemia are chosen and the occurrence of this heart disease is identified by a human expert. A
detailed clinical description is attached to each record to provide patient specifications such as
age, gender, heartbeat, history of smoking and etc. Methods of data collection, detecting
ischemia on ECG signal and filtering the signal is described in details in [60] . The advantages
of the Physionet data set include access to long-term ECG recordings, and patient specification
(both healthy and unhealthy records) with noisy beats removed. ECG signals are recorded by
Holter monitor which is a common clinical device to record the electrical activity of heart.
Inputs of the data set are:
* Gender, binary attribute, 0/1 for Female/Male
* Age, numeric attribute
* Balloon angioplasty: a procedure that widens a narrow or obstructed blood vessel using a
balloon catheter, binary attribute, 1/0 for Yes/No
* Coronary artery bypass grafting: type of surgery that ablood vessel is removed or
redirected from one area of the body and placed around the area or areas of narrowing to
"bypass" the blockages and restore blood flow to the heart muscle, binary attribute, 1/0

for Yes/No

* Smoking: having the history of smoking or not, binary attribute, 1/0 for Yes/No
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Hypertension: high blood pressure, binary attribute, 1/0 for Yes/No

Left ventricular hypertrophy: enlargement and thickening of the walls of heart's main
pumping chamber (left ventricle), binary attribute, 1/0 for Yes/No

Cardiomyopathy: type of heart disease that heart muscle becomes enlarged, thick, or
rigid, binary attribute, 1/0 for Yes/No

Valve disease: situation when any of four heart valves does not work properly, binary
attribute, 1/0 for Yes/No

Electrolyte abnormalities: minerals in the blood, binary attribute, 1/0 for Yes/No
Hypercapnia/Anemia/Hypotension/Hyperventilation: excessive carbon dioxide in the
bloodstream/a condition marked by a deficiency of red blood cells or of hemoglobin in
the blood/abnormally low blood pressure/over breathing, binary attribute, 1/0 for Yes/No
Atrioventricular nodal conduction delay: abnormality in electrical conduction of
atrioventricular node of heart, binary attribute, 1/0 for Yes/No

Intraventricular conduction block: block in conduction system of the heart, binary
attribute, 1/0 for Yes/No

Previous myocardial infarction: heart attack, binary attribute, 1/0 for Yes/No

Fractal Hurst exponent, numeric attribute

Fractal intercept, numeric attribute

Mean of ECG, numeric attribute

Heartbeat, numeric attribute

and the output is

The number of ischemia episodes in ECG recording, numeric attribute.
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3.2. Data Preprocessing

Real world data is often inconsistent, noisy and incomplete. Analyzing such data can produce
misleading result. Therefore, before applying any method on raw data, some preprocessing
techniques may be performed. Preprocessing tasks consist of replacing missing values, data
reduction, normalization, standardization, etc. In our data set, some attributes are missing for
some records. For instance, some patients did not have a complete clinical history or patients’
age information was not provided (see Fig. 3.2), and therefore, an approach should be used to
replace them. In terms of variables, 14 out of 20 attributes have some missing values. In terms of
records, information of 67 out of 86 patients is not complete and regarding values, 249 out of
1720 data cells contains missing values.

[l Complete Data
M Incomplete Data

Variables Cases Values

Fig. 3.2. Missing values in the long ST data set

In our work, multiple imputation method [61] is used in order to fill in the missing data with
plausible values according to the pattern of the data. Multiple imputation method looks at the

pattern of data and based on probability judgment, finds the best match and replaces missing
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values. Replacement is done repeatedly in order to find the best fit, and the modified data set is
referred to as the imputed data set. We have used IBM SPSS Statistics version 22 that supports
multiple imputation methods. Six records have been deleted due to lack of sufficient data, and
missing values of the rest of data set have been replaced by multiple imputation method. After
all modifications, Table 3.1 summarises the clinical characteristics of the study. After

preprocessing stage, the data is ready to analyze using different methods.

Table 3.1. Data set subjects characteristics

Female 37.5%
Gender
Male 62.5%
Age Mean (SD) 61.3 (15.27)
ECG Signal Mean (SD) 0.0016 (0.115)

3.3. Multifractal Detrended Fluctuation Analysis

We use MultiFractal Detrended Fluctuation Analysis (MFDFA) to extract useful fractal
parameters from the ECG signals. In chapter 2, we provided background information about two
MFDFA methods. The first method is chosen in this study because of two important potential
findings. First, the result shows whether the signal is multifractal, and second, fractal parameters
such as fractal Hurst exponent and fractal intercept could be extracted by the first method faster
than the second method. Although the procedure is explained in Section 2.2.2., here is a brief

description with mathematical details.
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At the beginning, ECG time series (ECG (i),i = 1,2, ..., N) is noise like and it should be changed
to random walk time series before applying DFA [62]. This can be achieved by subtracting the

mean of the signal from each data point (see (3.1)) and computing the cumulative signal (see

(3.2)):
1 N
ECG entereq(i) = ECG(i) — N ZECG(]') i=12,..,N (3.1)
=1
J
ECGom() = Z ECGcenterea (l) j=12,..,N (3.2)
i=1

Figures 3.3 and 3.4 show an original ECG signal and ECG,,y, .
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Fig. 3.3. Original ECG signal
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Fig. 3.4. Centered and cumulative ECG signal

Now that ECG,,,, with zero mean is obtained, the signal should be divided into equal, non-
overlapping segments and within each segment local trend is estimated. Therefore, piecewise
local trending ECG is estimated (ECG;(n,i),i=1,..,N)). The root mean squared
difference between estimated trend and cumulative signal is calculated (RMS or F(n)) which

shows the average local fluctuations for each block of size n (see (3.3)).

1 N
F) = |G2) ) [ECGeum() = ECG pe (1 )2 (3.3)
j=1

Figure 3.5 depicts the trend and F(n) for two segments of ECG signal. The red dashed line

shows the fitted trend and the distance between the red solid line and dashed line is RMS on
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F(n). In this figure, linear, quadratic and cubic trend are measured. It is noted that the bigger the

trend order is, the more accurate F (n) will be. However, adding trend order leads to complexity.

Linear detrending (m=1)

n
o

o

A
o

Amplitude (measurement units)
n
o

I L L L I 3 L L 1 1
1000 1200 1400 1600 1800 2000 2200 2400 2600 2800
time (sample number)

Fig. 3.5. Fitted trend (dashed line) and F(n) for two segments of ECG with different trend orders

Detrending and calculation of F(n) are repeated with different segment size. In our work, using
trial and error method, values of segment size, minimum and maximum values for the scale are
selected. The size of segments is changed 19 times. The minimum scale size is 16 and the
maximum scale size is 1024, that is, F(n) is observed for different scales. However, only linear
trend (m=1) is reflected in this thesis in order to reduce the time of calculation. If there is a
power law relation between F(n) and size of blocks (n), in the form of (3.4), a and log (y) are
called Fractal Hurst exponent and fractal intercept, respectively.

F(n) = y.n% (3.4)
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If a regression line is drawn for points (n, F(n)) in log coordinates. The slope of the line is
Hurst exponent (see Fig. 3.6). Hurst exponent determines whether or not the ECG signal is long
term correlated. In Fig. 3.6, green, red and blue dots correspond to white, monofractal and
multifractal time series. It is seen that dots of white and monofractal time series are almost close
to the regression line. However, in multifractal time series dots could not follow the regression
line very tightly. It means that the time series is described by more than one single Hurst

exponent (slope) in multifractal time series.

32r
® Monofractal time series
© White noise
16k ® Multifractal time series
Slope H=0.77
= Slope H=0.72 ‘

Slope H=0.45

F(n)

i i R
16 32 64 128 256 512 1024
Scale (segment sample size)

Fig. 3.6. Log(F(n)) versus Log(scale) [16]

What we have done up to this point is DFA. However, multifractal time series like ECG are not

normally distributed. In order to differentiate between small and large fluctuations in a block,
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order statistical moment (q) is considered and F,(q) is calculated based on ¢ order [63] (see
(3.5)). Note that when g = 2, (3.3) and (3.5) are equivalent.

1% 1
F@ = {5 ) (FCGom() = ECG pure(n, D)2} (35)
=1

In our work, a vector of ¢ = [—3,0, 3] is applied to compute F,(n). Negative g orders amplify
small fluctuations and positive q orders amplify large fluctuations. F,(n) is calculated for three
q orders and is plotted versus the scale in log coordinates. Since three regression lines of log-log
graph are almost parallel for g orders of -3, 0 and 3 (see Fig. 3.7), only fractal parameters
(Fractal Hurst exponent and Fractal intercept) based on g = 0 analysis are extracted from ECG

signals and will be reported in the remainder of this thesis.

-2
-3
= -4
=
iy e =3
2 5 e q=0
e =3
q=3
q=0
5 43

1 1

-8 1 1 1 1
16 32 64 128 256 512 1024
Scale (segment sample size)

Fig. 3.7. F(n) versus scale in log coordinates for different q orders
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In next section, we explain how the extracted parameters from this method are related to the

output and whether these two parameters are good predictors or not.

3.4. Regression Analysis

In this Section, we try different statistical methods to explore how ECG DFA parameters and
other clinical details affect the number of ischemia occurrence in patients. In other word, the
correlation among the independent variables and also between independent variables and the
output are computed. Two correlation coefficients have been used to discover the relation
between two variables. Pearson correlation coefficient ((3.6)) shows the relations between
variable x and y.

_ Cov(xy)
5= 5@ 0

where o is standard deviation and Cov is the covariance of x and y. This coefficient is
meaningful when there is a linear relation between variables. The value of P is equal 1 when x
and y have strong positive correlation and P is -1 when they have strong negative correlation.

The next coefficient, which has been used, is Spearman’s rank order correlation or Spearman’s

rho ((3.6)).

Y d;’

- T=D (3.6)

p:

where d; is the difference between ranks x; andy; , and » is the number of samples. This
coefficient is less sensitive to outliers and shows the correlation in monotonic relation. In next

chapter a matrix of Spearman’s and Pearson coefficient between all variables will be reported
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and interpreted. In addition, binary logistic and multivariate linear regressions are used to further
explore adjusted and unadjusted relationships and the degree which ECG DFA parameters and
patients specifications predict number of ischemia. Four different subsets of input variables
including fractal parameters and clinical descriptions of patients are analyzed using these two
regression methods. Based on the result of this section, the best subset of inputs is chosen to

build a neural network.

3.5. Artificial Neural Networks

The best possible combination of input variables is determined in previous section. In addition
to statistical analysis to predict the ischemia in ECG signals, a machine learning technique is
applied to predict the outcome. In this section we attempt to train an ANN to predict the
dependent variable (ischemia) given the independent variables. The inputs of the ANN are:
gender, age, balloon angioplasty, coronary artery bypass grafting, smoker, hypertension, left
ventricular hypertrophy, cardiomyopathy, valve disease, atrioventricular nodal conduction delay,
intraventricular conduction block, previous myocardial infarction, fractal Hurst exponent, fractal
intercept, mean ECG, heartbeat. Thus, the input of the model is the mixture of patients clinical
details and fractal parameters extracted from ECG signal (Section 3.3.). All these inputs are
selected based on the results of statistical analysis and then fed into an ANN, which is built with
IBM SPSS Statistics version 22, to predict the number of ischemia episodes that occur during
the ECG recording. The ischemia occurrence varies from 0 in healthy cases to 63 in patients of

this data set.
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All possible choices of ANN structure including number of hidden layer, type of activation
function, percentage of training and testing data are achieved from trial and error method in
order to find the best model that could minimize error in the ANN.

The structure of neural network is chosen to be Multi-Layer Perceptron (MLP). This feed
forward supervised learning method is robust and able to solve complex problems efficiently.
MLP uses nonlinear activation functions. After trying different activation function, the best
result is obtained with hyperbolic tangent as activation function of hidden layers and sigmoid as
transfer function of output layer. Testing different numbers of hidden layers with various
numbers of units, the best model is yielded from two hidden layers with 25 units in the first
hidden layer and 25 units in the second one.

Among 80 instances of the data set, 59 records (73.8%) are used as train set and 21 records
(26.2%) are used as test set. In order to reduce the likelihood of the local minima problem and to
increase the speed of training, we have tried standardization and normalization. Input and output
variables have been standardized (subtract the mean and divided by the standard deviation (x —
mean)/SD) and normalized (subtract the minimum and divided by the range (x — min)/
(max — min)) respectively. These actions led to better performance of ANN.

Finally, training termination criteria of the network is set to 15 consecutive steps with no
decrease in error, and the network will be validated with relative error, sum of squared error for
training and testing data and regression of predicted versus actual values. The result of the

model will be reported in the next chapter.
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CHAPTER 4

4. Discussion of Results

In this chapter, we discuss the results of our proposed approach where fractal analysis is first
used to study the predictability of ECG signals. Statistical analysis is then employed to find the
best model for prediction the ischemia from ECG signals. Finally, we augment the prediction
model by a neural network based machine learning technique to investigate how the prediction

error will change.

4.1. Results of Fractal Analysis

The ECG signals from 80 patients have been analyzed by MFDFA to demonstrate that ECG
signals contain positive and long-term correlation with a fair multifractal signature.
Additionally, DFA parameters such as fractal Hurst exponent and fractal intercept have been
extracted. Since it is impractical to include the plots for all the records of the data set, one
record, s20511, has been selected and all figures have been explained based on that record. As
described in Section 3.3, MFDFA calculates Hurst exponent for different g orders so that both

small and large fluctuations are considered. Fig. 4.1 shows the fluctuation versus scale.
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Fig. 4.1. Log-log plot of record s20511- Fractal Hurst exponent for different q orders

In this figure, three different Hurst exponents (H,) according to various g-orders have been
computed and specified at the top right hand corner of the figure. It has been observed that
regression lines of different g-orders are almost parallel. The figure shows that points are closer
to the regression line in large fluctuations (q = 3) compared to small fluctuations (q = —3).
Hurst exponent is a common output of MFDFA. However, we extract more attributes from ECG
signals to make the prediction model more accurate. In next section, results of statistical analysis
show whether these parameters are good predictors. H,(0) = 0.9878, Fractal intercept (-5.4263
in this case) and mean of the time series (0.423 in this case) have been stored in the data set as
three parameters that represent the ECG signals. These three parameters are extracted from

patient’s ECG recording and the values are summarized in Table 4.1.
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Table 4.1. Mean, standard deviation, minimum and maximum value of Fractal Hurst exponent, Fractal intercept and

mean of ECG
Fractal Hurst Exponent Fractal Intercept Mean of ECG
Mean (SD) 1.055 (0.167) -6.6906 (1.473) 0.001 (0.115)
Minimum 0.5744 -10.686 -0.625
Maximum 1.5838 -2.673 0.423

The value of Hurst exponent determines whether the time series has long range dependent
structure. As mentioned in Section 2.1.4, if Hurst exponent is in the range of 0 to 0.5, the time
series is anti-correlated. And if it falls in the interval of 0.5 to 1, then the time series is long-term
correlated. It is concluded from the values of Hurst exponent in Table 4.1 that ECG signal has
long-term correlation and since the signal could be described by different Hurst exponents, ECG
signal is multifractal. Based on observed exponent with mean 1.055 (SD = 0.167) for the group
of patients in the data set, ECG signal is persistent, long-term correlated which means that large
values in the time series are more likely to be followed by large values and vice versa.

Another outcome of MFDFA is multifractal spectrum plot that can be used to differentiate
between monofractal and multifractal time series. In addition, according to the shape and width
of this plot different scale invariant structures could be classified. In order to generate this plot,
the Hurst exponent of g order (H,) is converted to mass exponent (t,) (4.1),

tqg =qH; — 1 4.1)

And mass exponent to singularity exponent (4.2),

d(tq)
h, = 4.2
And singularity exponent to singularity dimension (4.3),
D, =qhy — t, (4.2)
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If D, versus h, is plotted, it is called multifractal spectrum plot [63]. Fig. 4.2 shows this plot for

s20511.
1r QoOOO.OO o datad
= e Da(-3)=0.33576
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Fig. 4.2. Multifractal spectrum of s20511

This figure shows that the multifractal spectrum width (the difference between maximum and
minimum /) is 0.812 and it has a long right tail which indicates the signals is more sensitive to
the large local fluctuations. The same procedure has been applied for each records of the data
set. And all the records denote a fair bell shape multifractal spectrum. To realize whether these
extracted fractal parameters are efficient predictors of ischemia, result of statistical analysis is

reported in next section.
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4.2. Results of Regression Analysis

4.2.1. Unadjusted Relationship of DFA Parameters with Patient Clinical

Characteristics and Ischemia

To explore the relation between the input and output variables with DFA parameters, two
correlation coefficients, Pearson and Spearman’s, have been applied. The values are reported in
Tables 4.2 and Appendix A. The degree of significance in correlations is specified with star. For
instance, two stars next to a value means that the value is statistically significant. The table
shows unadjusted relationship, since the effect of other parameters is not taken into
consideration during the calculation of correlation between two variables. Some important
results from the Table 4.2 are interpreted here. The two DFA parameters have a significant
inverse correlation with each other (Spearman’s rho = —0.864, significant 2 — tailed p <
0.001). According to Spearman’s table (Table 4.2), there is a statistically significant relationship
between fractal intercept and ischemia (Spearman’srho = 0.287,p = 0.01), fractal Hurst
exponent and ischemia (Spearman’s rho = 0.253, p = 0.023). Therefore, it is concluded that
these two parameters could be good predictors of ischemia. In addition, both DFA parameters
are strongly linked with heartbeat (fractal intercept: Spearman's rho = 0.336, p = 0.002,
Hurst exponent: Spearman’s rho = —0.281, p = 0.012) and previous myocardial infarction
(fractal intercept: Spearman’s rho = —0.220, p = 0.050, Hurst exponent Spearman's rho =
0.246, p = 0.028). However, the result shows that neither of these parameters is related to age

and gender.
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Table 4.2. Spearman’s rho correlation coefficient between all variables of the data set
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Two variables, Electrolyte abnormality and hypercapnia/anemia/hypotension/hyperventilation,
are constant in the data set. Therefore, no correlation is calculated and will be removed in next

steps.

4.2.2. Adjusted and Unadjusted Relationships to Output Variable: Ischemia - Binary

Logistic Regression

Binary logistic regression is used to further explore the degree to which the DFA parameters
predict the number of ischemia episodes in ECG signal. Table 4.3 depicts the adjusted and
unadjusted Odd Ratios for ischemia based on ECG DFA parameters. The odd ratio for an
independent variable in logistic regression represents how the odds change with one unit
increase in that variable. In an unadjusted model, all other variables are holding constant. For
instance, one unit increase in fractal Hurst exponent increases the odds of having ischemia by a
factor of 22.221. However, in the adjusted model, other variables are considered in order to
study their impacts. By doing so the fractal Hurst exponent increases the odd of having ischemia

by a factor of 0.788 when all variables are added to the model.

Table 4.3. Odd ratio with 95% confidence interval for ischemia

Odd Ratio Statistical Significance
No Covariates
Fractal Intercept 0.670 0.025
Fractal Hurst Exponent 22.221 0.048
All Covariates
Fractal Intercept 0.905 0.982
Fractal Hurst Exponent 0.788 0.643
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When the model is fed with the specification of the patients, a small increase in the odd ratio of
fractal intercept can be observed but the statistical significance or p-value is slightly less than
unadjusted model. The pattern for fractal Hurst exponent is opposite. When all covariates are
taken into consideration, the odd ratio drops dramatically.

Among other adjusted odd ratios presented in Table 4.4, mean of ECG has a considerable odd
ratio (odd ratio = 89.712, p-value=0.275), it shows that one unit increase in mean of ECG
increases the odds of having ischemia by a factor of 89.712. Therefore, high ECG value can
represent a serious alarm for patients and doctors. Also, left ventricular hypertrophy and
intraventricular nodal conduction delay, and previous myocardial infarction can be noticeable

and considered as alarm of ischemia in patients.

Table 4.4. Odd ratios of variables with 95% confidence interval for ischemia

Independent Variable Odd Ratio Statistical Significance
Gender 0.329 0.025
Age 0.952 0.175
Balloon Angioplasty 1.073 0.938
Coronary Artery Bypass Grafting 0.205 0.103
Smoker 0.368 0.467
Hypertension 1.788 0.565
Left Ventricular Hypertrophy 3.612 0.188
Cardiomyopathy 0.025 0.41
Valve Disease 0.168 0.391
Atrioventricular Nodal Conduction Delay 0.001 0.031
Intraventricular Conduction Block 4.676 0.226
Previous Myocardial Infarction 2.458 0.295
Fractal Hurst Exponent 0.905 0.982
Fractal Intercept 0.788 0.643
Mean of ECG 89.712 0.275
Heart Beat 0.736 0.001
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Tables 4.5, 4.6 and 4.7 demonstrate confusion matrices of binary logistic regression when fractal
intercept, Fractal Hurst exponent and all variables are considered in the model. These include
gender, age, balloon angioplasty, coronary artery bypass grafting, smoker, hypertension, left
ventricular hypertrophy, cardiomyopathy, valve disease, atrioventricular nodal conduction delay,
intraventricular conduction block, previous myocardial infarction, fractal Hurst exponent, fractal

Intercept, mean of ECG, and heartbeat.

Table 4.5. Confusion matrix to predict ischemia with fractal intercept

Observed Predicted
Ischemia Percentage Correct
Ischemia 0 (No) 1 (Yes)
0 (No) 5 22 18.5
1 (Yes) 5 48 90.6
Overall Percentage 66.3

Table 4.6. Confusion matrix to predict ischemia with fractal Hurst exponent

Observed Predicted
Ischemia Percentage Correct
Ischemia 0 (No) 1 (Yes)
0 (No) 3 24 11.1
1 (Yes) 5 48 90.6
Overall Percentage 63.7

Table 4.7. Confusion matrix to predict ischemia with all input parameters

Observed Predicted
Ischemia Percentage Correct
Ischemia 0 (No) 1 (Yes)
0 (No) 18 9 66.7
1 (Yes) 3 50 94.3
Overall Percentage 85.0
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Binary logistic regression shows that the model has an accuracy of 85% when all input variables
together with DFA parameters are considered. This accuracy is 21.3% more than the model with
only fractal Hurst exponent and it is 18.7% more accurate than the prediction model with fractal

intercept.

4.2.3. Adjusted and Unadjusted Relationships to Qutput Variable: Ischemia -

Multivariate Linear Regression

Four models are obtained from different subsets of independent variables. They are summarized

in Table 4.8.
Table 4.8. Four models to predict the number of ischemia
Model Predictors
l Fractal Hurst Exponent + Fractal Intercept
I Fractal Hurst Exponent + Fractal Intercept + Mean of ECG
1l Patient Characteristics
v Fractal Hurst Exponent + Fractal Intercept + Mean of ECG + Patient Characteristics

Results of four models are discussed in this section using multivariate linear regression. Table
4.9 summarizes quantitative information about the predictive relationship between independent

variables and the number of ischemia episodes in ECG recording.
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Table 4.9. Models summary

Std. Predicted Value Std. Residual

Model R R-Squared
Minimum | Maximum Mean Minimum | Maximum Mean
| 0.157 0.025 -2.361 3.015 <0.0001 -0.972 3.561 <0.0001
1l 0.161 0.026 -2.356 2.950 <0.0001 -0.974 3.541 <0.0001
1} 0.373 0.139 -2.636 2.691 <0.0001 -1.490 3.112 <0.0001
v 0.466 0.217 -3.304 2.523 <0.0001 -1.315 3.012 <0.0001

DFA parameters (model 1) explain about 2% of outcome variance. Adding mean of ECG to the
simple model that already includes DFA parameters does not significantly improve the model
(Model 1II, R square = 0.026). Patient characteristics including gender, age, balloon
angioplasty, coronary artery bypass grafting, smoker, hypertension, left ventricular hypertrophy,
cardiomyopathy, valve disease, atrioventricular nodal conduction delay, intraventricular
conduction block and previous myocardial infarction explain about 14% of the outcome
covariance (model IIT).

Adding DFA parameters and mean of ECG to model III improves the model IV about 7%
(R square = 0.217). Thus, 22% of variation in outcome (ischemia) is accounted for by
combination of all parameters. Since model IV is the best one to predict the ischemia,
coefficients, collinearity and regression standardized residual of this model will be reported as
below. The coefficients (Table 4.10) illustrate how much the numbers of ischemia increases
when one independent variable increases with one unit. For instance, if heart beat increases with
one unit, number of ischemia decreases by a factor of 0.324. Heart beat is statistically significant

predictor of ischemia (significance = 0.025).
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Table 4.10. Coefficients of independent variables of model IV

Coefficient
Independent Variables of Model IV Std.
Coefficient Sig.

Gender -0.140 0.339
Age -0.256 0.152
Balloon Angioplasty 0.051 0.737
Coronary Artery Bypass Grafting 0.109 0.452
Smoker 0.024 0.850
Hypertension -0.002 0.993
Left Ventricular Hypertrophy -0.126 0.365
Cardiomyopathy 0.091 0.607
Valve Disease -0.103 0.451
Atrioventricular Nodal Conduction Delay 0.004 0.981
Intraventricular Conduction Block -0.097 0.557
Previous Myocardial Infarction 0.055 0.663
Heart Beat -0.324 0.025
Fractal Hurst Exponent -0.154 0.535
Fractal Intercept -0.163 0.520
Mean of ECG 0.017 0.893

Another approach to illustrate the performance of the multivariate linear regression is the
standardized error of the regression which shows the average distance of the data points from the
regression line in dependent variable unit. In model IV, the standardized error of the estimation
is 14.831, that is, that the data points deviate 14.831 units from the regression line of the model.
Frequency of the regression standardized residual of model IV is presented in Fig. 4.3. It is seen

that most of errors fall in interval of [-1, 0].
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Fig. 4.3. Frequency of standardized residual of model IV; Mean=-5.66E-16; Std. Dev=0.893

In order to make sure that there is not a strong relationship between input variables, in this
section collinearity of variables is also reported. Variance Inflation Factor (VIF) and tolerance of
all input variables in model IV are depicted in Table 4.11. As the VIF for all variables is less

than 5 (except fractal intercept; VIF = 5.092), no problem is seen regarding multicollinearity.
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Table 4.11. Collinearity statistics for independent variables of model IV

Collinearity
Model IV
Tolerance VIF

Gender 0.589 1.698
Age 0.398 2.514
Balloon Angioplasty 0.546 1.831
Coronary Artery Bypass Grafting 0.596 1.679
Smoker 0.777 1.287
Hypertension 0.383 2.611
Left Ventricular Hypertrophy 0.567 1.523
Cardiomyopathy 0.404 2.478
Valve Disease 0.669 1.494
Atrioventricular Nodal Conduction Delay 0.547 1.827
Intraventricular Conduction Block 0.460 2.174
Previous Myocardial Infarction 0.787 1.271
Heart Beat 0.629 1.589
Fractal Hurst Exponent 0.204 4.899
Fractal Intercept 0.196 5.092
Mean of ECG 0.753 1.328

Studying tables and figures in this section, it is concluded that having patient clinical description
as well as DFA parameters is the best subset of variables that explain the variance in number of
ischemia by statistical analysis. It is encouraged to study next section to know whether or not

machine learning techniques approve the prediction model of regression analysis in this case.

4.3 Results of Neural Network

Although regression analysis is able to predict ischemia in ECG signals, the result of a machine
learning technique such as neural network is reported to make a comparison and find the best
model. Similar to section 4.2.3., four different subsets of independent variable, which are

explained in detail in Table 4.8, are considered for the input of the neural network. In Table
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4.12, coefficient of determination of each model is reported. It is worth mentioning that this
table represents the best possible R-squared that could be resulted from the model. Although the
transfer function of two hidden layers is hyperbolic tangent in all four models and the activation
function of the output layer is sigmoid, we modify numbers of units and stopping criteria to get

the best R-squared.

Table 4.12. Coefficient of determination of four models, obtained by NN

Model | R-Squared

| 0.086
1 0.184
1 0.633
v 0.90

According to Table 4.12, the best model is model IV (R Square = 0.9) which all input
variables are fed into a neural network. This confirms the result from binary logistic and
multivariate linear regression analysis that the last proposed model could predict better than
others. Compared to models of multivariate linear regression, R-squared has been improved
significantly by NN in all four models. In model I of neural network, fractal parameters explain
8% of the variance in outcome. However, in multivariate regression these two parameters
explain about 2% of the variance in outcome. Therefore, in model I, R-squared improves by a
factor of 2.44. This improvement is observed in all models, R-squared improves by a factor of
6.07 in model II, by a factor of 3.55 in model III, and by a factor of 3.15 in model IV. This
confirms that neural network is capable of solving complex problems better than binary logistic

and multivariate linear regression.
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Since the best result is obtained by model IV, the result of neural network of this model is

described in detail in the remainder of this section. The summary of the neural network is

presented in Table 4.13.

Table 4.13. Neural network properties

Input Layer

Covariates

Gender

Age

Balloon Angioplasty

Coronary Artery Bypass
grafting

Smoking

Hypertension

Left Ventricular
Hypertrophy

Cardiomyopathy

Valve Disease

Atrioventricular Nodal
Conduction Delay

Intraventricular
Conduction Block

Previous Myocardial
Infarction

Heart Beat

Fractal Hurst Exponent

Fractal Intercept

Mean of ECG
Number of Units 16
Rescaling Method for Covariates Standardized
Number of Hidden Layers 2
. Number of Units in Hidden Layer 1 25
Hidden Layer ——
Number of Units in Hidden Layer 2 25

Activation Function

Hyperbolic Tangent

Output Layer

Dependant Variable Ischemia
Number of units 1
Rescaling Method for Scale Normalized

Dependants
Activation Function Sigmoid

Error Function

Sum of Squares
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The network is evaluated based on sum of squares (see (4.1), (4.2)), relative error (see (4.3)) and
coefficient of determination (R-squared). The relative error is the ratio of sum of squares error
for the dependent variable to the sum of squares error for the null model (the mean value of the

dependent variable is used as the predicted value for each case).

M
Er(w)= ) Ep(w) @.1)
m=1
1 R
En(w) = 5 ) X = apiy? (42)
r=1
a0y = 97

Relative Error = 4.3)

M_ ™~ 3,2

where yr(m) is target vector for layer r, pattern m, aj. is unit j of layer r, pattern m and yr(m) is

the predicted value and 7r(m) is the mean value. The result of the model is depicted in Table

4.14.

Table 4.14. Result of neural network for model IV

Sum of Squares Error 0.012
Relative Error 0.007
_ 15 consecutive
Training . -
Stopping Rule Used steps with no
decrease in error
Training Time 0:00:00.02
. Sum of Squares Error 0.249
Testing -
Relative Error 0.367

Predicted values of ischemia are plotted versus the actual value in Fig. 4.4. Coefficient of

determination is calculated for the linear regression line and illustrated in Fig. 4.5.
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Fig. 4.5. Regression of actual values of ischemia and predicted values
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Table 4.14 summarizes the sum of square errors and relative errors for training and testing data
of the neural network. Relative error of 0.367 for testing data shows that sum of square error of
this model is 2.72 times better than the null model (the model that mean value is the only
predictor). Sum of squares error and relative error are increased for testing data. The reason is
that only 21 samples (26.2%) are tested with this network. It is worth mentioning that the limited
number of samples is a common challenge in biomedical data sets. Fig. 4.4 reveals how much
the predicted values are close to the actual value. It is seen that the blue points are very close the
red points or cover them for most cases. Therefore, predicted values are very close to actual
values as some of squares and relative error of the network also prove this fact. In Fig 4.5, the
predicted values by the neural network are plotted against the actual values and R-squared of
linear regression has been computed. R-squared is the ratio of explained variation to total
variation. It indicates the relation between output of the neural network and target. It shows how
close the data is to the fitted line. If the network is perfect when R-squared is 1, the network
output and target would be exactly the same, which is rare in practice. Fig. 4.5 uncovers that R-
squared of the regression line between actual and predicted values is 0.9, which means that 90%
of variation in predicted values are explained by variation in actual values in this model. R-
squared shows how well the regression line approximates the real data points. The dotted line
represents the perfect linear regression between x and y axes. Therefore, the output of this
network is 90% close to the target. It seems that most errors occur when the actual value of
ischemia is between 0 and 10 and it looks like that the network doesn’t work well in this area.
However, since we have more records in this interval, the ratio of not well-predicted values to

well-predicted predicted values is still less than the ratio of other intervals. In other words,
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although some errors are seen in the interval of [0, 10], many points are very close to regression
line and we have considerable well-predicted values as well.

Some similar studies discuss the combination of neural network, statistical analysis and fractal
analysis. All works tried to solve a classification problem with NN. For instance,
Mohammadzadeh Asl and Setarehdan proposed a combination of spectral analysis, time domain
analysis and nonlinear parameters of fractal analysis along with neural network on Heart Rate
Variability (HRV) signal [43]. They reported 99.38% accuracy. However, they don’t consider
the clinical characteristics of patients. Anuradha and Reddy have also done a similar research to
classify eight types of heart diseases with a MLP neural network [10]. They used a hybrid
approach using spectral entropy, Poincare plot geometry, largest Lyapunov exponent and DFA
that resulted in 90.65% accuracy. Giiler and Ubeyl used cascading neural networks from ECG
parameters [45], and reported an increased accuracy of 96.94%. Based on these comparisons and
results in Table 4.14, Fig. 4.4 and 4.5, it is concluded that neural network is adequately capable
of predicting number of ischemia 90% close to the actual value with the mentioned

configuration.
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CHAPTER S

5. Conclusions and Future Work

5.1. Summary and Conclusions

In this research, we proposed and implemented a three-step approach to develop a model to
predict the number of ischemia in ECG signal recordings. The proposed methodology is a
hybrid approach using fractal analysis, statistical analysis and neural network computation to
predict the occurrence of this class of coronary artery disease and heart problems. In the first
step, ECG signals have been analyzed by MFDFA. The analysis result showed that these ECG
signals can be considered as multifractal time series with bell shaped multifractal spectrum. In
other words, the time series contain a self-similar structure and therefore, future status is
predictable. Based on this finding, this study then attempted to predict the number of ischemia
occurrence in ECG recordings. Before applying regression analysis and neural network, data
preprocessing steps including replacement of missing values, and study of the correlations of
independent variables have been performed. Then, statistical analysis and machine learning
techniques have been applied to predict the outcome. Four models formed based on different
subsets of input parameters have been studied with two regression analysis methods. The best
model driven from statistical analysis has been trained with a MLP neural network. Applications
of three methods including binary logistic regression, multivariate linear regression and neural

network have shown that the best model to predict the number of ischemia in ECG recordings
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can be obtained when patient clinical characteristics and DFA parameters are fed into the
predicting model. Results of statistical analysis and machine learning show that the best

prediction model is obtained by MLP neural networks.

5.2. Contributions

Three main contributions of this study are as follows:

1. Patient clinical descriptions have been taken into account as the input of the neural
network. This approach, which has not been considered in the literature, shows a
significant improvement in the accuracy of results.

2. In addition to fractal Hurst exponent as the common parameter to analyze the signals in
other related research, fractal intercept has been extracted in this work from fractal
analysis due to its strong correlation with the output.

3. In order to build a more efficient model, statistical analysis has been performed to study
the effect of each input on ischemia. A combination of machine learning and statistical
analysis on ECG signals has not been found in literature.

In summary, the proposed model can successfully be implemented to eliminate the need for a
specialist, to diagnose and predict ischemia episodes, and to reduce the human error in ECG
reading. Since medical science students need to gain knowledge to read ECG signal in order to
diagnose ischemia episodes, this project, which is capable of predicting the number of ischemia
in ECG recordings, can be used as an education tool in this field. The accuracy of the model has

been improved by the combination of aforementioned methodologies.
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5.3. Suggested Future Work

A number of scenarios can be considered to potentially improve the accuracy of the modeling
that has been discussed in this thesis. If the data sets contain more samples, and if the ECG
signal for each patient has been recorded for a longer time, the model might be more accurate. It
should be noted that since gathering the data from patients with specific characteristic under the
same condition is a time consuming task, reliable biomedical data sets are generally very limited
and this presents a common challenge in analysis of physiological data sets. Regarding
extracting parameters from the ECG signal, in addition to fractal analysis, other methods such as
wavelet transformation might be applied in order to obtain more parameters from the signal. It is

also suggested that all Hurst exponents of different ¢ orders are taken into consideration.
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Appendix A. Pearson Correlation Coefficient between All Variables of the

Data Set

Pearson correlation coefficient between all variables of the data set
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