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Abstract: This paper presents a literature review of ventricular tachyarrhythmias (VTAs) prediction methods and its prognostic features,
as well as highlights the severity of the cardiovascular diseases in general population. This article provides the collective review of the
short-term VTAs prediction based on the machine learning methods associated with the potential prognostics electrocardiogram (ECG)
characteristics features that have been proposed in the recent literature. The basic morphology of the ECG waveform and its working
principle is also briefly described for better understanding of the relationship between the ECG characteristics features and the occurrence
of VTAs. In addition, the trend and future direction in the development of VTAs prediction system with machine learning are presented
as well. It is desired that the progressive development of real-time, low computational cost and reliable short-term VTAs prediction
algorithm in coming years could decrease the mortality rate of cardiovascular diseases within general populations. This article can be
adopted as an initial idea and guidelines for beginners in this field to initiate their research.
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1. INTRODUCTION

Ventricular arrhythmia is the common problem met by
the cardiologists in current clinical daily practice. The
patient with ventricular arrhythmia may be apparent with a
variety of signs and symptoms, such as palpitations,
shortness of breath, chest pain, lightheadedness, weak pulse
and syncope [1-3]. Yet, the most concerning issue is having
the risk of sudden cardiac death (SCD). Based on the
American Heart Association (AHA) statistical update-2016
[4], SCD is the leading cause of death in United States,
causing about 350,000 deaths each year. SCD is a sudden,
unexpected death due to the loss of heart function and is
responsible for half of the heart disease deaths [5]. SCD
may occur in healthy person with no pervious symptoms of
cardiovascular disease (CVDs) as well as patient with other
medical conditions. However, most of the SCD events do
occurs in the general population with the rate ranging from
50-100 per 100,000 population [6-8].

The main triggers of SCD are the occurrence of
ventricular tachyarrhythmias (VTAS), namely ventricular
tachycardia (VT) and ventricular fibrillation (VF) [9-10].
VT refer to the heart rate faster than 120 beats per minute,

out of sync with the upper chambers and with at least three
irregular heartbeats in a row. If VT is left untreated, it may
develop into VF. VF is a condition where a very rapid and
disorganized electrical activities which is initialized in the
ventricles, causing it to quiver instead of contract normally.
A series of rapid and ineffective contractions of the
ventricles results in immediate loss of cardiac output. This
leads to insufficient blood supply to the brain, heart and
other part of organs which can cause asystole and eventually
ends with SCD within few minutes if no immediate
treatments are taken.

This reflects the major challenge in current cardiology
due to the absence of the powerful screening tool that is
capable to predict the occurrence of VTAs for the general
population [11]. Accurate short-term VTAS prediction prior
to their onset initiation allows sufficient time for the
preventive action to be taken to avoid its occurrence and
further damage to the patients. Besides that, raising early
awareness of clinicians of the possible occurrence will
minimize the delay of medical care, thus enabling
administration of preventive medication to help reduce
mortality from SCD and increase the survival rate of the
patient drastically [12, 13]. As a result, a reliable short-term
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VTAs predictor is vital and essential in contributing to more
lives saving and better healthcare for the general
populations.

This article provides the readers a collective and
comprehensive review of the short-term VTAs prediction
methods, as well as the potential predictive
electrocardiogram (ECG) characteristics features that have
been reported in the recent literature. This article also briefly
describes the basic morphology of the ECG waveform and
its working principle. This article consists of five sections
which begins with an introduction of VTAs in section one.
Section two briefly describes the basic knowledge of the
ECG morphology waveform. Section three presents the
ECG characteristics features that have promising prognostic
value to the occurrence of VTAs event reported by the
recent literature, whereas section four presents the recent
literatures related to the short-term VTAS prediction. Lastly,
section five concludes the discussion on the future direction
of the VTAs prediction.

2. ELECTROCARDIOGRAM

An electrocardiogram (ECG) is the most common
screening tool used in clinical daily practice for cardiac
performance assessment as it provides useful information on
electrophysiological properties of the heart. ECG is a non-
invasive measurement of the potential difference between
pairs of electrodes attached on the surface of the body. The
electrical potential is generated by the muscles in the heart
which initiate the cardiac depolarization and repolarization
process to cause contraction and hence pump the blood to
whole body. In other words, ECG waveform is the
representation of the electrical activity and mechanical event
within the heart. It is useful to measure the heart rate, heart
rhythm and its regularity as well as identifying the heart
abnormality for potential CVDs. Figure 1 shows a normal
ECG waveform which consists of P-wave, QRS complex,
T-wave and U-wave [14].
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Figure 1. ECG waveform of an healthy adult [14].

Understanding the basic working principle of the cardiac
conduction system is crucial in interpreting the ECG
waveform. Cardiac conduction system is a result of atria and

ventricles who work coordinately to alternately contract and
relax to pump blood throughout the whole body [15]. The
heartbeats are initiated by a series of electrical impulses
fired by a group of special cells located in the right atrium,
known as sinus node or sinoatrial (SA) node, as the heart’s
natural pacemaker. A normal resting heart rate is ranging
from 60 to 100 beats per minute.

When the SA node generates an electrical impulse, it
spreads through the walls of the atria and causing them to
contract. This process is represented by the P-wave of an
ECG which is the result of atrial depolarization. The
contraction forces the blood in the atria pool into ventricles.
The electrical impulse is transmitted throughout the atria to
the atrioventricular (AV) node, a cluster of cells in the
center of the heart between atria and ventricles. The AV
node delay the impulse by approximately 0.12s to ensure the
ventricles have enough time to be fully filled with blood
[15]. This delay is shown in an ECG waveform as the
isoelectric line, PR segment just after the P-wave. The
impulse is then transmitted from AV node to ventricles via
the bundle branches causing the ventricles to contract and
pump blood to the lungs and other parts of the body. This
process is denoted by QRS complex, which represents the
ventricular depolarization process.

Ventricular depolarization is then followed by an
isoelectric line between the end of QRS complex, J point
and beginning of T wave. It is known as ST segment which
represents the interval between ventricular depolarization
and repolarization. After that, the recovery of the
ventricular, also known as ventricular repolarization is
represented by the T wave signifying the relaxation of the
cardiac muscle of the ventricles [15]. Additionally, U wave
may appear or visible after the T wave, but not always. It is
currently believed to be the mechano-electrical feedback or
delayed repolarization of mid-myocardial or “M cells” [16-
19]. However, the information underlying it remains unclear
and certainly requires detailed further study. The cycle ends
with the SA node firing another electrical impulse.

Ventricular tachyarrhythmias can be categorized into
ventricular tachycardia and ventricular fibrillation with
different ECG waveform characteristics. Ventricular
tachycardia is a kind of cardiac arrhythmia characterized by
heart rate more than 100 beats per minute, out of sync with
the upper chambers and with at least three irregular
heartbeats in a row. Other ECG key features of VT are
absent of P-wave, unmeasurable PR interval and wide QRS
complex with bizarre look as illustrated in Figure 2. The
abnormal electrical impulses causing the rapid contraction
that originate from lower chamber of the heart, ventricles.
The rapid heartbeat does not allow the ventricles have
sufficient time to fill with blood before contraction. Thus,
the heart may not able to pump sufficient blood to the body.
This is a very serious arrhythmia as it may deteriorate and
lead to the life threatening events, such as ventricular
fibrillation.
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Ventricular fibrillation occurs when a very rapid and
disorganized electrical activities initialized in ventricles and
goes off on random paths around the ventricles instead of
following its normal route. This cause the ventricles to
quiver instead of pump normally. A series of rapid and
ineffective contractions of the ventricles results immediate
loss of cardiac output. VF usually ends with sudden cardiac
death within few minutes unless immediate treatments are
taken. Its ECG key features includes chaotic irregular
deflections with varying amplitude, unidentifiable waves
and its amplitude decrease with time duration as it develops
from coarse VF to fine VF as illustrated in Figure 3. Hence,
the right understanding and interpretation of ECG waveform
is critical in assisting the clinicians to identify the
abnormality and malfunction of the heart.
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Figure 2. Ventricular tachycardia.

Figure 3. Ventricular fibrillation: (a) Coarse VF (b) Fine VF.

3. PROGNOSTIC VALUES OF ECG FEATURES

Recently, many researchers have revealed that the ECG
characteristic features may reflect the underlying VTAs and
have predictive value for the occurrence of VTAS event
through the follow-up studies [20-24]. They offer the
advantages of the availability of the long duration and high
resolution ECG recordings prior to VTASs event that enable
the possibility to investigate the mechanism that is
responsible for the occurrence of VTAs. These identified
ECG characteristic features have been used by the
researchers to predict the onset of VTAs event before its
occurrence. The prediction performance is then measured in
terms of its accuracy, sensitivity and specificity.

As a result, this section presents the review of the
identified ECG characteristic features which act as
important input features of the short-term VTAs prediction
based on machine learning. The identified ECG parameters
that have prognostic value in predicting the occurrence of
VTAs are, namely: QT interval, QT interval corrected with
heart rate, QT dispersion, QT dynamicity, T-wave alternans
and heart rate variability [24]. Each prognostic feature is
further elaborated in detail in following subsection.

A. QT Interval

The measurement of the QT interval has become a
standard practice in many ECG devices over past years. QT
interval is the time interval between the onset of QRS
complex to the offset of T-wave. It represents the duration
of ventricular depolarization and repolarization. It is
measured in lead Il or V5 where it demonstrates the most
measurable capability. The QT interval is below 400 to 440
ms for a healthy adult but female do have longer QT interval
compared to male. Generally, QT interval is used to identify
the arrhythmogenic syndromes such as Brugada Syndrome,
long QT syndrome and short QT syndrome. These cardiac
diseases can cause the shortening or lengthening of QT
interval. Besides that, abnormal prolongation of QT interval
is widely believed to be the maker of the increased risk for
ventricular arrhythmias, especially Torsade’s de Pontes and
SCD in patient with or without structural heart disease [25-
27]. However, there are few problems linked with the
measurement of QT interval, which includes the estimation
of the offset of T-wave and the variation of QT interval with
the heart rate and gender. The most common solution is
assuming the offset of the T-wave to be the intersection
point between the tangent to the steepest down-slope of the
T-wave and the isoelectric line [28]. However, it is very
time consuming and involves heavy computation
complexity.

B. Heart rate Corrected QT Interval

Heart rate corrected QT interval (QTc) is proposed to
overcome the variation of QT interval with the heart rate as
mentioned previously. As the QT interval is inversely
correlated with the heart rate which it shortens at fast heart
rates and vice versa, the QTc is able to minimize the impact
of the heart rate on QT interval. It recalculates the QT
interval according to heart rate, which allows the
comparison of QT interval between different heart rates.
Several formulas for QTc calculation have been proposed
as shown in Table | [29]. The most commonly used
methods are Bazzet’s formula [30] and Fridericia’s formula
[31]. Based on the AHA/ACCF/HRS recommendations
[32], the proposed abnormal prolongation QTc values for
adults are >450 ms in male and >460 ms in female, while
the QTc <390 ms is considered abnormally short. In
addition, Straus et al. [33] assessed the QTc value into
three categories know as normal, borderline and prolonged.
QTc <430 ms considered as normal, between 431- 450 ms
considered as borderline and >450 ms considered as
prolonged for adult male. While for female, QTc <450 ms
considered as normal, between 451- 470 ms considered as
borderline and >470 ms considered as prolonged. Different
opinions exist due to the lack of standardization and the
evidences remain contrasting for the selection of the QTc
formulas which cause the determination of the abnormal
QT values to be different [34]. Yet, the QT and heart rate
corrected QT interval remains a prognostic in predisposing
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CVDs and as a marker for increased risk of ventricular
arrhythmias [35].

TABLE I. FORMULAS FOR QTC CALCULATION [29].

QTc Measurements Formulas

Bazzet QTc = QT / (RR)N(1/2)

Fridericia QTc =QT / (RR)N(1/3)
Framingham QTc = QT + 0.154 x (1 — RR)
Hodges QTc = QT + 1.75 x (HR — 60)
Sarma QTc = QT — B1Exp(—k1 X RR)

QTc = QT [1 — Exp(~k2 X RR)]
QTc = QT (RR)A(1/2) +B3
QTc = QT (RR)™(1/2)

Ecuacion de fuerza QTc = 453.65 x RR1/3.02

Van de Water QTc = QT — 0.087 (RR — 1000)

Matsunaga QTc = log(600) QT/(logRR)
Kawataki QTc = QT/RR x 0.25
Mayeda QTc = QT/RR x 0.604

Larsen y Skulason QTc = QT + 0.125 x (1 — RR)

Schlamowitz QTc = QT + 0.205 x (1 — RR)
Wohlfart QTc = QT + 1.23 x (HR — 60)
Boudolas QTc = QT + 2.0 x (HR — 60)

Sagie QTc = QT + 0.154 x (1 — RR)

Malik QTc = QT/RR x 0371

Lecocq QTc = QT/RR (0.314)

C. QT Dispersion

Another prognostic marker used to measure the non-
uniformity and heterogeneity state of the ventricular
repolarization is known as QT dispersion (QTd). QTd is the
measurement of the variability of the QT interval. It is
defined as the difference between the maximum and
minimum QT interval measured on standard 12-lead ECG
[36]. QTd measurement can be troublesome due to the
difficulties in estimating the offset of the T-wave on 12
different leads precisely. From the literatures, the QTd for
the healthy subject mostly ranging from 10 to 71 ms [37-
39]. However, most of the researchers have reported
different QTd upper normal limit for healthy subject as well
as a wide overlap values between the healthy and patient
groups [38-39]. Moreover, there are different conclusion
made by the different researchers about the gender related
difference. Form the published works [40-41], it shows that
there is no significant difference of QTd between male and
female, while some [42-43] reported that QTd is greater in
male population. Nevertheless, most of the literatures shows
QTd is significantly increased in the patient with cardiac
diseases or those with susceptibility to ventricular
arrhythmias, although the QTd value largely overlapped
with the healthy subject [44-45]. The conclusion made
regarding the QTd remains conflicting and controversial

[39]. Thus, further detailed study is required to affirm the
significance of the QTd in quantifying the abnormality of
ventricular  repolarization in  predicting ventricular
arrhythmias.
D. QT Dynamicity

As the QT intervals and its dispersion failed to play a
significant role in predicting arrhythmic events [46], the QT
dynamicity is proposed as an alternate feature used to
analyze the relationship of the QT interval and heart rate
change. It visualizes the effect of the autonomic nervous
system (ANS) on both components, reflecting the
vulnerability of the myocardium and the change in
autonomic heart rate control which is associated to
increased risk of SCD [47]. QT dynamicity can be assessed
by plotting the QT apex, QTa or QT end, QTe
corresponding to the R-R interval. QTa is the interval begin
with the onset of QRS complex to the apex of T-wave,
while QTe is the interval begin with the onset of QRS
complex to the offset of T-wave. The apex of the T-wave is
determined by fitting a parabola through the peak of the T
wave. The slopes of the linear regressions between the QTa
or QTe and the corresponding R-R intervals (QTa/RR or
QTe/RR) is then computed as shown in Figure 4 [48].
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QTend
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Figure 4. QT dynamicity analysis [48].

The steeper slopes indicate QT interval with greater
variation for change in R-R intervals associated with
abnormalities in ventricular repolarization [48-49]. A
steeper QTe/RR slope slope may be due to the excessive
shortening of QT with fast rate or excessive lengthening of
QT interval with slower heart rates, which reflects greater
arrhythmic risk [47, 49]. The QT/RR slope appeared to be
steeper in female than male and during the day than night
[50]. lacoviello et al. [51] suggested that the QTe/RR slope
value greater than 0.19 has a high risk of arrhythmic events,
while the QTa/RR slope failed to demonstrate the predictive
value of major arrhythmic events, similar to the results
obtained from previous works [52-53]. Besides that,
Chevalier et al. [54] demonstrated that the slope of QTe/RR
slope has prognostic significance in predicting both total
mortality and SCD in 265 post-infarction patients during 7-
year follow-up with the steeper slope (>0.18) highly
correlated with the increased risk of mortality.

E. QT Variability Index

Another parameter used to assess the stability of the
ventricular repolarization by the measurement of beat-to-
beat QT interval is the QT variability index (QTVI), as
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proposed by Berger et al. [55]. It is a non-invasive
measurement of repolarization lability that measures the
beat-to-beat QT interval variation against heart rate
variability, normalized by both mean QT duration and the
magnitude of the heart rate variation. In other words, QTVI
is the log ratio between the normalized QT interval and
normalized heart rate variability. In mathematical definition,
QTVI is defined as log,,[(QTv/QTm?)/(RRv/HRm?)], Where
QTv is the QT interval variance, QTm is the mean of the QT
interval, RRv is the R-R interval variance and HRm is the
mean of the heart rate where HR =1/p, [55]. Thus, the
QTVI measurement involves the assessment of the ANS
tone. Berger et al. [55] proposed a semi-automated template
matching algorithm that compares and fits every continuous
beat to the template. The template is stretched or
compressed to fit with the ECG input. Then, the QT interval
value is derived from the templates instead of estimating the
offset of the T-wave by the intersection point between the
tangent and isoelectric lines. In this way, the QTVI value
can be updated depending on the length of the template and
the duration of ECG recording that can reflect the gradual
change in the ECG morphology over time.

For a healthy subject, the QTVI value is usually less
than -1 [56]. Several studies have reported that the QTVI
values in healthy subject range from -0.97 to -2.23, with
mean value of -1.53 [55-60]. The QTVI value does vary
with the lowest at night time [61], increase with age [62],
and higher in female compared to male [56]. As proven by
previous studies, the QTVI values are significantly higher
for patients with cardiac disease and VF history as well as
linked with cardiac disease mortality [63-65]. Dobson et al.
[64] reported that the QTVI >-0.84 increases the risk of
cardiovascular mortality in heterogeneous heart failure
population. Picirillo et al. [65] suggested that the cutoff
value for QTVI is > -0.47 in predicting mortality among the
post-infarct patient with moderately reduced left ventricular
ejection fraction. Hence, QTVI can be evaluated to assess
the cardiac electrical instability and cardiovascular mortality
risk.

F. T-wave Alternans

T-wave alternans (TWA), also known as microvolt T-
wave alternans (MTWA) describes the periodic beat-to-beat
fluctuations or variations in the amplitude, shape and phase
of the T-wave, where the alternans defined as the change of
the ECG morphology that repeating itself at alternate
heartbeats. In order words, TWA is an ECG phenomenon
that repeating ABAB pattern in the T-wave morphology
[66]. TWA reflects the cardiac electrical instability and
spatiotemporal ~ heterogeneity  of  the  ventricular
repolarization. Besides that, electrical conduction block that
occurs at every-other-beat can alternate the conduction
pattern as well as the alternating of the excited cardiac
muscle’s size could produce the TWA [67]. Hence, TWA are
believed to be a precursor and strong predictor to life-
threatening ventricular arrhythmias and SCD [68-70].

TWA can either be spatially concordant or discordant.
Concordant alternans occurs when the action potentials in
neighboring cell regions are alternating in phase, while the
discordant alternans occurs when they are out of phase.
Both concordant and discordant alternans are visualized in
Figure 5 [71]. Discordant alternans alters the spatial
organization of repolarization across the ventricles and
increases its heterogeneities. Thus, producing substrate that
blocks the electrical conduction and initiating reentrant
excitation that cause VF [69, 72].

Discordant
alternans

Concordant
alternans

Figure 5.
from concordant alternans, discordant alternans into ventricular fibrillation
[71]. *Shaded area: dispersion of repolarization between sites; L: long
action potential; S: short action potential.

Action potential of two ventricular site A and B developed

There are two techniques commonly used to compute
the TWA namely, spectral method and modified moving
average method (MMA). For the spectral method, the
sequential ECG waveforms are aligned based on their QRS
complex [73-74]. Then, the amplitude of the T-wave at 128
pre-defined points are measured. Each beat-to-beat variation
is processed with Fast-Fourier Transform to compute the
spectrum for each pre-defined point [73]. The alternans
voltage is defined as the square root of the alternans power
at 0.5 cycle/beat. The spectral TWA method is illustrated on
Figure 6 [74]. Besides that, the significance of TWA can be
expressed by the K score, ratio of the alternans power at 0.5
cycle/beat divided by the standard deviation of spectral
noise [75]. However, this method must be conducted during
treadmill exercise to optimum heart rate [76]. The positive
test result is defined as TWA level >1.9 uV, cutoff point
with the K score >3 and continuous for more than 2 mins
[75, 771.

ECG (128 beats)
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Figure 6. TWA spectral analysis [74]

Next, modified moving average method is the alternative
approach used to measure the TWA. It acquires the ECG
signal with the Holter ECG device and employs the
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recursive averaging algorithm [78]. The odd and even
heartbeats are separated into different bins and create the
median complexes for each bin [79]. Both complexes are
then superimposed and the maximum different between
both complexes at any points within JT segment is averaged
for every 10 to 15 seconds, where its average value is the
TWA value [78-79]. MMA based TWA analysis can be
measured from the standard precordial ECG leads with
standard electrode as well as ambulatory ECG recording
[80-82]. The higher the value of the TWA indicates greater
risk for SCD and cardiovascular mortality where TWA
>47uV is believed to be the cutoff points [83, 84]. However,
the main drawback of the TWA analysis is it requires
elevating the heart rate >105bpm. The TWA analysis can be
impractical for patients whom cannot achieve targeted heart
rate due to the cardiac diseases [71].

G. Heart Rate Variability

Heart rate variability (HRV) is a noninvasive
electrocardiographic marker reflecting the activity of the
sympathetic and parasympathetic components of the ANS
on the sinus node of the heart [85]. It is expressed by the
variation or oscillation of the instantaneous heart rate and
interval between successive normal heart beats, R-R
intervals (N-N intervals) to identify different pathological
condition related to the ANS. The conditions such as
physical stress, mental stress and exercise can cause the
augmentation of sympathetic tone. On the other hand,
parasympathetic tone is high during the resting condition.
Both sympathetic and parasympathetic tone fluctuates
throughout the day in healthy adults [86]. In other words,
HRV analysis is used to assess the cardiac autonomic
regulation through quantification of sinus rhythm
variability.

Thus, the abnormality of the heart that cause sympatho-
vagal imbalance is reflected by a diminished HRV. HRV
analysis can be categorized into long term HRV analysis
which analyses the ECG signal with long duration (up to 24
hours) and short term HRYV analysis uses to analyses only 2-
30mins ECG recording. HRV can be analyzed using time
domain, frequency domain and non-linear methods. Each of
them will be briefly described in the following subsections.

1) Time Domain Analysis

HRV time domain analysis is the simplest to perform
as the value of the N-N interval can be easily obtained from
the ECG signal with good accuracy using the Pan-Tompkins
algorithm [87]. Pan-Tompkins algorithm is a well-
established method used to detect the QRS complexes from
where the N-N interval can be determined. The time domain
features are derived from the N-N interval and its statistical
measure. They can be categorized into two groups [88].
First, the features that derived directly from the
measurements of the N-N interval of the ECG signal such as
Mean NN, SDNN, SDANN and ASDNN. Second, the
features that derived from the differences between the
adjacent N-N interval such as SDSD, rMSSD, NN50 and
pNN50. The HRV time domain features are summarized in

Table 11 [88]. As the time domain analysis is dependent on
the ECG duration, it should be standardized to ensure the
fair and accurate comparison. Besides that, the N-N interval
values are prone to unwanted artifacts and outliers which
certainly requires proper and effective ECG pre-processing
before analyzing the HRV signal.

TABLE II. DESCRIPTION OF THE HRV TIME DOMAIN FEATURES [88] .
Feature Description Unit
Mean NN Mean of the N-N intervals ms
SDNN Standard deviation of the N-N intervals ms
Standard deviation of the difference between adjacent
SDSD ms
N-N intervals
Standard deviation of the average N-N interval of 5-
SDANN . ms
min segment
Average standard deviation of the N-N interval of 5-
ASDNN . ms
min segment
Root mean square of the differences of adjacent N-N
rMSSD X ms
intervals
Number of adjacent N-N intervals differs by more
NN50
than 50ms
PNN50 NNS50 divided by total number of N-N intervals %

In addition, a series of N-N interval can be constructed
and expressed in geometrical form. There are different
geometrical methods used to interpret the HRV signal such
as the histogram, HRV triangular index and triangular
interpolation of NN interval histogram (TINN) [87]. This
has advantage as the geometrical methods are relatively
insensitive to the quality of the series of N-N interval [89].
However, the main drawback of the HRV geometrical
interpretation is it requires certain quantity of N-N intervals,
at least 20 mins and up to 24 hours ECG recording to ensure
the construction of the accurate geometrical representation.
Hence, restrict the applicability of the geometrical based
HRYV features in short-term HRV analysis [88].

2) Frequency Domain Analysis

Power spectral density (PSD) is the method used to
analyze the HRV in frequency domain. PSD provides basic
information on the power distribution across various
frequency range. In order words, it describes the periodic
oscillations of the heart rate signal, decomposed at different
frequency range and amplitudes [90-91]. PSD analysis can
be performed by using non-parametric and parametric
methods. The non-parametric methods such as fast fourier
transformation (FFT) is characterized by peaks for the
frequency components. It has advantages in term of
algorithm simplicity and processing speed. It also makes no
assumption on the model, thus more robust. Whilst, the
parametric methods such as autoregressive model estimation
results in continuous smooth spectral components, improved
frequency resolution with easy pre-processing and easy
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identification of the central frequency for each component. Total | Total number of N-N intervals with < 048y 2
Besides that, the parametric methods can estimate the PSD power spectral power up to 0.4Hz -
accurately even for small number of samples. However, the
drawback of the parametric methods is its complexity and LF/HF | Ratio of low-high frequency power
required verification on the suitability of the chosen model.

The power spectrum of HRV signal consists of four
frequency bands ranging from 0-0.4Hz which can be
classified into ultra-low frequency band (ULF), very low
frequency band (VLF), low frequency band (LF) and high
frequency band (HF) [88]. The frequency domain analysis
for the short term HRV are characterized by the VLF, LF
and HF components, while for long term HRV analysis
includes ULF, in addition to VLF, LF and HF components
[88]. The detailed description of the HRV frequency domain
features and its frequency range are shown in Table 111 [86,
88].

Different power spectrum components have different
information underlying it [92-93]. The main power
spectrum components that represent the ANS activity are LF
and HF components. HF component provides the
information about the cardiac parasympathetic activity and
is respiration mediated. While, LF component represents the
combination of sympathetic and parasympathetic activity.
The VLF components is a major determinant of physical
activity and was proposed by Frenneaux et al. [94] as the
marker of sympathetic activity. Lastly, ULF components
reflect circadian and neuroendocrine rhythms as introduced
by Bigger et al. [95]. Besides that, the LF/HF ratio is used to
describe sympathovagal balance and normally is between 1
and 2 for a resting adult. The total power is the variance of
all N-N intervals and corresponds to the sum of all
frequencies bands which indicates the sympathetic and
parasympathetic balance of the system. Furthermore, the
features extracted from 24-hours ECG recording using both
time domain and frequency domain methods are highly
correlated due to their mathematical and physiological
relationships [88]. The approximate correspondence of the
time domain and frequency domain features are shown in
Table IV.

TABLE IIl. DESCRIPTION OF THE HRV FREQUENCY DOMAIN
FEATURES [86,88]
. Frequency )
Features Description Units
Range

Total number of N-N interval with
ULF <0.003Hz ms?
spectral power up to 0.003Hz

Total number of N-N interval with
VLF spectral power between 0.003 and 0.003-0.04Hz ms?

0.04Hz

Total number of N-N interval with
LF spectral power between 0.04 and 0.04-0.15Hz ms?

0.15Hz

Total number of N-N interval with
HF spectral power between 0.15 and 0.15-0.4Hz ms?

0.4Hz

TABLE IV. CORRELATION BETWEEN TIME AND FREQUENCY DOMAIN

FEATURES [88].

Time Domain Features Frequency Domain Features

SDNN Total power
HRV triangular index Total power
TINN Total power
ASDNN Mean of 5-mins total power
SDANN ULF
rMSSD HF
SDSD HF
NN50 HF
PNN50 HF

3) Non-linear Domain Analysis

The linear or conventional HRV analysis such as time
domain and frequency domain analysis are often inadequate
to interpret all aspects of cardiac performance. The cardiac
system is dynamic, non-linear and non-stationary due to the
intricate interactions of haemodynamic,
electrophysiological, humoral variables, autonomic and
central nervous regulations. Thus, the HRV analysis in non-
linear domain is able to provide useful information by
accessing the quality, scaling and correlation properties of
the signal [96]. They are related to the unpredictability,
fractability and complexity of the signal [97]. The non-
linear dynamical theory is based on the concept of chaos
and have been proposed by Cohen et al. [98] to analyze the
HRYV signal and to predict the arrhythmia events. Numerous
non-linear analysis techniques exist, however only several
commonly used techniques such as Poincare Plot,
Approximate Entropy (ApEn), Sample Entropy (SampEn)
and Detrended Fluctuation Analysis (DFA) are briefly
discussed.

Poincare plot is a graphical and quantitative presentation
of the correlation between adjacent R-R intervals, for
instance the plot of RR,,,; versus RR,,. In other words, each
R-R interval is plotted as a function of pervious R-R
interval. In this way, it provides detailed and summary
information about the heartbeat variation [99]. A frequently
used method to analyze the Poincare plot is fitting an ellipse
oriented according to the line-of-identify and compute the
standard deviation of the points perpendicular to and along
to the line-of-identify which referred as SD1 and SD2
respectively [100]. SD1 is the standard deviation of points
from y = x axis that reflect the short-term R-R interval
variability. SD2 is the standard deviation of the distances of
points fromy = —x + RR axis that reflect the long-term R-
R interval variability. The ratio of SD1/SD2 are used to
describe the relationship between short-term variation and
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long-term variation [101-102]. The Poincare plot with fitted
ellipse to the plotted shape are shown in Figure 7 [103].

The approximate entropy represents an index for overall
signal complexity and predictability [104]. It was first
introduced by Pincus to quantify the likehood of patterns,
which are close or remain similar for the subsequent
incremental comparison [104]. In other words, it is used to
measure the irregularity and unpredictability of fluctuations
of the R-R intervals [105]. The more irregular, more
complex and less predictable the R-R interval, the higher
value yield of ApEn, while the repetitive patterns of R-R
intervals have relatively small ApEn value. For healthy
subjects, the values of ApEn is approximately between 1.0
and 1.2 [106-107]. Besides that, sample entropy introduced
by Richman and Moorman [108], an improved ApEn which
highlight the signal complexity and regularity by computing
the conditional probability that two sequences of data that
are similar to each other. The small computational
difference is that the SampEn does not includes self-
matches in calculating the probability. However, both face
several limitations such as evaluating the signal regularity
on one scale only, and they are easily affected by the
artefacts and outliers.

The detrended fluctuation analysis is used to quantify
the presence of fractal correlation in non-stationary signal.
This method is based on a modified root mean square
analysis of random walk, which was proposed and applied
in physiological signal by Peng et al. [109]. DFA is
developed to measure the fluctuations on multi-length
scales. Short-team scaling exponent a1 is used over the
range of 4 < n < 16 heartbeats, while long-term scaling
exponent a2 is used over the range of 16 <n < 64
heartbeats [109]. For healthy adults, scaling exponent is
approximately 1, signifying fractal-like behavior. For
patients with cardiovascular disease this results in reducing
scaling exponents (al < 0.85 [110]; al < 0.75 [111])
which demonstrates the loss of fractal-like heart rate
dynamics. This method is only applicable on the recording
with at least 2000 R-R interval and requires editing on
ectopic beats.

R-R(n+1)

R-R(n)

Figure 7. Poincare plot with fitted ellipse to the plotted shape [103].

4, RECENT WORKS RELATED TO SHORT-TERM
VENTRICULAR TACHYARRHYTHMIAS PREDICTION

Numerous research related to cardiac arrhythmia have
been reported recently. They can be grouped into two
categories known as arrhythmia detection and arrhythmia
prediction. Arrhythmia detection is to detect and classify the
type of the arrhythmia after it occurs. While, the arrhythmia
prediction is to predict the onset of the arrhythmia before its
occurrence. In this section, we will present and discuss
about the previous works related to short-term ventricular
tachyarrhythmias prediction algorithm. It is critical and
crucial to predict the onset of VTAs before its occurrence as
this allows enough time for the preventive action to be taken
to avoid life-threatening cardiac event and decrease the
likelihood of SCD. Lastly, these recent works are
summarized in Table V at the end of this section.

Thong and Raitt [112] proposed an algorithm using the
acceleration pattern of the R-R interval to predict an
imminent episode of VTAs. A total number of 208 set of R-
R interval that acquired from 90 subjects were taken from
the Biotronik European HRV database and used in this
study. The pattern of prolonged, slow and monotonous
acceleration were used as the short-term indicator of VTAs
[112]. The proposed predictor based on the heart rate
acceleration pattern achieved sensitivity of 53-69% and
specificity of up to 91%, with average false positive rate of
0.8 event/day across the patient population [112]. However,
the accuracy of the proposed method was not reported.

Joo et al. [113] proposed an artificial neural networks
(ANNs) based classifier that was able to predict the
occurrence of the VTAs using short-term heart rate
variability. The datasets used in this study was the
Spontaneous  Ventricular ~ Tachyarrhythmia  Database
(Medtronic Version 1.0) obtained from PhysioNet [114]. It
comprised of 106 pre-VT records, 29 pre-VF records and
126 control datasets. The HRV analysis were performed on
R-R intervals in 5 minutes’ window prior to the VT As event
[113]. The ANNSs based classifier were then trained with the
HRV features extracted using time domain, frequency
domain and nonlinear methods. There were total 11 HRV
feature which consisted of Mean NN, SDNN, rMSSD,
pNN50, VLF, LF, HF, LF/HF, SD1, SD2 and SD1/SD2.
The ANNSs topology with 11 input nodes, 26 neurons in the
first hidden layers, 26 neurons in the second hidden layers
and one output node were chosen [113]. The ANNSs
classifier was trained with two-thirds of the datasets, while
the remaining one-thirds of the datasets were used to
evaluate the performance of the ANNs classifier. In this
study, the proposed ANNs classifier achieved 75.6%
accuracy, 77.3% sensitivity and 73.8% specificity in
predicting the occurrence of short-term VTAs [113].

Rozen et al. [115] proposed and evaluated a novel
multipole based HRV analysis method as a predictor of
imminent VTAs. 64 pre-event R-R interval recording
acquired from 28 patients were analyzed and compared with
the event-free recording of the same patients. These
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recordings were taken from the HAWAI Registry and
recorded 4,500-9,000 R-R intervals prior to the onset of
VTAs. The multipole method extracted and used both time
domain and frequency domain features in predicting the
occurrence of VTAs event. In this preliminary study,
multipole based HRV analysis method achieved 50%
sensitivity and 91.6% specificity [115]. However, the
accuracy of the multipole method was not reported as well.

Riasi et al. [116] proposed a support vector machine
(SVM) based algorithm to predict the occurrence of VT
event using ECG morphological features such as change in
QT intervals, T-wave, ST segment and number of premature
ventricular complexes. The dataset used in this study
consisted of 40 pre-VT recording and 40 control recording
obtained from MIT-BIH arrhythmia database. The proposed
algorithm comprised of five steps; preprocessing and noise
removal, ECG signal fiducial point detection, extraction and
selection of morphological features of ventricular activity
and SVM based classifier [116]. The ECG morphological
features were extracted from within the last 20 seconds of
the pre-VT and control recordings. From total 80 datasets,
60 of datasets were selected to train the SVM based
classifier and the remaining 20 datasets were used to
evaluate the performance of the trained classifier. The
proposed method achieved 94% accuracy, 88% sensitivity
and 100% specificity. However, the further validation and
experiment are required to affirm the role of ECG
morphological features in short-term VTAs prediction.

Lee et al. [117] proposed an early prediction ANNSs
based model that trained with HRV and respiratory rate
variability (RRV) features to predict the VT event one hour
before its occurrence. The datasets used were obtained from
the cardiovascular intensive care unit at the Asian Medical
Center. It consisted 52 recordings obtained one hour before
VT events and 52 control recordings. The features used in

TABLE V.

predicting the VT event consisted of 11 HRV parameters
extracted from time domain, frequency domain and
nonlinear domain and 3 RRV parameters. They were Mean
NN, SDNN, rMSSD, pNN50, VLF, LF, HF, LF/HF, SD1,
SD2, SD1/SD2, respiratory period mean (RPdM),
respiratory period standard deviation (RPdSD) and
respiratory period variability (RPdV). Two-thirds of the
randomly selected datasets were utilized for ANNSs training
purpose, while the remaining datasets were used to evaluate
the performance of the trained ANNs model. The ANNs
model trained with the selected HRV and RRV features was
able to achieve 85.3% accuracy, 88.2% sensitivity and
82.4% specificity [117].

Boon et al. [118] proposed an improved VTAs
prediction method based on HRV and Support Vector
Machine (SVM) classifier. The dataset used was the
Spontaneous  Ventricular ~ Tachyarrhythmia  Database
(Medtronic Version 1.0) obtained from the PhysioNet [114].
These were collected from 78 patients with 106 pre-VT
records, 29 pre-VF record and 135 control records of R-R
intervals. Half of the datasets were used to train the
classifier and the remaining half were used to evaluate the
classifier performance. The HRV analysis was performed on
5 minutes HRV signal before the onset of VTASs events. A
total of 53 HRV features consisted of 5 time-domain, 6
frequency-domain, 5 non-linear-domain and 37 bi-spectrum
features were extracted. The genetic algorithm was then
implemented to perform the features selection and optimize
the feature subset [119]. Thus, optimising the SVM based
classifier’s performance. In this study, the proposed method
achieved 79.41% accuracy, 77.94% sensitivity and 80.88%
specificity [118]. However, this study is yet limited by the
small sample size used in predicting the VTAs event
although it used the highest number of sample size
compared to the method aforementioned.

PREVIOUS WORKS RELATED TO SHORT-TERM VTAS PREDICTION ALGORITHM

Authors Performance

Methodology Pros and Cons

o o%
e o

3

%

Accuracy = Unknown
Sensitivity = 91%
Specificity = 53-69%

Thong and Raitt
[112]

X3
P o
o o

%

e

%

Heart rate acceleration pattern

Biotronik European HRV database o
Pattern of prolonged, slow and mostly
monotonous acceleration during sinus
rhythm used as the predictor of imminent
VTAs

Decision rule based on threshold value - Unknown accuracy
< 208 R-R intervals from 90 subjects -

X Poor performance
X Heterogeneous data used

o o%
DS

o

Joo et al. [113]

*

%

Accuracy = 75.6%
Sensitivity = 77.3%
Specificity = 73.8%

X3

%

X3

%

’0

’0

VF and 126 control datasets) 3
HRYV based time domain, frequency
domain and nonlinear features

<& Short-term HRV data analysis

ANNSs classifier used (5mins)
Spontaneous Ventricular Tachyarrhythmia | «  2/3 datasets used to train the
database (78 patients, 106 pre-VT, 29 pre- classifier

Remaining 1/3 datasets used to
evaluate the performance of
the classifier
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Rozen et al. [115] % Accuracy = Unknown

X3

’0

New HRV parameter, Dyx is proposed as
feature for prediction

. o < Multipole Analysis on HRV <> 4500 R-R intervals ~75mins
@ Sensitivity = 50% % Decision rule based on threshold value HRV data used
% Specificity = 91.6% % 64 pre-event and 60 event-free recording % Poor performance

obtained from 28 patients (HAWAI

Registry)

o

Riasi et al. [116] % Accuracy = 94% R
% Sensitivity = 88%
«  Specificity = 100%

%

‘0

%

‘0

%

‘0

%

SVM classifier used -
MIT-BIH arrhythmias database (40 pre- <>
VT and 40 control datasets)
ECG morphological features are extracted <
Feature selection using cross correlation
method

"

20 sec ECG analysis

60 sets data used for classifier
training

Remaining 20 sets data used
for performance evaluation

Leeetal. [117] «  Accuracy = 85.3%
% Sensitivity = 88.2%
% Specificity = 82.4%

o o%
g o

2
o

ANN:Ss classifier used <
Datasets acquired from cardiovascular
intensive care unit at Asan Medical Center | <
15 patients, 52 pre-VT and 52 control
recordings <>
<& HRV and RRYV features are extracted

Predict the occurrence one
hour before onset

2/3 datasets used to train the
classifier

Remaining 1/3 datasets used
for performance evaluation

3

%

Boon et al. [118] Accuracy = 79.41%
Sensitivity = 77.94%

Specificity = 80.88%

X3
3
o

%

X3
3
o

%

SVM classifier used % Short-term HRV analysis
Spontaneous Ventricular Tachyarrhythmia (5min)

database (78 patients, 106 pre-VT, 29 pre- < 1/2 datasets used to train the
VF and 135 control datasets) classifier

< HRV features used: Time domain, % Remaining 1/2 datasets used
frequency domain and nonlinear for performance evaluation
parameters

< Feature selection based on Genetic
algorithm

5. CONCLUSION AND RESEARCH DIRECTION

In conclusion, this article has discussed thoroughly the
morphology of the ECG waveform, ECG characteristics and
HRYV features that demonstrated its prognostic value as well
as the recent works related to VTAs prediction. Accurate
and precise VTASs prediction algorithm would provide early
alert to the clinicians prior to the occurrence of the life-
threatening ventricular arrhythmias. This allows enough
time for the preventive action to be taken to avoid its
initiation and further damage to the patients. However, it
remains an open and challenging research area since there is
yet to be a standard methodology that exists to handle
various targeted groups and clinical settings.

From the literature review, most of the previous works
used HRV features in predicting the onset of the VTAS
events, while the ECG morphological features are excluded
mainly due to the delineation of the ECG characteristics
features have yet to achieve sufficient performance. This
limited application encourages more investigation and
research on the delineation of ECG morphological
characteristics points which is the direction of our research
team. Thus, a better understanding and exploration on both
ECG morphological features and HRV features would
validate and affirm its role in the VTAs prediction system

and further contribute to the development of the reliable
short-term VTAs prediction. In addition, the use of machine
learning techniques such as ANNs and SVM in recognizing
and differentiating the fluctuating pattern of the selected
features just before the occurrence of VTAS event between
control and patient groups is a promising methodology in
short-term VTASs prediction field. Our research team aims to
develop a machine learning based VTAs prediction
algorithm with both ECG morphological and HRV features
to enhance the performance of the short term VTAs
prediction system. It is hoped that the progressive
development in real-time, low computational cost and
reliable short-term VTAs predictor in coming years will
contribute to reduction in mortality from cardiovascular
diseases and more saving of lives within general
populations.

ACKNOWLEDGEMENT

This research is fully supported and funded by Ministry
of Higher Education (MoHE) Trans-Disciplinary Research
Grant Scheme (TRGS) with Grant no.
TRGS/1/2015/UTM/02/3/3 (UTM vote no.
R.J130000.7845.4L.842) and Universiti Teknologi Malaysia
through Zamalah scholarship which makes this important
research viable and effective.




Int. J. Com. Dig. Sys. 8, No.4, 351-365 (July-2019)

1\
1

5

7

Y

5
2
C

i

10,

A

361

REFERENCES

[1]

[2]

(3]

(4]

(5]

6]

(7]

(8l

(]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Bigger, J. T., “Identification of patients at high risk for sudden
cardiac death. The American journal of cardiology,”vol, 54(9), pp.
3D-8D, 1984.

Wellens, H. J., & Brugada, P., “Treatment of cardiac arrhythmias:
when, how and where?,” Journal of the American College of
Cardiology, vol. 14(6), pp. 1417-1428, 1989.

Morganroth, J., & Bigger, J. T., “Pharmacologic management of
ventricular arrhythmias after the cardiac arrhythmia suppression
trial,” The American journal of cardiology, vol. 65(22), pp. 1497-
1503, 1990.

Mozaffarian, D., Benjamin, E. J., Go, A. S., Amett, D. K., Blaha, M.
J., Cushman, M., Turner, M. B., “Executive Summary: Heart
Disease and Stroke Statistics 2016 Update,” Circulation, vol. 133(4),
pp. 447-454, 2016.

Zipes, D. P., & Wellens, H. J., “Sudden cardiac death,” Circulation,
vol. 98(21), pp. 2334-2351, 1998.

Deo, R., & Albert, C. M., “Epidemiology and genetics of sudden
cardiac death,” Circulation, vol. 125(4), pp. 620-637, 2012.

Chugh, S. S., Jui, J., Gunson, K., Stecker, E. C., John, B. T,
Thompson, B., et al., “Current burden of sudden cardiac death:
multiple source surveillance versus retrospective death certificate-
based review in a large US community,” Journal of the American
College of Cardiology, vol. 44(6), pp. 1268-1275, 2004.

Nichol, G., Thomas, E., Callaway, C. W., Hedges, J., Powell, J. L.,
Aufderheide, T. P., et al., “Regional variation in out-of-hospital
cardiac arrest incidence and outcome,” Jama, vol 300(12), pp. 1423-
1431, 2008.

John, R. M., et al., “Ventricular arrhythmias and sudden cardiac
death. The Lancet,” vol. 380(9852), pp. 1520-1529, 2012.

Koplan, B. A., & Stevenson, W. G., “Ventricular tachycardia and
sudden cardiac death,” In Mayo clinic proceedings vol. 84, No. 3,
pp. 289-297, Elsevier, 2009.

Haugaa, K. H., Edvardsen, T., & Amlie, J. P., “Prediction of life-
threatening arrhythmias-still an unresolved problem,” Cardiology,
vol. 118(2), pp. 129, 2011.

Sandroni, C., Ferro, G., Santangelo, S., Tortora, F., Mistura, L.,
Cavallaro, F., & Antonelli, M., “In-hospital cardiac arrest: survival
depends mainly on the effectiveness of the emergency response,”
Resuscitation, vol. 62(3), pp. 291-297, 2004

Suraseranivongse, S., Chawaruechai, T., Saengsung, P., & Komoltri,
C., “Outcome of cardiopulmonary resuscitation in a 2300-bed
hospital in a developing country,” Resuscitation, vol. 71(2), pp. 188-
193, 2006.

R. Kemppainen, "ECG Parameters in Short-Term Prediction of
Ventricular Arrhythmias.," 2012.

Tortora, G.J. and Derrickson, B.H., “Principles of anatomy and
physiology.” John Wiley & Sons, 2008.

Antzelevitch, C., “M Cells in the Human Heart,” Circulation
Research, vol. 106(5), pp. 815-817, 2010.

Rautaharju, P. M., Surawicz, B., & Gettes, L. S., “AHA/ACCF/HRS
recommendations for the standardization and interpretation of the
electrocardiogram,” Journal of the American College of Cardiology,
vol. 53(11), pp. 982-991, 2009.

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]

[34]

Schimpf, R., Antzelevitch, C., Haghi, D., Giustetto, C., Pizzuti, A.,
Gaita, F., Borggrefe, M., et al., “Electromechanical coupling in
atients with the short QT syndrome: further insights into the
mechanoelectrical hypothesis of the U wave,” Heart Rhythm, vol.
5(2), pp. 241-245, 2008.

Hopenfeld, B., & Ashikaga, H., “Origin of the electrocardiographic
U wave: effects of M cells and dynamic gap junction coupling,”
Annals of biomedical engineering, vol. 38(3), pp. 1060-1070, 2010.

Liew, R., “Electrocardiogram- Based Predictors of Sudden Cardiac
Death in Patients with Coronary Artery Disease,” Clinical
cardiology, vol. 34(8), pp. 466-473, 2011.

Fam, J. M., & Ching, C. K., “Review on non-invasive risk
stratification of sudden cardiac death,” Proceedings of Singapore
Healthcare, vol. 20(4), pp. 263-278, 2011.

Monitillo, F., Leone, M., Rizzo, C., Passantino, A., & lacoviello, M.,
“Ventricular  repolarization measures for arrhythmic risk
stratification,” World journal of cardiology, vol. 8(1), pp. 57, 2016.

Stojkovic, S., Ristl, R., Moser, F. T., Wolzt, M., Wojta, J.,
Schmidinger, H., & Pezawas, T., “T-wave variability for the
prediction of fast ventricular arrhythmias,” Circulation Journal, vil.
79(2), pp. 318-324, 2015.

Mandala, S., & Di, T. C., “ECG Parameters for Malignant
Ventricular Arrhythmias: A Comprehensive Review,” Journal of
Medical and Biological Engineering, vol. 37(4), pp. 441-453, 2017.

Fei, L., & Camm, A. J., “Shortening of the QT interval immediately
preceding the onset of idiopathic spontaneous ventricular
tachycardia,” American heart journal, vol. 130(4), pp. 915-917,
1995.

Zareba, W., & De Luna, A. B., “QT dynamics and variability,”
Annals of noninvasive electrocardiology, vol. 10(2), pp. 256-262,
2005.

Karjalainen, J., Reunanen, A., Ristola, P., & Viitasalo, M., “QT
interval as a cardiac risk factor in a middle aged population,” Heart,
vol. 77(6), pp. 543-548, 1997.

Sano, M., Aizawa, Y., Katsumata, Y., Nishiyama, N., Takatsuki, S.,
Kamitsuji, S., & Fukuda, K., “Evaluation of differences in automated
QT/QTc measurements between Fukuda Denshi and Nihon Koden
systems,” PloS one, vol. 9(9), A1326, 2014.

Chavez Gonzalez E., “El intervalo QT, su origen e importancia del
conocimiento de foérmulas para su medicion en diferentes
circunstancias clinicas,” Cor Salud vol. 6, pp. 79-85, 2014.

Bazett, H., “An analysis of the relationships of the heart rate,” Heart,
vol. 7, pp. 353-70, 1920.

Fridericia, L. S., “The duration of systole in an electrocardiogram in
normal humans and in patients with heart disease,” Annals of
Noninvasive Electrocardiology, vol. 8(4), pp. 343-351, 2003.

Rautaharju, P. M., Surawicz, B., & Gettes, L. S., “AHA/ACCF/HRS
recommendations for the standardization and interpretation of the
electrocardiogram,” Journal of the American College of Cardiology,
vol. 53(11), pp. 982-991, 2009.

Straus, S. M. J. M., Kors, J. A., Marie L. D. B., Cornelis, S. V. D.
H., Albert, H., Heeringa, J., Deckers, J. W. et al. “Prolonged QTc
interval and risk of sudden cardiac death in a population of older
adults.” Journal of the American College of Cardiology, vol. 47(2),
pp. 362-367, 2006.

Boyle NG, Weiss JN., “Making QT correction simple is
complicated,” J Cardiovasc Electrophysiol. vol. 12, pp. 421-423,
2001. [PMID: 11332560]




.
13
£

5 ;\
362 o T. M. Chieng et al.: Ventricular Tachyarrhythmias Prediction Methods and its Prognostic Features...
[35] Elming, H., Brendorp, B., Kgber, L., Sahebzadah, N., & Torp- [51] lacoviello, M., Forleo, C., Guida, P., Romito, R., Sorgente, A.,

[36]
[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

Petersen, C., “QTc interval in the assessment of cardiac risk,”
Cardiac electrophysiology review, vol. 6(3), pp. 289-294, 2002.

Macfarlane, P. W., “Measurement of QT dispersion,” 1998.

Kautzner, J., & Malik, M., “QT interval dispersion and its clinical
utility,” Pacing and Clinical Electrophysiology, vol. 20(10), pp.
2625-2640, 1997.

Statters, D. J., Malik, M., Ward, D. E,, & Camm, A., “QT
dispersion: problems of methodology and clinical significance,”
Journal of cardiovascular electrophysiology, vol. 5(8), pp. 672-685,
1994.

Malik, M., & Batchvarov, V. N., “Measurement, interpretation and
clinical potential of QT dispersion,” Journal of the American College
of Cardiology, vol. 36(6), pp. 1749-1766, 2000.

Macfarlane, P. W., McLaughlin, S. C., & Rodger, J. C., “Influence
of lead selection and population on automated measurement of QT
dispersion,” Circulation, vol. 98(20), pp. 2160-2167, 1998.

Tutar, H. E., Ocal, B., Imamoglu, A., & Atalay, S., “Dispersion of
QT and QTc interval in healthy children, and effects of sinus
arrhythmia on QT dispersion,” Heart, vol. 80(1), pp. 77-79, 1998.

Challapalli, S., Lingamneni, R., Horvath, G., Parker, M., Goldberger,
J. J., & Kadish, A. H., “Twelve- Lead QT Dispersion Is Smaller In
Women Than In Men,” Annals of noninvasive electrocardiology,
vol. 3(1), pp. 25-31, 1998.

Savelieva, 1., Camm, A. J, & Malik, M., “Gender-specific
differences on QT dispersion measured in 1100 healthy subjects,”
PACE, vol. 22, pp. 885, 1999.

Zaidi, M., Robert, A., Fesler, R., Derwael, C., & Brohet, C,,
“Dispersion of ventricular repolarisation: a marker of ventricular
arrhythmias in patients with previous myocardial infarction,” Heart,
vol. 78(4), pp. 371-375, 1997.

Perkiomaki, J. S., Huikuri, H. V., Koistinen, J. M., Mékikallio, T.,
Castellanos, A., & Myerburg, R. J., “Heart rate variability and
dispersion of QT interval in patients with vulnerability to ventricular
tachycardia and ventricular fibrillation after previous myocardial
infarction,” Journal of the American College of Cardiology, vol.
30(5), pp. 1331-1338, 1997.

Grimm W, Christ M, Bach J, Muller HH, Maisch B., “Noninvasive
arrhythmia risk stratification in idiopathic dilated cardiomyopathy:
results of the Marburg Cardiomyopathy study,” Circulation vol. 108,
pp. 2883-2891, 2003.

Zareba W., “QT-RR slope: dynamics of repolarization in the risk
stratification,” J Cardiovasc Electrophysiol, vol. 14, pp. 234-235,
2003. [PMID: 12716102]

Monitillo, F., Leone, M., Rizzo, C., Passantino, A., & lacoviello, M.,
“Ventricular  repolarization —measures for arrhythmic risk
stratification,” World journal of cardiology vol 8(1), pp. 57, 2016.

Zareba, W., & De Luna, A. B., “QT dynamics and variability,”
Annals of noninvasive electrocardiology, vol. 10(2), pp. 256-262,
2005.

Extramiana, F., Maison-Blanche, P., Badilini, F., Pinoteau, J., Deseo,
T., & Coumel, P., “Circadian modulation of QT rate dependence in
healthy volunteers: gender and age differences,” Journal of
electrocardiology, vol. 32(1), pp. 33-43, 1999.

(52]

(53]

[54]

(55]

(56]

(571

(58]

[59]

[60]

[61]

(62]

[63]

Sorrentino, S., & Pitzalis, M., “Ventricular repolarization dynamicity
provides independent prognostic information toward major
arrhythmic  events in  patients with idiopathic  dilated
cardiomyopathy,” Journal of the American College of Cardiology,
vol. 50(3), pp. 225-231, 2007.

Haigney, M. C., Zareba, W., Gentlesk, P. J., Goldstein, R. E.,
Illovsky, M., McNitt, S., & MADIT II Investigators, “QT interval
variability and spontaneous ventricular tachycardia or fibrillation in
the Multicenter Automatic Defibrillator Implantation Trial (MADIT)
II patients,” Journal of the American College of Cardiology, vol.
44(7), pp. 1481-1487, 2004.

Alonso, J. L., Martinez, P., Vallverdi, M., Cygankiewicz, 1., Pitzalis,
M. V., Genis, A. B., & De Luna, A. B., “Dynamics of ventricular
repolarization in patients with dilated cardiomyopathy versus healthy
subjects,” Annals of noninvasive electrocardiology, vol. 10(2), pp.
121-128, 2005.

Chevalier, P., Burri, H., Adeleine, P., Kirkorian, G., Lopez, M.,
Leizorovicz, A., & Touboul, P., “QT dynamicity and sudden death
after ~myocardial infarction,” Journal of cardiovascular
electrophysiology, vol. 14(3), pp. 227-233, 2003.

Berger, R. D., Kasper, E. K., Baughman, K. L., Marban, E., Calkins,
H., & Tomaselli, G. F., “Beat-to-beat QT interval variability,”
Circulation, vol. 96(5), pp. 1557-1565, 1997.

Dobson, C. P., Kim, A., & Haigney, M., “QT variability index,”
Progress in cardiovascular diseases, vol. 56(2), pp. 186-194, 2013.

Magri, D., Piccirillo, G., Bucci, E., Pignatelli, G., Cauti, F. M.,
Morino, S., & Antonini, G., “Increased temporal dispersion of
myocardial repolarization in myotonic dystrophy type 1: beyond the
cardiac conduction system,” International journal of cardiology, vol.
156(3), pp. 259-264, 2012.

Kuriki, M., Fujino, M., Tanaka, K. I., Horio, K., Kusuki, H., Hosoi,
M., & Hata, T., “Ventricular repolarization lability in children with
Kawasaki disease,” Pediatric cardiology, vol. 32(4), pp. 487-491,
2011.

Hasan, M. A., Abbott, D., & Baumert, M., “Relation between Beat-
to- Beat QT Interval Variability and T- Wave Amplitude in Healthy
Subjects,” Annals of Noninvasive Electrocardiology, vol. 17(3), pp.
195-203, 2012.

Tereshchenko, L. G., Cygankiewicz, I, McNitt, S., Vazquez, R.,
Bayes-Genis, A., Han, L., & Zareba, W., “Predictive Value of Beat-
to-Beat QT Variability Index across the Continuum of Left
Ventricular Dysfunction: Competing Risks of Non-cardiac or
Cardiovascular Death, and Sudden or Non-Sudden Cardiac Death,”
Circulation: Arrhythmia and Electrophysiology, CIRCEP-112, 2012.

Dobson, C. P., La Rovere, M. T., Olsen, C., Berardinangeli, M.,
Veniani, M., Midi, P., & GISSI-HF Investigators., “24-hour QT
variability in heart failure,” Journal of electrocardiology, vol. 42(6),
pp. 500-504, 2009.

Piccirillo, G., Cacciafesta, M., Lionetti, M., Nocco, M., Di Giuseppe,
V., Mois¢, A., & Marigliano, V., “Influence of age, the autonomic
nervous system and anxiety on QT-interval variability,” Clinical
Science, vol. 101(4), pp. 429-438, 2001.

Tereshchenko, L, G., Fetics, B. J., Domitrovich, P. P., Lindsay, B.
D., Berger, R,D., “Prediction of ventricular tachyarrhythmias by
intracardiac repolarization variability analysis,” Circ Arrhythm
Electrophysiol, vol. 2, pp. 276-284, 2009.




Int. J. Com. Dig. Sys. 8, No.4, 351-365 (July-2019)

1\
1

5

7

Y

5

10,

A

2
3

) 363

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

(77

Dobson, C. P., La Rovere, M. T., Pinna, G. D., Goldstein, R., Olsen,
C., Bernardinangeli, M., & GISSI-HF Investigators., “QT variability
index on 24-hour Holter independently predicts mortality in patients
with heart failure: analysis of Gruppo lItaliano per lo Studio della
Sopravvivenza nell'lnsufficienza Cardiaca (GISSI-HF) trial.” Heart
Rhythm, vol. 8(8), pp. 1237-1242, 2011.

Piccirillo, G., Magri, D., Matera, S., Magnanti, M., Torrini, A,
Pasquazzi, E., & Barilla, F., “QT variability strongly predicts sudden
cardiac death in asymptomatic subjects with mild or moderate left
ventricular systolic dysfunction: a prospective study,” European
heart journal, vol. 28(11), pp. 1344-1350, 2006.

Verrier, R. L., Klingenheben, T., Malik, M., El-Sherif, N., Exner, D.
V., Hohnloser, S. H., & Rosenbaum, D. S., “Microvolt T-wave
alternans: physiological basis, methods of measurement, and clinical
utility—consensus guideline by International Society for Holter and
Noninvasive Electrocardiology,” Journal of the American College of
Cardiology, vol. 58(13), pp. 1309-1324, 2011.

Downar, E. U. G. E. N. E., Janse, M. J., & Durrer, D. I. R. K., “The
effect of acute coronary artery occlusion on subepicardial
transmembrane potentials in the intact porcine heart,” Circulation,
vol. 56(2), pp. 217-224, 1977.

Verrier, R. L., Kumar, K., & Nearing, B. D., “Basis for sudden
cardiac death prediction by T-wave alternans from an integrative
physiology perspective,” Heart Rhythm, vol. 6(3), pp. 416-422,
20009.

Cutler, M. J., & Rosenbaum, D. S., “Explaining the clinical
manifestations of T wave alternans in patients at risk for sudden
cardiac death,” Heart Rhythm, vol. 6(3), pp. S22-528, 2009.

Narayan, S. M., “T-wave alternans and the susceptibility to
ventricular arrhythmias,” Journal of the American College of
Cardiology, vol. 47(2), pp. 269-281, 2006.

Oshodi, G. O., Wilson, L. D., Costantini, O., & Rosenbaum, D. S.,
“Microvolt T wave alternans: mechanisms and implications for
prediction of sudden cardiac death,” In Electrical Diseases of the
Heart, Springer London, pp. 394-408, 2008.

Pastore, J. M., Girouard, S. D., Laurita, K. R., Akar, F. G., &
Rosenbaum, D. S., “Mechanism linking T-wave alternans to the
genesis of cardiac fibrillation,” Circulation, vol. 99(10), pp. 1385-
1394, 1999.

Smith, J. M., Clancy, E. A., Valeri, C. R., Ruskin, J. N., & Cohen, R.
J., “Electrical alternans and cardiac electrical instability,”
Circulation, vol. 77(1), pp. 110-121, 1988.

Cohen RJ. TWA and Laplacian imaging. In: Zipes DP, Jalife J,
editors. Cardiac Electrophysiology: From Cell to Bedside, 5th
edition. Philadelphia: Saunders, pp. 889, 2009.

Bloomfield, D. M., Hohnloser, S. H., & Cohen, R. J., “Interpretation
and classification of microvolt T wave alternans tests,” Journal of
cardiovascular electrophysiology, vol. 13(5), pp. 502-512, 2002.

Turitto, G., Caref, E. B., El- Attar, G., Helal, M., Mohamed, A.,
Pedalino, R. P., & El- Sherif, N., “Optimal Target Heart Rate for
Exercise- Induced T- Wave Alternans,” Annals of noninvasive
electrocardiology, vol. 6(2), pp. 123-128, 2001.

Gold, M. R., Bloomfield, D. M., Anderson, K. P., El-Sherif, N. E.,
Wilber, D. J., Groh, W. J., & Rosenbaum, D. S., “A comparison of
T-wave alternans, signal averaged electrocardiography and
programmed  ventricular  stimulation  for arrhythmia risk
stratification,” Journal of the American College of Cardiology, vol.
36(7), pp. 2247-2253, 2000.

(78]

[79]

(80]

(81]

(82]

(83]

(84]

(85]

(86]

(87]

(8]

(89]

[90]

[91]

Martinez, J. P., & Olmos, S., “Methodological principles of T wave
alternans analysis: a unified framework,” IEEE Transactions on
Biomedical Engineering, vol. 52(4), pp. 599-613, 2005.

Nearing, B. D., & Verrier, R. L., “Modified moving average analysis
of T-wave alternans to predict ventricular fibrillation with high
accuracy,” Journal of Applied Physiology, vol. 92(2), pp. 541-549,
2002.

Maeda, S., Nishizaki, M., Yamawake, N., Ashikaga, T., Shimada,
H., Asano, M., & Sakurada, H., “Ambulatory ECG-based T-wave
alternans and heart rate turbulence predict high risk of arrhythmic
events in patients with old myocardial infarction,” Circulation
Journal, vol. 73(12), pp. 2223-2228, 20009.

Sakaki, K., Ikeda, T., Miwa, Y., Miyakoshi, M., Abe, A., Tsukada,
T., & Yoshino, H., “Time-domain T-wave alternans measured from
Holter electrocardiograms predicts cardiac mortality in patients with
left ventricular dysfunction: a prospective study,” Heart Rhythm,
vol. 6(3), pp. 332-337, 2009.

Stein, P. K., Sanghavi, D., Sotoodehnia, N., Siscovick, D. S., &
Gottdiener, J., “Association of Holter-based measures including T-
wave alternans with risk of sudden cardiac death in the community-
dwelling elderly: the Cardiovascular Health Study,” Journal of
electrocardiology, vol. 43(3), pp. 251-259, 2010.

Verrier, R. L., Nearing, B. D., Rovere, M. T. L., Pinna, G. D.,
Mittleman, M. A., Bigger, J. T., & Schwartz, P. J., “Ambulatory
Electrocardiogram- Based Tracking of T Wave Alternans in
Postmyocardial Infarction Patients to Assess Risk of Cardiac Arrest
or Arrhythmic Death,” Journal of cardiovascular electrophysiology,
vol. 14(7), pp. 705-711, 2003.

Hou Y, Fang PH, Wu Y, et al, “Prediction of sudden cardiac death in
patients after acute myocardial infarction using T-wave alternans: a
prospective study,” J Electrocardiol 2011. In press.

Sztajzel, J., “Heart rate variability: a  noninvasive
electrocardiographic method to measure the autonomic nervous
system,” Swiss medical weekly, vol. 134(35-36), pp. 514-522, 2004.

Goldberger, J. J., “Sympathovagal balance: how should we measure
it?2,” American Journal of Physiology-Heart and Circulatory
Physiology, vol. 276(4), pp. H1273-H1280, 1999.

Pan, J, & Tompkins, W. J., “A real-time QRS detection
algorithm,” IEEE transactions on biomedical engineering, vol 3, pp.
230-236, 1985.

Camm, A. J., Malik, M., Bigger, J. T., Breithardt, G., Cerutti, S.,
Cohen, R. J., Lombardi, F., et al., “Heart rate variability: standards
of measurement, physiological interpretation and clinical use. Task
Force of the European Society of Cardiology and the North
American Society of Pacing and Electrophysiology,” Circulation,
vol. 93(5), pp. 1043-1065, 1996.

Malik, M., Xia, R., Odemuyiwa, O., Staunton, A., Poloniecki, J., &
Camm, A. J., “Influence of the recognition artefact in automatic
analysis of long-term electrocardiograms on time-domain
measurement of heart rate variability,” Medical and Biological
Engineering and Computing, vol. 31(5), pp. 539-544, 1993.

Sztajzel, J.,, “Heart rate variability: a  noninvasive
electrocardiographic method to measure the autonomic nervous
system,” Swiss medical weekly, vol. 134(35-36), pp. 514-522, 2004.

Akselrod, S., Gordon, D., Ubel, F. A., Shannon, D. C., Barger, A. C.,
& Cohen, R. J., “Power spectrum analysis of heart rate fluctuation: a
quantitative probe of beat-to-beat cardiovascular control,” science,
pp. 220-222, 1981.




1
R
28

D
>z

oy

364 »M:/J T. M. Chieng et al.: Ventricular Tachyarrhythmias Prediction Methods and its Prognostic Features...

[92] Myers, G. A., Martin, G. J., Magid, N. M., Barnett, P. S., Schaad, J.
W., Weiss, J. S., et al., “Power spectral analysis of heart rate
varability in sudden cardiac death: Comparison to other methods,”
IEEE Transactions on biomedical engineering, vol. 12, pp. 1149-
1156, 1986.

[93] Ryan, S. M., Goldberger, A. L., Ruthazer, R., Mietus, J., & Lipsitz,
L. A., “Spectral analysis of heart rate dynamics in elderly persons
with postprandial hypotension,” The American journal of cardiology,
vol. 69(3), pp. 201-205, 1992.

[94] Frenneaux, M. P., “Autonomic changes in patients with heart failure
and in post-myocardial infarction patients,” Heart, vol. 90(11), pp.
1248-1255, 2004.

[95] Bigger, J. T., Fleiss, J. L., Rolnitzky, L. M., & Steinman, R. C., “The
ability of several short-term measures of RR variability to predict
mortality after myocardial infarction,” Circulation, vol. 88(3), pp.
927-934, 1993.

[96] Beckers, F., Verheyden, B., & Aubert, A. E., “Aging and nonlinear
heart rate control in a healthy population,” American Journal of
Physiology-Heart and Circulatory Physiology, vol. 290(6), pp.
H2560-H2570, 2006.

[97] de Godoy, M. F., “Nonlinear Analysis of Heart Rate Variability: A
Comprehensive Review,” Journal of Cardiology and Therapy, vol.
3(3), pp. 528-533, 2016.

[98] Cohen, M. E., Hudson, D. L., & Deedwania, P. C., “Applying
continuous chaotic modeling to cardiac signal analysis,” IEEE
Engineering in Medicine and Biology Magazine, vol. 15(5), pp. 97-
102, 1996.

[99] Kamen, P. W., Krum, H., Tonkin, A. M., “Poincare plot of heart rate
variability allows quantitative display of parasympathetic nervous
activity,” Clin Sci, vol. 91, pp. 201-208, 1996.

[100] Tulppo, M. P., Makikallio, T. H., Takala, T. E., Seppanen, T. H. H.
V., & Huikuri, H. V., “Quantitative beat-to-beat analysis of heart
rate dynamics during exercise,” American journal of physiology-
heart and circulatory physiology, vol. 271(1), pp. H244-H252, 1996.

[101] Kamen, P. W., & Tonkin, A. M., “Application of the Poincare plot to
heart rate variability: a new measure of functional status in heart
failure,” Internal Medicine Journal, vol. 25(1), pp. 18-26, 1995.

[102] Brennan, M., Palaniswami, M., & Kamen, P., “Poincare plot
interpretation using a physiological model of HRV based on a
network of oscillators,” American Journal of Physiology-Heart and
Circulatory Physiology, vol. 283(5), pp. H1873-H1886, 2002.

[103] Kitlas, A., Oczeretko, E., Kowalewski, M., Borowska, M., & Urban,
M., “Nonlinear dynamics methods in the analysis of the heart rate
variability,” Annales Academicac Medicac Bialostocensis, vol.
50(2), pp. 46-47, 2005.

[104]Pincus, S. M., “Approximate entropy as a measure Of system
complexity,” Proceedings of the National Academy of Sciences, vol.
88(6), pp. 2297-2301, 1991.

[105] Vandeput, S., “Heart rate variability: linear and nonlinear analysis
with applications in human physiology,” Dissertation Abstracts
International, vol. 71(12), 2010.

[106] Makikallio, T. H., Seppéanen, T., Niemeld, M., Airaksinen, K. J.,
Tulppo, M., & Huikuri, H. V., “Abnormalities in beat to beat
complexity of heart rate dynamics in patients with a previous
myocardial infarction,” Journal of the American College of
Cardiology, vol. 28(4), pp. 1005-1011, 1996.

[107]Ho, K. K., Moody, G. B., Peng, C. K., Mietus, J. E., Larson, M. G.,
Levy, D., & Goldberger, A. L., “Predicting survival in heart failure
case and control subjects by use of fully automated methods for
deriving nonlinear and conventional indices of heart rate dynamics,”
Circulation, vol. 96(3), pp. 842-848, 1997.

[108]Richman, J. S., & Moorman, J. R., “Physiological time-series
analysis using approximate entropy and sample entropy,” American
Journal of Physiology-Heart and Circulatory Physiology, vol.
278(6), pp. H2039-H2049, 2000.

[109]Peng, C. K., Havlin, S., Stanley, H. E., & Goldberger, A. L.,
“Quantification of scaling exponents and crossover phenomena in
nonstationary heartbeat time series,” Chaos: An Interdisciplinary
Journal of Nonlinear Science, vol. 5(1), pp. 82-87, 1995.

[110] Mé&kikallio, T. H., Haiber, S., Kaber, L., Torp-Pedersen, C., Peng, C.
K., Goldberger, A. L., & Trace Investigators., “Fractal analysis of
heart rate dynamics as a predictor of mortality in patients with
depressed left ventricular function after acute myocardial infarction,”
The American journal of cardiology, vol 83(6), pp. 836-839, 1999.

[111]Huikuri, H. V., Mékikallio, T. H., Peng, C. K., Goldberger, A. L.,
Hintze, U., & Moller, M., “Fractal correlation properties of RR
interval dynamics and mortality in patients with depressed left
ventricular function after an acute myocardial infarction,”
Circulation, vol. 101(1), pp. 47-53, 2000.

[112] Thong, T., & Raitt, M. H., “Predicting imminent episodes oOf
ventricular tachyarrhythmia using heart rate,” Pacing and clinical
electrophysiology, vol. 30(7), pp. 874-884, 2007.

[113]Joo, S., Choi, K. J., & Huh, S. J., “Prediction of spontaneous
ventricular tachyarrhythmia by an artificial neural network using
parameters gleaned from short-term heart rate variability,” Expert
Systems with Applications, vol. 39(3), pp. 3862-3866, 2012.

[114] Goldberger AL, Amaral LAN, Glass L, Hausdorff JM, Ivanov PCh,
Mark RG, Mietus JE, Moody GB, Peng C-K, Stanley HE.
PhysioBank, PhysioToolkit, and PhysioNet, “Components of a New
Research Resource for Complex Physiologic Signals,” Circulation
vol. 101(23), pp. 215-e220, 2012.

[115]Rozen, G., Kobo, R., Beinart, R., Feldman, S., Sapunar, M., Luria,
D., & Glikson, M., “Multipole analysis of heart rate variability as a
predictor of imminent ventricular arrhythmias in ICD patients,”
Pacing and Clinical Electrophysiology, vol. 36(11), pp. 1342-1347,
2013.

[116]Riasi, A., & Mohebbi, M., “Prediction of ventricular tachycardia
using morphological features of ECG signal,” In Artificial
Intelligence and Signal Processing (AISP), 2015 IEEE International
Symposium on, pp. 170-175, 2015.

[117]Lee, H., Shin, S. Y., Seo, M., Nam, G. B., & Joo, S., “Prediction of
Ventricular Tachycardia One Hour before Occurrence Using
Artificial Neural Networks,” Scientific reports, vol. 6, 2016.

[118]Boon, K. H., Krishnan, M. B., & Khalil-Hani, M., “Ventricular
Tachyarrhythmia Prediction based on Heart Rate Variability and
Genetic Algorithm,” Telecommunication Computing Electronics and
Control, vol. 14(3), pp. 999-1008, 2016.

[119]Huang, C. L., & Wang, C. J., “A GA-based feature selection and
parameters optimizationfor support vector machines,” Expert
Systems with applications, vol. 31(2), pp. 231-240, 2006.




Int. J. Com. Dig. Sys. 8, No.4, 351-365 (July-2019)

s:&
L%

N
& 365

Thion Ming Chieng is pursuing Ph.D.
degree in biomedical engineering from
Universiti  Teknologi  Malaysia. He
obtained his Master’s degree in
Biomedical Engineering and Bachelor’s
degree in Microelectronic Engineering
from Universiti Teknologi Malaysia. His
research interests are in medical image
processing and medical signal processing.

Dr. Yuan Wen Hau is as a research
fellow and the head of Cardiac
Informatics  Cluster at UTM-IIN
Cardiovascular Engineering Centre,
Universiti Teknologi Malaysia. She is
also a senior lecturer at the School of
Biomedical Engineering and Health
Sciences, Faculty of Engineering,
Universiti  Teknologi Malaysia. She
received both Ph.D. degree and
Master’s  degree  in  Electrical
Engineering from Universiti Teknologi
Malaysia in 2009 and 2005, respectively. Dr. Hau's research
interests are in the design of multi-processor systems-on-chip
(MPSoC) /networks-on-chip (NoC), from electronic system level
(ESL) modelling to Register Transfer Level (RTL), as well as field
programmable gate array (FPGA) implementation. From there her
research interests have spread into the field of cryptographic and
data security application, biomedical application such as
arrhythmia classification and medical imaging processing, as well
as ADHD/autism assessment. She has published more than 30
papers in peer reviewed international journals and conferences, and
several book chapters. She is also a member of the IEEE.

Dr. Zaid Bin Omar is a senior lecturer at
the School of Electrical Engineering,
Universiti  Teknologi  Malaysia. He
completed his PhD at Imperial College
London in 2012, where he worked on
fusion algorithms of digital images, and
his Master’s degree was from the
University of Sheffield in 2008. Prior to
that, Dr. Zaid was an engineer with a
security consultancy firm in  Kuala
Lumpur. He obtained his Bachelor’s degree in Computer
Engineering from UTM in 2006. Dr. Zaid’s primary research
interests are in digital image processing, medical imaging and
artificial intelligence. He holds several research grants and has
close collaborations with Malaysia’s Institut Jantung Negara (IJN).
He has published numerous works in the field and is currently a
supervisor to several postgraduate students. Presently, Dr. Zaid is
seconded to the Ministry of Education Malaysia, where he heads
the Students Development Office.

Dr. Chiao Wen Lim is a senior lecturer
and acting consultant cardiologist at
Universiti Teknologi MARA (UiTM).
She is currently the coordinator of clinical
services of the Department of Cardiology
in UiTM. She obtained her MRCP (UK) in
2011 and her undergraduate medical
degree from University of Glasgow in
2007. Dr Lim’s special interest is in the
b . 4 field of cardiac electrophysiology and
syncope. She pursued her fellowship training in cardiac
electrophysiology in London in 2016 to 2018.







