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Abstract
Sudden cardiac arrest (SCA) prediction using electrocardiogram (ECG) and heart rate variability (HRV) signals has received 
the attention of researchers in recent years. Ventricular fibrillation (VF) is one of the most common identifiers for SCA. 
This work aims to investigate the ECG morphological feature, R peak to T-end (R–Tend), to foresee the imminent SCA 5 min 
before VF onset. ECG signals for SCA and Normal Controls from The MIT-BIH databases are divided into 1-min duration 
and is used to predict the onset of VF. Four nonlinear features, the Largest Lyapunov Exponent, Hurst exponent, sample 
entropy, and approximate entropy were extracted from the R–Tend beats and classified using three classifiers: support vector 
machine, subtractive fuzzy clustering, and neuro-fuzzy classifier. The performance of the proposed methodology confirms 
that the sample entropy features efficiently predict the SCA five min before VF onset using SVM classifier and produces 
the maximum mean classification rate of 100% compared to other classifiers. The proposed algorithm using R–Tend beats 
predicts the onset of SCA better than HRV signals and is computationally efficient. The proposed marker based on ECG 
morphological characteristics can be used as a tool to predict SCA for smarter healthcare management.

Keywords Electrocardiogram (ECG) · Machine learning · Nonlinear features · Sudden cardiac arrest (SCA) · Ventricular 
fibrillation (VF) · R–Tend beats · HRV signals

1 Introduction

Sudden cardiac arrest (SCA) appears primarily due to 
the sudden electrical disturbances in the heart, and when 
it stops pumping the blood to the rest of the body [1]. 
This unpredictable electrical activity of the heart rapidly 
increases the heartbeats, which is further influenced by 
arrhythmias and conditions such as ventricular fibrillation 

(VF) and ventricular tachycardia (VT) [2]. In specific, if 
these disturbances are not treated within a short period, 
generally within a few minutes, it can lead to sudden car-
diac death (SCD). Recent statistics reveal that a higher 
mortality rate due to cardiac arrest is reported in out-of-
hospital than the subjects under medication [3]. In spe-
cific, the survival rate of cardiac arrest (CA) patients out-
of-hospital is less than 30%, and sudden changes in heart 
rate (HR) and QRS complex have been observed 1 h before 
CA [4]. Concurrently, they pointed out that age is one of 
the critical factors which significantly influences CA, and 
very few studies in the literature explored ECG morpho-
logical changes before in-hospital CA (IHCA). Based on 
the recent study, almost 84% of SCD is due to ventricular 
tachyarrhythmia (VTA), and the remaining 16% is due to 
bradyarrhythmia (BA) [5]. Timely medical care of SCA 
can prevent SCD, which has been identified as one of the 
significant cardiac issues, significantly affecting people in 
both developed and developing countries. Recent statis-
tics by American Heart Association (AHA) indicate the 
presence of more than 600,000 fatalities each year due to 
cardiac diseases, and one in seven people will die of SCD 
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in the IUSA [6]. SCD is affected by risk predictors such as 
coronary artery diseases (CAD), valvular diseases (VD), 
channelopathies, myocardial infarction (MI), and genetic 
factors [2]. CAD is the most common factor for SCD. Still, 
in younger adults, arrhythmogenic right ventricular cardio-
myopathy (ARVC), hypertrophic cardiomyopathy (HCM), 
anomalous coronary arteries, and hereditary channelopa-
thies are the most common sources for SCD [5]. Several 
factors influence the condition of the heart, and an early 
prediction of a probable SCA can not only help in life-
style changes but also enable an appropriate and timely 
medical intervention, thereby reducing the number of fatal 
incidents.

SCA researchers employ data from patients with heart 
conditions such as dilated cardiomyopathy (DCM) and coro-
nary heart disease (CHD) for prediction. Various invasive 
and noninvasive risk markers such as left ventricular ejec-
tion fraction (LVEF), baroreceptor sensitivity (BRS), QT 
dispersion, and T wave alternans (TWA) have been used 
to segregate high- and low-risk SCD patients. The patients 
who have reduced Left Ventricular (LV) function following 
MI and DCM are classified as high-risk patients of SCD 
[7]. While patients with high-risk SCD receive prophylactic 
Implantable Cardio Defibrillator (ICD), it is also important 
to note that SCD events occur in significant numbers in 
low-risk patients who do not receive ICD. A review of cur-
rent risk stratification methods and future risk stratification 
schemes to identify high-risk patients of SCA is discussed in 
detail in [7, 8]. Though different researchers in the literature 
have proposed several risk markers, all these markers are 
developed and tested with few numbers of samples and it 
lacks of generalization. Hence, these markers need extensive 
validation with large number of samples before its being 
incorporated in clinical practice as an efficient clinical risk 
marker. Besides, none of them is computationally efficient 
because the earlier works required a large number of sample 
ECG signals for training and consequently higher demands 
for computational time and memory. Hence, coming up with 
a prediction marker that requires a fewer number of samples 
and less computational time is of great interest. A review 
of different risk stratification methods in SCD using ECG 
signals is presented by Gimeno-blanes et al. [9].

ECG signals portray dynamic, nonlinear, and chaotic 
behavior. As such nonlinear analysis of these signals based 
on chaos theory [10] is used to obtain insightful information 
on the underlying physical conditions of the heart electri-
cal activity. Chaos theory and fractality measures [11] have 
been used successfully for automated diagnosis of various 
neurological disorders such as epilepsy [12, 13], mild cog-
nitive impairment (MCI) [14], the Alzheimer’s disease [10, 
15], autistic spectrum disorder (ASD) [16, 17], Parkinson’s 

disease [18, 19], and depression [20] in conjunction with 
signal processing techniques such as wavelet transform [21, 
22] and neurocomputing and machine learning [23–26]. 
Hence, the use of these nonlinear features could extract 
meaningful information about a minute changes in heart 
rhythm to effectively predict SCA.

Recently, morphological features from biosignals 
received major attention in clinical diagnosis. Segovia et al. 
[27] discuss diagnosis of Parkinsonism based on the stri-
atal morphology. The morphology of the ECG waveform 
plays a significant role in identifying the state of the sub-
ject. The changes in electrical potential patterns (P-QRS-T) 
play a significant role in diagnosing cardiac health. These 
geometrical patterns are subtle and need a lot of clinical 
acumen for proper diagnosis. A recent study by Lim et al. 
[28], presents the significance of morphological changes in 
identifying the abnormalities of the ECG signal and they 
indicated that the minimal to significant variation in P-Wave, 
QRS complex and T wave results in a true positive rate of 
98% to identify the abnormalities in signal. In another work, 
the same researchers have developed a biometric authenti-
cation system using ECG morphological features [29]. In 
the case of SCD, most of the earlier works in the literature 
discuss the ECG parameter changes within the QT interval 
to analyze the depolarization and repolarization in the heart. 
The ECG parameters, such as fragmented QRS (fQRS), 
QT prolongation, heart rate variability (HRV), QRS com-
plex, T-peak to T-end (Tpe), heart rate turbulence (HRT) 
and T wave alternans (TWA) have predictive value for the 
arrhythmic events [30–33]. In [34], the researchers analyze 
the morphological changes within QT prolongation, such as 
R-wave onset to R peak, R peak to R-wave end, ST-segment 
duration, T wave onset to T-peak, and T-peak to T wave 
end with SCD. Finally, they concluded that T-peak to T-end 
is highly associated with SCD risk assessment. Recently, 
the researchers have analyzed the J-point or J-wave in the 
QRS complex, which exists between the QRS complex and 
the ST-segment has potential in analyzing the early repo-
larization. It may indicate the presence of VF [35, 36]. The 
most comprehensive review of different types of clinical risk 
markers in conduction, repolarization, and both stages can 
be found in [35]. In this case, cardiac monitoring by analyz-
ing the ECG parameters is an effective way to determine 
the future occurrence of the fatal VT/VF. Several methods 
are used to extract information about these various condi-
tions and abnormalities present in the ECG signal. Research-
ers also indicate that a computer-based methodology with 
nonlinear methods can capture these variations with better 
accuracy [37]. Recently, a software tool has been developed 
by a group of researchers for extracting linear, nonlinear, and 
time–frequency features from HRV signals for diagnosing 
different cardiac pathologies [38].
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2  Literature Review

Sankari et al. [39] present Heart Saver, a mobile cardiac 
monitoring system for automatic detection of atrial fibril-
lation, MI, and atrio-ventricular block. Martis et al. [40] 
review methods used for electrocardiogram characteriza-
tion. Martis et al. [41] discuss computer aided diagnosis 
of atrial arrhythmia using dimensionality reduction meth-
ods. A spectrum of linear and nonlinear features has been 
investigated for signal processing applications in both 
engineering and clinical domains [42]. QT interval, QRS 
duration, signal-averaged electrocardiogram (SAECG), 
and TWA measurements from ECG signals have been 
employed to assess the risk of SCD [43]. Juan et al. [44] 
worked on ECG signals using wavelet packet transform, 
and probabilistic neural network classifier and obtained 
95.8% accuracy. They measured the Homogeneity Index 
to measure the uniformity or smoothness of the signal 
[45]. QT waves are significant, but the higher complex-
ity involved in QT interval measurement limits its prog-
nostic ability, as discussed in a recent study [46]. These 
parameters seem to do better in predicting high-risk than 
low-risk SCD cases. HRV features derived from ECG have 
been used in many studies to predict SCD and Ventricular 
Arrhythmias (VA). Kleiger et al. [47] found HRV signals 
to be useful in predicting sudden and non-sudden death of 
post-MI patients. While HRV has been used as an active 
marker to predict several conditions, recently, research-
ers have worked on individual impulse waveforms or a 
combination of impulse waveforms produced by different 
specialized cardiac tissues to predict and understand the 
various conditions of the heart.

Sun et al. [48] report the nonlinear parameter Hurst 
results in 100% accuracy when segregating the VT/VF epi-
sodes from normal sinus rhythm (NSR) beats. Jelinek et al. 
[49] found that the complex correlation measure (CCM) 
was inferior in patients with major depressive disorder 
(MDD) than normal control (NC). This inferior CCM 
indicated a dampening of oscillations between parasympa-
thetic and sympathetic oscillatory activity, which indicates 
a reduced functionality and increased risk of SCD. Huikuri 
et al. [50] used a detrended fluctuation analysis feature 
called scaling exponent (α1) as a risk predictor for SCD in 
446 patients with MI and LVEF ≤ 35%. They investigated 
three nonlinear features, DFA α1, the standard deviation 
of normal–normal (SDNN), and very low-frequency spec-
tral components, to develop a powerful SCD predictor for 
cumulative arrhythmic and non-arrhythmic survival dur-
ing 1200 days of follow-up. They concluded that DFA 
α1 < 0.75 was a useful SCD predictor among the other pre-
dictors such as standard deviation of short-term variabil-
ity (SD1) and standard deviation of long-term variability 

(SD2) in Poincare plots. Time-dependent Point Corre-
lation Dimension (PD2i) derived from HRV produces a 
maximum specificity and sensitivity of 100% and 85% in 
detecting VF/VT, respectively [51]. Similarly, the short-
term fractal scale from heart rate indicated an increased 
risk of SCD in elderly subjects [52]. Five statistical fea-
tures (number of ectopic beats, the standard deviation of 
heart rate, power at low frequency, normalized power at 
low frequency and total power) and two nonlinear features 
(standard deviation of short-term variability and fractal 
scaling exponent) derived from HR 5 min before the onset 
of an SCA achieved 96.36% accuracy [53].

Shen et al. [54] had utilized four-time domain features 
with Multi-Layer Perceptron (MLP) and reported 67.44% 
accuracy in predicting imminent SCA using 2 min of HRV. 
Ebrahimzadeh et al. [55] extracted 20 different types of fea-
tures from 1 min of an HRV signal and produced 91.23% 
accuracy in predicting imminent SCA 1 min before its onset. 
Later, the researchers worked on extracting different features 
from multiple domain analyses reported prediction rates of 
83.96% and 81.49% using MLP and kNN, respectively, for 
predicting imminent SCA 3 min before its occurrence [56]. 
Hamida et al. [57] used HRV signals to predict the SCD 
using time–frequency analysis, which is 4 min before the 
VF onset from the MIT/BIH database.

Recently, 5-min durations of HRV and respiration rate 
variability (RRV) signals were extracted from 52 SCD 
patients, which is 1 h before VT onset for predicting the 
SCD. They achieved a maximum mean classification rate of 
85.3% using different time, frequency, and nonlinear domain 
features [58]. Reko et al.[59] used 8 h of ECG recording to 
study the underlying patterns for predicting imminent SCA. 
Mahalanobis Distance (MD) and Fitting Error Ratio (FER) 
measures were extracted from the recording and statistical 
analysis performed. A maximum mean accuracy of 78.4% 
in predicting imminent Sustained VTA and 73.9% accu-
racy for imminent non-sustained VTA were reported [59]. 
Skinner et al. [51] proposed a nonlinear descriptor named 
time-dependent point correlation dimension (PD2i) for SCA 
detection. Evaluation of this descriptor on 15–30 min of VT/
VF HRV produced 100% sensitivity and 85% specificity.

Most of these research works are based on ECG or HRV 
signals and analyzed the complete or portion of ECG signal 
traces for defining the risk marker and to detect SCA several 
minutes before the VF onset. The maximum SCA predic-
tion accuracy achieved and reported in the literature is about 
96%. However, there is no research work reported in the 
literature on morphological feature-based SCA prediction. 
Understanding the significance of nonlinear and morpho-
logical features, in this research, the morphological features 
of the R–Tend beats are used to investigate the cardiac system 
from ventricular depolarization to ventricular repolarization 
and understand VT and VF conditions of the heart to predict 
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SCA. To the best of our knowledge, there is no conspicuous 
work that discusses ECG morphological features (R–Tend) to 
predict SCA using nonlinear features and machine learning 
algorithms is reported in the literature. Hence, this present 
work aims to analyze the geometrical patterns of the ECG 
signals and attempts to predict SCA by extracting nonlinear 
features from the R–Tend segment of the ECG.

Hence, this present work is aimed to utilize the nonlinear 
features extracted from ECG morphology, i.e., R–Tend seg-
ments of the ECG wave, to predict SCA with better accuracy. 
The four most significant types of nonlinear features, approx-
imate entropy (ApEN), sample entropy (SampEN), largest 
lyapunov exponent (LLE) [60], and Hurst exponent (HE) 
were extracted from the R–Tend segment of ECG signals and 
statistically evaluated using ANOVA with a p < 0.001. The 
statistically discriminate features were classified using SVM, 
SFC, and NFC. Performance metrics such as mean accuracy 
(Acc), specificity (Spe), sensitivity (Sen), positive predictive 
value (PPV) and negative predictive value (NPV) are used 
to assess the performance of the proposed SCA prediction 
system. The research methodology of the proposed work and 
the details of experimental results and conclusions are given 
in the following sections.

3  Methodology

The flow diagram used in this work is as indicated in Fig. 1. 
The steps are elaborated as follows.

3.1  Database

Most of the earlier works in the literature on SCA predic-
tion/detection using ECG and HRV signals utilized MIT/
BIH database for SCA prediction [61]. In this work, two 
databases, the NSR database for non-SCA and SCD database 
for SCA, from MIT/BIH database, are used for the SCA pre-
diction. Data for 18 subjects (15 males, three females) from 
the SCD database with age ranging from 17 to 82 years, and 
18 subjects (five males, 13 females) from the NSR database 

with age ranging from 20 to 45 years are utilized in this 
work. The data was obtained directly from hospitals around 
Boston and were measured using Holter recording. The total 
number of samples per second in both databases is 256. 
More details about the patients, experimental setup, experi-
mental procedure, data acquisition, patient health history, 
and annotation have been presented in Goldberger et al. [62].

In order to predict the SCA, ECG signals of 1-min dura-
tion at 5 min before the extraction of VF onset were seg-
mented from all the signals in the SCD database. In the case 
of non-SCA, 1-min ECG segments were chosen from all the 
data in the NSR category.

3.2  Pre‑processing

Pre-processing of a signal is an essential stage in terms of 
signal conditioning. It is used to remove unwanted infor-
mation such as noise and artifacts from the signal. In this 
research, two-stage filtering was performed using an IIR fil-
ter and S-Transform to remove noise from the ECG signals, 
including baseline wandering, power line interference, and 
muscle artifacts [63]. First, the noise due to power line fre-
quency and baseline wandering was removed by using a 6th 
order IIR filter with passband frequencies between 0.5 and 
49 Hz. To remove the zero-energy noise that was present in 
the desired frequency range (0.5–49 Hz) of the ECG sig-
nals, Stockwell Transform (S-Transform), which is a phase-
corrected Continuous Wavelet Transform (CWT) [64–67], 
was used in the second stage of filtering [64].

The continuous S-Transform (τ, fo) is defined as [55],

where x(t) is the input signal, and τ is the time of spec-
tral localization. The output of the S-transform (τ, fo), is a 
one-dimensional function of time at a constant frequency 

(1)So
�
�, fo
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∫
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Fig. 1  Methodology on SCA prediction using ECG morphological features
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fo. Assuming that the input signal x(t) is windowed using 
Gaussian function g(t), then the output spectrum is given by

where generalized Gaussian function is (g(t)) is defined as

Therefore, the continuous S-Transform function in Eq. (1) 
can be represented by Gaussian function with translation (τ) 
and dilation (σ) parameters as

In this work, the S-Transform window size (σ) in Eq. (4) 
was varied between 0.1 and 2.0 with an increment of 0.1 for 
both SCA and non-SCA filtered signals to analyze its ability 
to remove zero-energy noises from the filtered signals. The 
value of σ was fixed as 0.2 and 1.6 for efficient removal of 
zero-energy noises from SCA and non-SCA filtered signals, 
respectively, based on visual inspection.

3.3  R–Tend Extraction

A typical ECG signal with the PQRST complex contains 
three segments, namely, PR segment, QRS complex, and 
the ST-segment. In [68], the researchers have proposed an 
adaptive signal extraction method based on DWT coupled 
with adaptive parameters to extract different morphological 
waves from the highly varied ECG signals. In specific, the 
proposed method efficiently extracts the ECG morphologi-
cal waves such as P-wave, QRS complex, T wave, and onset 
and offset of P-wave using adaptive parameters even if the 
ECG signal changes due to any cause. The proposed method 
achieved a maximum mean sensitivity of 95% in extracting 
the morphological waves from the public databases. In this 
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work, the authors aim to investigate and analyze the ECG 
signal from ventricular depolarization up to the end of ven-
tricular repolarization, which is from the R peak to the end 
of T wave (R–Tend). The other segments, such as S wave and 
QRS complex, are not considered, as the performance of 
SCA prediction can be significantly improved while analyz-
ing the R–Tend segment, which is directly associated with 
SCA than other segments.

However, extracting differentiating features from the 
R–Tend segment is challenging due to the fluctuations in the 
baseline, signal characteristics, and frequency of the T wave. 
Several methods have been proposed by different research-
ers in the literature for R peak and T wave extraction. In 
this study, R peaks are detected using the R peak detec-
tion method in [47], and Tend was identified according to the 
method proposed by Zhang et al. [42].

Based on the R peak detected, an interval [t1, t2] is 
roughly chosen to delimit the Tend for each cardiac cycle. 
t1 and t2 are the starting and ending time of the T wave. A 
moving window integrator with a window size of the width, 
W, is chosen such that the 0 <W <L , where L indicates the 
total length of the T wave given as.

The area under the T wave A(t), is computed at every 
instant of time using the moving window, as in Fig. 2.

A (t) refers to the area under the signal (t) in the interval 
[t−W, t]. Tend (t2) is located by finding the value of t that 
maximizes the area A(t). In this work, the total number of 
R–Tend beats and their characteristics in one-min durations, 
5 min before imminent SCA, is used for devising electro-
physiological markers for SCA prediction.

(5)L = t2 − t1

(6)A(t) =

t

∫
t−W

[s(�) − s(t)]d�

Fig. 2  Area calculation using 
a window of size W, t1 and t2 
indicate the start and end time 
of T wave

L L
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3.4  Extraction of Nonlinear Features

The nonlinear and chaotic behavior of the ECG signals 
depend on the condition of the heart, and abnormal fluc-
tuations caused due to cardiovascular diseases increase the 
chaotic nature of the ECG signals [69]. ECG signals pertain-
ing to SCA and also reflects an increase in the chaotic and 
nonlinear behavior depending on the severity of the cardiac 
arrest. As such differences can be measured using nonlin-
ear analysis, nonlinear features such as largest Lyapunov 
exponent (LLE), Hurst exponent (HE), entropies, etc., are 
explored in this work as a measure of the complexity and 
regularity of the time series.

3.4.1  Largest Lyapunov Exponent

Largest Lyapunov exponent (LLE) denoted by λ is given 
by [34],

where ∆ is the sampling period, M is the embedding dimen-
sion, dn(k) is the distance between the kth pair of nearest 
neighbors after k discrete-time steps. LLE measures the 
divergence rate of two initially nearby points of a trajectory 
as the system evolves. The orbits of the trajectory can be 
distinguished as chaotic when λ is positive and static when λ 
is negative. The individual information present in the R–Tend 
beats to estimate the Lyapunov exponent is called the degree 
of freedom, and it decides the total number LLEs. In this 
work, LLE was computed on the R–Tend beats based on algo-
rithms devised by Rosenstein et al. [70].

3.4.2  Approximate Entropy

Approximate entropy (ApEN) measures similar epochs in 
a given time series data. Time series with highly repetitive 
patterns have small values of ApEN, and those with less 
predictable patterns have a higher value of ApEN [46]. Thus, 
ApEN is an effective measure to quantify unpredictability of 
fluctuation in R–Tend beats that is more specific in SCA [71].

where the correlation integral,

(7)�(k) =
1

kΔt

1

M − k

M−k∑
n=1

ln
dn(k)

dn(0)

(8)

ApEN(d,R, L) =
1

N − d + 1

L−d+1∑
i=1

logCd

i
(R)

−
1

L − d

L−d+1∑
i=1

logCd+1
i

(R)

and d denotes embedding dimension, R indicates the simi-
larity criterion, L refers to the data length, and Φ is the step 
function. In this work, the value of d is 2, R is 20% of the 
standard deviation of the time-series segment.

3.4.3  Sample Entropy

Sample Entropy (SampEN) is a measure similar to approxi-
mate entropy that quantifies the level of complexity that 
exists in the signal [61]. Higher values of SampEN denote 
lower regularity in time series and vice versa.

where,

 is the correlation integral. The embedding dimension and 
the similarity criterion values are chosen to be the same 
as ApEN. Recent studies have indicated both SampEN and 
ApEN can be useful tools in understanding the dynamics of 
the physiology of cardiovascular systems, and hence both 
are used in the present work [61].

3.4.4  Hurst Exponent

Hurst exponent (HE) is used to measure the smoothness of 
fractal time series data. The computation of HE is based on 
the asymptotic behavior of the rescaled range of the underly-
ing process [71, 72] 

where L is the length of the data, ′ is the difference between 
the maximum and minimum deviation from the mean value, 
and S refers to the standard deviation of the time series data.

The values of HE ranges from 0 to 1 and is a measure of 
the roughness of the time series. Higher values of HE, rang-
ing from 0.5 to 1, indicate the existence of a strong correla-
tion in the data. Values less than 0.5 indicate anti-persistent 
or a rougher time series. HE values of 0.5 indicates a Brown-
ian motion or random data that cannot be predicted.

(9)Cd
i
=

1

L − d + 1

L−d+1�
i,j=1

�(R − ‖xi − xj‖)

(10)s(d,R, L) = − ln[��d(R)∕��d�+1(R)]
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(12)HE = log

(
R�

S

)
∕ log(L)
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3.5  Prediction of SCA

Three classifiers, namely Subtractive Fuzzy Clustering 
(SFC) [56], Support Vector Machine (SVM) [57], and 
Neuro-Fuzzy Classifier (NFC) [58] are used to predict SCA. 
The nonlinear features extracted from individual R–Tend 
beats are used to identify the underlying dynamic state.

3.5.1  Subtractive Fuzzy Classifier

SFC generally requires lesser computational time than the 
Fuzzy C Means (FCM) clustering. Consider a collection of 
m data point { x1,… , xm } in an N-dimensional space. Sub-
tractive Fuzzy Classifier (SFC) assumes each data point is a 
potential cluster center and calculates a measure of the poten-
tial for each data point based on the density of surrounding 
data points. Density measure at data point xj is calculated as,

where ra is a positive constant, and it defined as the neigh-
borhood radius.

SFC algorithm selects the data point with the highest den-
sity measure as the first cluster center and then destroys the 
potential of data points near the first cluster center. The range 
of influence of a cluster center in each data dimension is called 
a cluster radius. A small cluster radius (radii parameter) will 
lead to finding many small clusters in the data (resulting in 
many fuzzy rules) and vice versa. In this work, the radii param-
eter was experimented from 0.1 to 1.0 with an increment of 
0.1. If the performance of the SFC algorithm is improving 
when the radii equals to 1.0, then the radii parameter would be 
further incremented in binary expansion  (2n, n = 1,2,3,…,128) 
until the prediction accuracy begins to drop.

3.5.2  Support Vector Machine

Support Vector Machine (SVM) is a robust, binary classifica-
tion algorithm that employs sophisticated mathematical prin-
ciples to provide better classification based on statistical learn-
ing theory. It uses a hyperplane to segregate the two classes 
depending on the kernel used. Let the separating hyperplane 
to be defined as x ⋅ w + b = 0 , where w is the weight vector, 
x is the input vector, and b is the bias. For linearly separable 
data labeled {xi, yi}, xi ∈ ℜNd, yi = {−1, 1}, i = 1,… ,N , the 
optimum boundary chosen with maximal margin criterion is 
found by minimizing the objective function,

(13)Dj =

m�
i=1

exp

⎛
⎜⎜⎜⎝
−

���xj − xi
���
2

(ra∕2)
2

⎞⎟⎟⎟⎠

E = ‖w‖2

Subject to (xi ⋅ w + b)yi ≥ 1 , for all i. The solution for the 
optimal boundary w0 is a linear combination of a subset of 
training data, s ∈ {1,… ,N} ∶ the support vectors. These 
support vectors define the margin edges and satisfy equality 
(xs ⋅ w0 + b)ys = 1 . Data may be classified by computing the 
sign of x ⋅ w0 + b.

3.5.3  Neuro‑Fuzzy Classifier

Neuro-Fuzzy classifier (NFC) works on the principle of 
Neural Networks (NN) and the Fuzzy Inference System 
(FIS) [54, 55]. FIS addresses problems that are not linearly 
separable by employing knowledge from human experts in 
the form of IF–THEN rules [73]. NFC is fundamentally an 
algorithm with the learning ability of NN and represents 
learned knowledge in an interpretable using FIS [17, 74]. 
There are many types of NFCs reported in the literature and 
this work utilizes the NFC with scaled conjugate gradient 
(SCG) algorithm [71]. It combines the compelling descrip-
tion of FIS with the learning capability of NN to partition a 
feature space into classes. NFCs have been applied to vari-
ous problems and situations. It consists of 6 layers (input, 
fuzzy membership, fuzzification, defuzzification, normali-
zation and output) and can handle problems with multiple 
inputs and multiple outputs [74]. The use of weights in the 
defuzzification layer affects the rules and improves classi-
fication flexibility. In this work, k-means clustering method 
is used to obtain the initial parameters and to formulate the 
fuzzy IF–THEN rules [75]. This reduces the complexity 
associated with its implementation.

3.6  Performance Metrics

The performance of different classifiers for SCA prediction 
is evaluated using five performance metrics: mean accuracy 
(Acc), sensitivity (Sen), specificity (Spe), positive predictive 
value (PPV), and negative predictive value (NPV) as defined 
by Eqs. (14)–(18) [53].

(14)Acc =
TP + TN

TP + TN + FP + FN

(15)Sen =
TP

TP + FN

(16)Spe =
TN

TN + FP

(17)PPV =
TP

TP + FP
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where TP, TN, FP, and FN refer to the total number of true 
positive, true negative, false positive, and false-negative 
samples, respectively.

(18)NPV =
TN

TN + FN

4  Numerical Results

The noise in the ECG signal was removed using Butterworth 
IIR and S-Transform-based filtering methods. The 6th order 
IIR Butterworth band-pass filter with a frequency ranging 

Fig. 3  a Raw ECG signal of SCD patient no 30 with contour plot. b Band-pass filtered signal of ECG signal of SCD patient no 30 with a contour 
plot

Fig. 4  S-transform filtered 
signal of EEG signal of SCD 
patient no 30 with a contour 
plot
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from 0.5 to 49 Hz removed baseline wandering, power line 
interference, and high-frequency noise from the SCA and 
non-SCA signals.

Figure 3a displays a sample ECG signal for an SCD 
patient on the top and its contour plot at the bottom repre-
senting the normalized frequency of the signal. The sample 
indicates the presence of baseline wandering and which was 
removed using Butterworth filter. The filtered signal and its 
contour are represented in Fig. 3b. The red-colored circles in 
Fig. 3b indicate the presence of noises at higher frequencies, 
which needs to be removed for accurate prediction of SCA. 
Noises with zero energy appear as black lines on the contour 
plot. In this research, an S-transform filter is employed to 
remove the zero-energy noise. The filtered output is shown 
in Fig. 4. Initially, the ECG signals are normalized using 
the average mean reference method to transform the signal 
amplitude between − 1 to 1, and then S-Transform is applied 
to the normalized signal to remove the zero energy noises.

4.1  Statistical Analysis

The four nonlinear features were obtained from the R–Tend 
beats of the 36 ECG records (18 SCD records and 18 normal 
ECG records). The number of R–Tend beats varied in the 
range of 82–96 beats per minute for both NSR and SCD sig-
nals. In this work, 82 R–Tend beats were extracted from both 
SCD and NSR signals and used for feature extraction. The 
dimension of the feature vector of each feature derived from 

a single R–Tend beat over 36 EEG records was [2952 × 1]. 
The box plot analysis of features values of NSR and SCD is 
shown in Fig. 5. The two subjects group have notable dif-
ferences in their feature values between normal control and 
SCD. These variations are significant due to the changes in 
the geometry of the waveform, indicating the divergence of 
the values is different for both the cases. The values derived 
from RR variability and others do not show signs as the 
R–Tend beats.

In this work, ANOVA is used for testing the statistical 
significance of all the features indicating a significant dif-
ference in the values between the two states. The results are 
listed in Table 1. The high F values, all greater than 100, 
and the shallow p values, all less than 0.0001, indicating 
that all the nonlinear features were statistically significant 
in demarcating the SCA and non-SCA data. HE has the least 
value of p, followed by ApEn, SampEN, and LLE, indicating 

Fig. 5  Box plot analysis of larg-
est Lyapunov exponent (LLE) 
(top left), approximate entropy 
(ApEN) (top right), sample 
entropy (SampEN) (bottom 
left), and Hurst exponent (HE) 
(bottom right)

Table 1  Statistical analysis of R–Tend beats features using one-way 
ANOVA

Nonlinear features One-way ANOVA

F value p value

LLE 363.57 6.5e−8

ApEN 178.98 7.8e−10

SampEN 108.11 9.2e−9

HE 779.20 5.3e−12
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the order of significance, which was further explored using 
the classifiers.

4.2  Prediction of SCA Using the Various Classifiers

Before employing machine learning algorithms for SCA 
classification, the k-fold cross-validation method was used 
to segregate all the features into training and testing sets. 
The value of 10 was used for k to perform random division 
of the features into 10 (k) equal data sets. Of these nine sets 
(− 1) were used for training, and the kth set used for testing. 
The accuracy of the classifiers was cross-validated by repeat-
ing the process for 10 (k) times by changing the sets used for 
training and testing.

The mean classification values over the ten trials are 
reported in this section. The performances of the three clas-
sifiers using four different features are presented in Tables 2, 
3 and 4. It can be observed from Table 2 that for SVM, 
all the features predict SCA with an accuracy of at least 
94%, and the entropy feature, namely Approximate Entropy 

and Sample Entropy, yields the highest accuracy in the 
range 98.7–100%. This same trend is observed in the SFC 
(Table 3) and NFC (Table 4), where the entropy features 
outperform the other features.

Overall, Sample Entropy was able to differentiate SCA 
from non-SCA most effectively with an accuracy of 100%, 
98.68%, and 97.37% for SVM, SFC, and NFC, respectively. 
The sensitivity, specificity, PPV, and NPV of the Sample 
Entropy feature were also high compared to the other fea-
tures in the analysis, indicating that the SCA and non-SCA 
cases are predicted correctly in most cases.

The performance metrics of all the features and three clas-
sifiers are summarized in the bar chart of Fig. 6. The linear 
kernel used in the SVM classifier indicates that the features 
of SCA and non-SCA data were linearly separable. Indeed, 
the SVM classifier has more parameters to be fine-tuned than 
the other two classifiers (C: regularization parameter, gamma: 
kernel coefficient, type of kernel function) [76]. NFC and SFC, 
on the other hand, are more suitable for feature vectors with a 
nonlinear pattern, thus explaining their lower mean accuracies. 
The maximum accuracy for all the features by combining all 
the four features is 98.68%, 80.26%, and 92.11% for SVM, 
Subtractive Fuzzy, and Neuro-Fuzzy classifiers, respectively. 
SFC gives the lowest mean classification rate compared to 
other classifiers, because, the average mean values of HE 
features of NSR and SCD features have a smaller range of 
values than LLE and Sample Entropy. Alongside, LLE gives 
maximum mean classification rate than HE features, since, 
the LLE values of NSR features are higher than SCD features, 
which could imply that the data was more chaotic for SCD 
cases (Table 3). It should be noted that all the features have 
excellent negative predictive value (more than 80%) and higher 
sensitivity (more than 83%). In specific, entropy measures are 
efficient in capturing the dynamics of R–Tend beats relevant to 
VF/VT onset compared to LLE and Hurst exponents. These 
experimental results confirmed the findings of earlier work on 

Table 2  SCA prediction rate using support vector machine classifier 
(%)

Spe specificity, Sen sensitivity, PPV positive predictive value, NPV 
negative predictive value, Acc mean accuracy

Features SPE SEN PPV NPV Acc

ApEN 100 97.22 100 97.56 98.68
SampEN 100 100 100 100 100
HE 100 88.89 100 90.91 94.74
LLE 100 94.44 100 95.24 97.37

Table 3  SCA prediction rate using subtractive fuzzy classifier (%)

Spe specificity, Sen sensitivity, PPV positive predictive value, NPV 
negative predictive value, Acc mean accuracy

Features Spe Sen PPV NPV Acc

ApEN 100 83.33 100 86.96 92.11
SampEN 100 97.22 100 97.56 98.68
HE 90 75 87.10 80 82.89
LLE 75 97.22 77.78 96.77 85.53

Table 4  SCA prediction rate using neuro-fuzzy classifier (%)

Features Spe Sen PPV NPV Acc

ApEN 95 97.22 94.59 97.44 96.05
SampEN 95 100 94.74 100 97.37
HE 87.5 72.22 83.87 77.78 80.26
LLE 90 80.56 87.88 83.72 85.33
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nonlinear features-based SCA prediction using ECG signal 
in [56].

The performance of the R–Tend beats was also compared 
with HRV signals for all the four nonlinear features. The 
results for SVM are shown in Fig. 7. It can be observed that 
all the nonlinear features performed better for the R–Tend beats 
compared to that of HRV signals using the SVM classifier. 
This analysis indicates that R–Tend can be investigated further 
using a large number of signals to predict the onset of SCA

5  Discussion

5.1  Significance of ECG Morphology

Researchers working on the prediction of various heart dis-
eases typically investigate ECG and HRV signals to develop 
intelligent healthcare systems. Devising eminent risk mark-
ers can allow the system to identify the pathology in a com-
putationally efficient way. Several risk stratification methods 
have been proposed in the literature for identifying the risk 
of SCD using different markers Left Ventricular Ejection 
Fraction (LVEF), Heart rate turbulence (HRT), deceleration 
capacity, and microvolt T wave alternans (MTWA), etc.

While these methods are suitable for predicting the SCA 
from a healthy heart, they are inefficient in real-time and 
under other medical conditions such as VF/VT and have 
stacks of challenges in computation. Most of the existing 
prediction algorithms in the literature report substandard 
sensitivity or specificity or negative predictive value and 
most successful in predicting SCD in patients with cardiac 
diseases. Most of the earlier works analyzed HRV signals for 
predicting SCA before the onset of VF/VT, other waveforms 

produced by the cardiac system such as QRS and ST should 
also be analyzed in accordance with its significance to the 
underlying conditions.

Several studies have been published for predicting SCA/
SCD using different waves or segments from patient’s ECG, 
such as the QRS duration, QT prolongation, ST elevation, 
ST depression, TWA, QT dispersion, and heart rate vari-
ability. More details about the different types of risk mark-
ers in SCA predication can be found in [9]. R–Tend waves 
reflecting the ventricular depolarization and repolarization 
behavior have been researched extensively to understand 
their correlation with the occurrence of SCA. Results indi-
cate that R–Tend waves are significant in predicting the onset 
of SCA and can be investigated further to be developed as an 
efficient marker for SCA prediction clinically. Besides the 
R–Tend features, the other morphological features also have 
a significant difference between normal control and SCD. 
QT prolongation of normal control and SCD has a mean 
value of 0.404 s (Ranges: 0.401–0.407 s), 0.414 s (ranges: 
0.407–0.416 s), respectively. In case of T-peak to T-end 
duration, the normal control and SCD has a mean value of 
0.0764 s (0.0737–0.0778 s), 0.0884 s (0.0867–0.0922 s), 
respectively. The QRS duration of SCD (> 0.138 s) is greater 
than normal control (> 0.10 s).

5.2  Nonlinear Features from Varied Morphology 
of ECG Signals

Both linear and nonlinear features are analyzed by research-
ers for the prediction and identification of SCA. It is well 
evident that nonlinear features perform well compared to 
linear features in SCA prediction in both ECG and HRV 
signals [46, 48, 51, 56, 58].

A selected number of computationally efficient nonlin-
ear features were used in this work to extract the hidden 
underlying patterns that correlate with SCA. These nonlin-
ear features produce highly significant results for 5 min of 
imminent SCA prediction as compared with earlier works 
in the literature (Table 5). Understanding the significance 
of morphology and nonlinear features, the present study 
computed nonlinear features from the R–Tend wave of the 
ECG signals and reported high accuracy. Table 5 provides a 
comparison of the results from the current study with earlier 
works on SCA prediction using ECG and HRV signals. The 
MIT/BIH databases (SCD and NSR) was used in most of 
the works as an international standard database for SCA/
SCD detection. In [58], the HRV signals are used to predict 
the SCA 4 min before VF onset and achieved a maximum 
prediction rate of 94.7% compared to other researchers. Fair-
ooz et al. [77] achieved a maximum SCA prediction rate of 
91.67% in predicting the SCA 30 min before its onset with 
a maximum mean accuracy of 91.67%. Besides, most of the 
research work analyzed multiple domains (time, frequency, 
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time–frequency) features for predicting SCA than simple 
features which effectively characterize the VF onset in ECG 
signals.

5.3  Computational Complexity and Performance

Among the different conditions of the heart, SCD/SCA is 
more critical as it causes fatality in a significantly short 
interval of time without raising any warning symptoms. The 
risk factor increases for patients with medical conditions. 
The people who suffered from VA and left ventricular (LV) 
systolic dysfunction over a prolonged duration of time are 
the prime victims of SCD. Implantable cardioverter-defi-
brillator (ICDs) are mostly used to save patients with a high 
risk of SCD. However, it is highly challenging to categorize 
the subjects with a significant risk of arrhythmia and to get 
support from ICD to rescue them from SCD.

A faster and computationally efficient algorithm is essen-
tial for efficiently predicting SCA before VF onset to reduce 
the mortality rate. Most of the earlier researches have com-
putationally complex research methodology which encom-
passes multiple feature extraction and feature selection 
methods, and machine learning methods for SCA predic-
tion. Besides, the unpredictable and complex nature of the 
nonlinear, non-Gaussian, and non-stationary ECG signals 
need to be analyzed by efficient algorithms. Hence, this 
research work mainly focuses on predicting the onset of VF 
using R–Tend wave information is a computationally efficient 
method, and it achieves a higher prediction rate compared to 
all other works in the literature. The complete methodology 
has been implemented using MATLAB software using Intel 

i5 processor (5th generation) with 8 GB RAM in Windows 
10 operating system.

5.4  Limitations of the Present Work

The present work has the following limitations: (1) the 
proposed algorithm for SCA prediction is tested using a 
limited number of ECG samples (NSR and SCD) from the 
international standard MIT-BIH database. There is no open-
source database for testing the proposed algorithm in clinical 
applications and to develop a generalized and robust SCA 
prediction system. (2) There is no rich information about 
the background of ECG data (such as patient health history, 
behavioral characteristics of NSR and SCD subjects, intra-
ventricular conduction time (H–V intervals, data acquisition 
time, data acquisition environment, and others) is available 
in the database for more detail investigation of experimen-
tal results. The circadian rhythms might also significantly 
alter the characteristics of R–Tend features, and it may lead 
to incorrect predictions. Hence, the proposed methodology 
should be investigated further, taking into account the afore-
mentioned factors to develop more robust ECG morphologi-
cal feature-based risk markers for better SCA prediction.

6  Conclusion

In this work, a novel methodology is proposed for imminent 
SCA prediction using nonlinear features of R–Tend segments 
of ECG signals. The maximum mean classification rate of 
100%, mean sensitivity of 97.12%, and a mean specificity 
of 97.12% have been achieved using the SVM classifier. The 

Table 5  Comparison of present work with earlier works in SCA prediction in %

VF ventricular fibrillation, MLP multi-layer perceptron, CHF chronic heart failure, RRV respiration rate variability

References Duration of signal Sen Spe Acc

Shen et al. [54] 2 min of HRV right up to onset of VF(SCA) – – 67.44
Ebrahimzadeh et al. [55] 1 min of HRV which is 1 min before the onset of VF (SCA) – – 91.23
Ebrahimzadeh et al. [56] 1 min of HRV which is 3 min before the onset of VF (SCA) 83.75 0.159 83.93

1 min of HRV which is 2 min before the onset of VF (SCA) 89.64 0.089 90.36
Hamido et al. [58] 1 min HRV which is 4 min before VF onset 95 94.40 94.7
Lee et al. [57] 60 min ECG before VTA 88.2 82.4 85.3
Reko et al. [59] 8 h ECG recording of sustained VTA patients 50 93 78.4

8 h ECG recording of non-sustained VTA patients 11 93 73.9
Murukesan et al. [53] 5 min of HRV which is 2 min before the onset of VF 93.33 100.00 96.36
Skinner et al. [51] HRV of 15–30 min for detection 100 85 –
Fairooz et al. [76] 1 min ECG which is 30 min before onset 88.88 94.44 91.67
Present work 1 min of R–Tend beat which is 5 min before the onset of VF (SCA)

 SampEn 100 100 100
 ApEN 97.22 100.00 98.68
 LLE 100 95 97.37
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SampEN feature produced a 100% mean prediction accuracy 
on SCA prediction. Specifically, entropy-based features are 
more capable of capturing randomness or chaos in a time 
series, and this is more evident in this present study on SCA 
prediction. SVM classifier fits well with the R–Tend features 
and correctly separates the SCA and non-SCA features com-
pared to NFC and SFC classifiers. The experimental results 
reveal that R–Tend segments of the ECG signal contain 
useful information, which can be used for SCA prediction 
with perfect accuracy. This proposed algorithm could help 
cardiologists and medical personnel to identify and catego-
rize high- and low-risk patients for SCA treatment or ICD 
implantation. Besides that, it can help to save thousands of 
lives in ICU wards, since medical personnel can be alerted 
to provide Cardiopulmonary Resuscitation (CPR) before 
the onset of SCA. In fact, the survival rate of SCA patients 
reduces by 7 to 10% with every minute of delay for CPR or 
defibrillation. Thus, by predicting 5 min before the onset, it 
is hoped that thousands of lives can be saved. However, this 
present work utilizes smaller size data set for developing 
the SCA prediction algorithm. Hence, it should be tested 
with a more extensive database for analyzing the generaliza-
tion ability of the proposed algorithm for SCA prediction. 
Besides, the R–Tend wave the future research may focus on 
other ECG signal segments/waves for improved clinical 
interpretation/results.

Additionally, some other types of nonlinear features and 
advanced machine learning algorithms (such as deep learn-
ing) could further improve sudden cardiac arrest prediction 
system’s ability in the future. The predictive power using 
R–Tend beats has been tested only on limited data and spe-
cific to the medical conditions. However, analysis over a 
large number of randomized trials is needed to ensure R–Tend 
beats as a computationally efficient SCD risk marker that can 
reduce the occurrence of Sudden Cardiac Deaths.
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