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ARTICLE INFO ABSTRACT

Ventricular arrhythmias (VA) are life-threatening pathophysiological conditions that seriously impact the
normal functioning of the heart. Ventricular tachycardia (VT) and ventricular fibrillation (VF) are the two well
known types of VA. VF is the lethal of the VAs and could be characterized by its organizational progression over
time. The success of cardiac resuscitation strongly depends on the type of VA, its evolution over time and
response to therapy. Due to the time critical nature of VF, computationally efficient quantification of VAs and
swift feedback are essential. This work attempted to arrive at computationally efficient and data-driven tech-
niques based on Empirical Mode Decomposition for classifying and tracking VAs over time. The approaches are
divided into two aims: (1) ‘in-hospital’ scenarios for characterizing the dynamics of VA episodes to assist clin-
icians in planning long-term therapy options, and (2) ‘out-of-hospital’ scenarios for providing near real-time
feedback to detect/track the progression of VAs over time to assist medical personnel select/modify therapy
options. Using an ECG database of 61 60-s VA segments obtained for classifying VT vs. VF and sub-classifying VF
into organized VF (OVF) and disorganized VF (DVF), maximum classification accuracies of 96.7%
(AUC = 0.993) and 87.2% (AUC = 0.968) were obtained for classifying VT vs. VF and OVF vs. DVF during ‘in-
hospital’ analysis. Additionally, two near real-time approaches were presented for ‘out-of-hospital’ analysis
where average accuracies of 71% and 73% were achieved for VI/VF and OVF/DVF classification, as well as
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demonstrating strong potential for monitoring VA progressions over time.

1. Introduction

Ventricular arrhythmias (VA) are life-threatening pathophysiolo-
gical conditions that seriously impact the normal functioning of the
heart. Ventricular tachycardia (VT) and ventricular fibrillation (VF) are
the two well known types of VA. VT is characterized by unusually fast
ventricular contractions, resulting in a drastic decrease in circulation
due to the reduction in blood filling the ventricles [1]. VT will often
devolve into VF over time, which is the most lethal type of VA. During
VF the ventricles of the heart fail to contract in an organized manner at
all, resulting in an almost complete loss of circulation to vital organs. If
this condition persists for few minutes without medical treatment it
becomes fatal. Annually in North America, 350,000 people die from
sudden cardiac death (SCD) [2], many of those cases are related to VF.
Most of these SCDs occur in the 'out-of-hospital' VF incidences. In spite
of decades of research, there is no fool proof treatment option for VF
and despite the technological advances, survival from 'out-of-hospital'
cardiac arrest remains extremely low [3]. One study based on
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Resuscitation Outcomes Consortium registry including 7 US and 3 Ca-
nadian sites (with 96662 out-of-hospital cardiac arrest) reports the
survival to discharge to be less than 10% [3].

In order to improve the current treatment options, there are many
ongoing research efforts that are attempting to understand, char-
acterize, and quantity VAs to obtain meaningful markers on its evolu-
tion and response to therapy. There are also strong indications that in
near future treating VF via focal ablations will be a potential possibility
for '‘in-hospital' VF or symptomatic patients suffering VF [4,5].
Krummen et al. demonstrated that VF is perpetuated by a finite number
of stable rotors, and targeting these specific sites with focal ablation
therapy can significantly reduce VF inducibility [4,6,7]. Ho et al. also
demonstrated that focal ablation therapy prevented inducibility of VF
by targeting rotor sites [5]. Recent past studies supporting rotor theory
have demonstrated spatio-temporal organization during VF [8-11].
Rotor theory is one of the 2 well-known theories on the mechanism
behind VF, the other being the multiple-wavelet theory [12]. In the
rotor theory, VF is initiated and maintained by organized rotating
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sources called rotors [13]. As per this theory and many existing works
supporting this theory, the difference between an organized VF and
disorganized VF is explained by the number of rotors and their char-
acteristics (i.e. meandering, stable, transient etc). While many of the
existing studies have shown the organizational aspects spatio-tempo-
rally, temporal organization has also been indirectly quantified by
many existing methods using surface ECGs [14,15]. In addition, the
time from VF onset (or whether it is early VF or late VF) is widely
believed to influence the organization. Some treatment options like
Cardio Pulmonary Resuscitation (CPR) and anti-arrhythmic drugs have
also been shown to influence the organization of VF and/or rotor
characteristics [16,17]. All of the above evidences support that during
the temporal evolution of VF, VF undergoes many stages with varying
organization and the time-varying organizational aspects of VF may
hold clues on the conducive state of the heart to receive therapy (such
as CPR, anti-arrhythmic drugs, shock, or focal ablation) and to monitor
the response to the therapy. In other words, quantifying the temporally
evolving organizational aspects of VF could significantly assist clinical
community in planning appropriate 'out-of-hospital' or 'in-hospital’
treatment options for VF. One such attempt to quantify the organiza-
tional aspects is to sub-categorize VF into temporally organized VF
(OVF) and disorganized VF (DVF) [18] using ECG features. This sub-
categorization is based on subtle variations in the temporal complexity
of these two conditions. Classifying OVF and DVF is a challenging
problem due to the natural overlap between them, and has been at-
tempted in the past with fair success [18,19].

There have been works in the past extracting ‘static’ features from
VF to quantify its organization over fixed windows. While effective
for some applications, these measures are unable to capture the dy-
namic temporal evolution of VF, a crucial element for its character-
ization. To capture the time-varying characteristics of VAs, some
works have aptly used instantaneous time-frequency (TF) features
[20-24]. However, due to the high computational complexity of ex-
tracting these TF derivatives, they have been prohibitive for real-time
feedback of VF. Through the use of computationally efficient em-
pirical mode decomposition (EMD) [25] and Hilbert Spectrum (HS)
[26], our work attempts to bridge the gap that has been inhibiting the
use of instantaneous TF and dynamic features for near real-time
feedback of VAs, especially in ‘out-of-hospital’ VF incidences. In our
preliminary work using a smaller electrocardiogram (ECG) database
and smaller feature set, instantaneous TF features were extracted
from the EMD derived HS in order to classify VT, OVF, and DVF [27].
While this approach proved effective for classifying these VAs for
long-term scenarios, it did not address the problem of assisting
Emergency Medical Services (EMS) in accurately assessing VAs for
‘out-of-hospital’ settings where ECG data is being acquired in real-
time. It may also be useful to track the changes occurring in the VAs
over time so that overall trends within VAs may be detected. Ana-
lyzing these VA trends in real-time may provide valuable feedback to
assist with field therapy adjustments, which may improve patient
outcomes.

In this work, we will present approaches that are applicable for ‘in-
hospital’ settings (long-term), improving upon our preliminary work
[27], as well as novel approaches for ‘out-of-hospital’ settings (short-
term) which aim to provide near real-time feedback to assist medical
personnel in detecting VAs and tracking their progression over time.
Using EMD derived HS and EMD, instantaneous TF features as well as
windowed energy-based features will be extracted to help discriminate
between 3 types of VAs. A block diagram outlining the performed study
is shown in Fig. 1. The paper is organized as follows. Details of database
and pre-processing are provided under Section 2. Methods in Section 3
present details on EMD based feature extraction, pattern classification,
and VA trend analysis. Results for the different proposed approaches are
provided in Section 4. Discussion and conclusions are provided in
Section 5 and Section 6 respectively.
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2. Database & pre-processing

The ECG database used in this study was extracted from open source
MIT-BIH VA database and the Creighton University VT database [28].
The database consisted of 61 continuous 60-s ECG VA segments in-
cluding: 22 (mostly) VT, 17 (mostly) OVF and 22 (mostly) DVF. These
segments were extracted from 22 different patients. Considering that VF
is highly non-stationary in nature, VA segments extracted from the
same patient recording but at different times may be treated as in-
dependent records. Some of the 4-s VF segments from the work of Ba-
lasundaram et al. [18] were included within the 60-s VF segments of
this database. The ground truth label for the three types of VAs were
provided by our clinical collaborators from Toronto General Hospital.
Due to natural variations in the VA segments over 60-s duration, they
were labeled as ‘mostly’ VT or VF based on what the majority of each
segment was. The use of longer duration 60-s segments was predicated
on the desire to capture those natural variations present in the VAs
which evolve over time, mimicking real-world scenarios and capturing
dynamic VA trends. This is unlike previous works which only attempted
to quantify VAs over shorter windows. The 60-s VA segments were
sampled at 250 Hz (15000 samples), and a bandpass filter with a lower
cutoff of 0.3 Hz and upper cutoff of 30 Hz was used to retain the fre-
quency band of interest [18,29]. The VA segments were also normalized
to the same cumulative energy in order to remove any potential bias
caused by the absolute amplitude of the signals. Fig. 2 shows 3 samples
of VT, OVF and DVF segments from this database, zoomed in on a 10-s
portion of the total 60-s length.

For the ‘out-of-hospital’ (short-term) approach, EMD was performed
on 4-s segments of the total 60-s ECG signals. The ECG signals were
segmented in order to simulate the real-time acquisition of data in
emergency settings. A buffer of 4-s was necessary to allow adequate
information to be available for feature extraction. For the ‘in-hospital’
(long-term) approach of this work however, the entire 60-s duration of
the ECG segments was utilized at once to maximize the amount of in-
formation available to make classification decisions in offline settings.

3. Methodology

The methodology that was used to perform this study will be ex-
plained below. Firstly, the method of EMD will be explained and how it
was implemented. Subsequently, the construction of the HS will be
explained, followed by the feature extraction of non-instantaneous en-
ergy-based features and instantaneous TF features from the HS. Then,
the pattern classification techniques that were used to discriminate
between the 3 VA groups will be discussed, and lastly the VA scoring
method used in the VA trend analysis will be explained.

3.1. Empirical mode decomposition

Introduced by Huang et al. [25], EMD is a data-driven and adaptive
data decomposition technique. Instead of relying on a basis function, it
decomposes the data based on its intrinsic properties. It has the ability
to decompose any given signal into intrinsic mode functions (IMF). The
underlying oscillatory modes within the data are represented by these
IMFs. EMD has a low computational complexity similar to the Fast-
Fourier-Transform, with a big ‘O’ notation of O(NlogN) [30]. This
makes it a suitable technique for this proposed work utilizing real-time
features. The two conditions an IMF must satisfy are: (1) the number of
minima and maxima must be equal or differ by one at most, and (2) the
average envelope designated by the local extrema (minima and
maxima) must have a mean value of zero. The EMD sifting algorithm is
briefly described below using a discrete-time signal x[n] (readers are
referred to Refs. [25,31] for the detailed step-by-step process):

The local minima and maxima of x[n] are identified and connected
to construct the lower envelope E; and the upper envelope Ey, re-
spectively. The mean envelope, E,, is computed according to the
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Fig. 1. The block diagram outlining the performed study.
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Fig. 2. VT, OVF, and DVF samples from the proposed database, zoomed in on a
10-s portion for better visual illustration of signal characteristics.

formula: E, = (Ey + E;)/2 and subtracted from x[n] to obtain the up-
dated x[n]. The steps above are continued until x [n] fulfills necessary
IMF conditions (see above). Upon completion, x[n] is designated as
c1[n], the first IMF. The first residual, 1 [n], is obtained by subtracting
c1[n] from the original x[n]. The r[n] is now designated as the new
initial point. The above steps are repeated until every possible IMF ¢; [n]
is decomposed leaving the final residue, r;[n].

To reconstruct x [n], the J IMFs are summed with the final residue,
rr[nl:

J

x[n] = ¢i[n] + rr[n]
2 ! M

The decomposed IMFs may reveal valuable information regarding
the underlying structures that compose different VAs. In this work, the
upper and lower envelope construction was done using the piecewise
cubic Hermite interpolating polynomial (PCHIP) approach [32], since it
was shown to reduce overshooting in biomedical signals and have a
reduced computational complexity compared to the alternative cubic
spline method. There were a number of decomposition criteria used to
control the number of IMFs. These criteria were: ‘relative sifting tol-
erance’ (0.2) [25], which ensured that successive IMFs retained enough
physical meaning in their amplitude/frequency modulations, the

maximum number of sifting iterations (100), the minimum number of
extrema present within an IMF (1), and the ‘maximum energy ratio’
[331, which halted EMD once the energy of the final residual fell below
1% of the original signal.

3.1.1. Selection of IMFs

For ‘out-of-hospital’ analysis, the decomposed IMFs from each 4-s
segment were organized according to descending cumulative energy,
and only the top 3 IMFs were used. This was done since the majority of
the segment's energy was concentrated there, and in order to keep the
comparison uniform between each segment. Due to the computational
efficiency of the implementation of EMD, this approach would lend well
to near real-time applications. From the top 3 IMFs, the HS was con-
structed and feature extraction was performed.

For ‘in-hospital’ analysis, the total number of IMFs decomposed
from each 60-s ECG signal ranged between 7 and 9. Since the segments
were longer and thus more complex, more IMFs were decomposed
compared to the ‘out-of-hospital’ approach. The extracted IMFs were
sorted based on descending energy, and the top 7 IMFs were used in
further analysis. This was again done in order to keep the comparison
between different ECG segments as consistent as possible. Since the
majority of the signals' energy was concentrated in those 7 IMFs
(>90%), minimal signal information was discarded. The IMFs were used
in construction of the HS and feature extraction.

3.2. Hilbert energy spectrum

The decomposed IMFs were used to facilitate TF analysis through
the HS. EMD used along with the HS is also called the Hilbert-Huang
Transform [26]. The HS, a time-frequency representation (TFR), reveals
how the energy of a signal is changing relative to both time and fre-
quency. Before constructing the HS, the Hilbert transform was first used
to convert the IMFs, ¢;[n], into their analytic form, z;[n]. The HS is
defined by the following equations [26,34]:
at(n), @ = wi(n)

HS;(w, n) = )
0, otherwise 2

k
HS(w, n) = Z HS;(w, n)

i=1 3)
Where a;(n) and w;(n) are the instantaneous amplitude and in-
stantaneous frequency of the i analytic IMF, z;[n], respectively. An
important note is that the instantaneous amplitude a?(n) is squared in
the above equation, which makes it an energy spectrum as opposed to
an amplitude spectrum [26]. Compared to other TFRs like the Wigner-
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Ville Distribution, the HS has a number of benefits. These benefits in-
clude better TF resolution [26], no cross-term interference, and lower
computational cost through the use of EMD. From the TF plane of HS,
instantaneous TF features can be extracted. These instantaneous fea-
tures can be used to quantify the dynamic behaviour seen in VAs over
time.

3.3. Feature extraction

In this section, the feature extraction will be explored. Firstly, the
energy-based features extracted from the IMFs will be discussed.
Following that, the instantaneous TF features extracted from the HS will
be explained.

3.3.1. IMF energy-based features

From the set of decomposed IMFs, two energy-based features were
initially extracted. The first of those was the energy ratio variance
(ERV). ERV was computed by evaluating the variance of the normalized
energy ratios from the set of IMFs as given below [27]:

1 m
— 2 (B -E)
j=1

ERV =
m

“@
Where E; is the energy ratio of the j* IMF, and E is the mean of the
normalized energies. A signal's organizational complexity may be
measured by the ERV. For example, a more mono-component signal
will have the majority of its energy content focused around a single IMF
resulting in a higher ERV, while a more multi-component signal will
have its energy more uniformly distributed around all IMFs resulting in
a lower ERV.

The second energy based feature that was extracted similar to ERV
was the energy ratio skew (ERS). The ERS is computed by calculating
the skewness measure of the normalized energy ratios of the IMFs. The
energy ratios are treated as points in a probability distribution, and ERS
is computed by the following equation [35]:

(E;— E)®

1 m
ERS = — Y
L= ®)

In Equation (5), o3 is the cubed standard deviation of the normal-
ized energy ratios. The ERS quantifies the distance that the energy ra-
tios are deviated from the mean value. A skew below the mean will be
negative, and a skew above the mean will be positive. This feature also
helped to measure the amount of complexity in the signal by quanti-
fying the amount of variability in the energy distribution of the IMFs.

For the ‘out-of-hospital’ approach, the ERV and ERS features were
extracted for every 4-s ECG segment. Additionally, a cumulative aver-
aging strategy was implemented, where every subsequent value of
ERV/ERS was averaged with the previous value. Doing so enabled the
observation of relative dynamic changes between consecutive 4-s seg-
ments of the VA signals. The formula for computing the cumulative
average of ERV is shown below:

ERV (m) + ERV (m — 1)
2 (6)

Where ERV (m) is the current ERV value, and ERV (m — 1) is the pre-
vious ERV value. Likewise, the same formula was used for computing
ERS values.

In the ‘in-hospital’ approach, to use ERV and ERS to monitor dy-
namic VA changes over time, these features were computed over sliding
windowed segments of all IMFs resulting in one value per window. Two
different window sizes were chosen, which were 1-s (250 samples) and
4-s (1000 samples). These window sizes were selected in order to
capture the rapid changes occurring in the VAs, as well as the slower VA
fluctuations over time. Fig. 3 shows the 1-s windowed ERV values for
samples of the 3 VA groups. It was seen that the ERV values were
highest for the VT sample, lower for the OVF sample, and the lowest for

ERV (m) =
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the DVF sample. Thus, quantifying these observed differences over time
may aid in classifying these VA groups.

3.3.2. Instantaneous features

From the constructed HS, the following instantaneous TF features
were extracted: instantaneous mean frequency (IF) and squared in-
stantaneous bandwidth (IB?) [27,36,37]. The IF and IB* provide in-
stantaneous tracking of a signal's spectral changes over time. The IF can
be expressed as below [24,38]:

Zw wHS (w, n)
Y., HS(w, n) @)
As well, the IB? can be expressed as below [36,37,39]:

w?HS (w, n
Z, @ HS@ ) IF (n)?*
Em HS(w, n) (8)
IF (n) may be conceptualized as the average frequency at every time

point, n, while IB?(n) quantifies the spectral spread at every time point,
n

IF(n) =

IB*(n) =

Additionally, in order to better appreciate the changes observed in
the IF and IB? over time, the gradient for each of them was also com-
puted. This would magnify any rapid changes, and make it more
quantifiable. The gradient was computed using the central difference
according to the following equation [40]:

Gradienti ) = ~(IF ( + 1) — IF(j — 1))

2 ©)
Where IF (j) is the j* time sample in IF (n). This is repeated for every
value of IF. The edge values of 1 and N were computed by single-sided
differences. This formula was applied identically to calculate the gra-
dient of IB2. The IF and IB? were low-pass filtered (10-Hz) prior to the
gradient computation to remove high frequency artifacts, so that a
smoother representation of the general changes occurring in the in-
stantaneous derivatives over time may be seen.

Another instantaneous feature that was obtained independently
from the HS was the instantaneous energy (IE). The fundamental way to
calculate the IE from a time-domain signal is to take the squared
magnitude of the signal of interest [41]. For this work however, it was
calculated using the sum of the top 2 highest energy IMFs decomposed
from each filtered and normalized ECG segment. Due to its construc-
tion, the IE will hereby be denoted as IE;,, and it was calculated as:

2
IEp(n) = Y Izi(n)P

i=1 (10)
Where z;(n) is analytic form of the i IMF, sorted from highest to lowest
energy. The IE;, will indicate how the energy of the dominant com-
ponents of the signal are dynamically changing over time. Combina-
tions of various IMFs were experimented with, but the best results for
discriminating between the VA groups was obtained by using the top 2
IMFs for IE;,. The majority of the signal's energy is concentrated within
those top 2 IMFs.

The three extracted instantaneous features will allow for the ob-
servation of dynamic changes occurring in the VAs over time. This in-
sight into the temporally evolving nature of the VAs may prove useful in
discriminating them. In order to quantify the dynamic changes seen in
the windowed energy-based and instantaneous features, statistical
measures were computed.

3.3.3. Statistical measures

In order to quantify the dynamic behaviour of the instantaneous and
windowed features extracted above, a number of statistical measures
were calculated. These measures will help to highlight differences be-
tween the 3 VA groups so that they can be discriminated effectively.
From the windowed ERV/ERS features, the following statistical mea-
sures were calculated: mean, median, variance, RMS-value, and slope.
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Fig. 3. The sliding (1-s) windowed ERV values for a sample VT, OVF, and DVF signal.

These same statistical measures were also computed from the three
instantaneous features. Additionally, from the gradient IF and IB?, the
mean and median were computed to capture their overall behaviour
over time.

3.4. Pattern classification

A two stage binary pattern classifier was trained using the above
extracted statistical measures to differentiate the 3 VA groups. In the
first stage VT and VF were classified, and in the second stage the rightly
identified VF were further divided into OVF and DVF. A linear classifier
based on linear discriminant analysis (LDA) was used with leave-one-
out cross-validation (LOOCV) [42]. The statistical software package
IBM SPSS 25.0 was used to perform the analysis [43]. A LDA based
classifier was chosen so that the emphasis was placed on the dis-
criminatory power of the features used to train the classifier. Also, since
LDA is a linear classifier, it is less susceptible to overfitting than more
complex classifiers. A few recent biomedical applications which utilized
LDA based classifiers are in brain computer interfacing for classifying
electroencephalogram signals [44], in pattern recognition of electro-
myography signals for controlling wearable exoskeletons [45], as well
as in a review paper some recent ECG classification works were high-
lighted by Berkaya et al. [46]. LOOCV is the extreme form of cross-
validation with least bias, and it is the preferred method for small,
biomedical signal databases. It removes the possibility of selection bias
when designating the training and testing sets.

In order to calculate the classification accuracy, the following
equation was used:

TP + TN

Accuracy =
i TP + FP + TN + FN

(€8]

Where TP is True Positive, TN is True Negative, FP is False Positive,

and FN is False Negative.
3.5. VA trend scoring algorithm

In order to use the instantaneous features for tracking the dynamics
of VAs over time for real-world applications, a trend analysis approach
was developed. Inspired by time-trend analyses from other fields (i.e.
financial) [47], this approach was designed in order to monitor in-
stantaneous changes occurring in VAs and provide feedback on its
temporal progression. The algorithm was as follows:

o Using the full 60-s ECG VA segments, IF, IB? and IE;, were extracted,
and the median values for each feature were computed. For each of
the 3 VA groups (VT, OVF, DVF) the mean of those median values
were calculated. Those resulting values were used to create
thresholds to separate the different VA groups.
Each of the 60-s ECG VA segments were windowed in order to si-
mulate the trend analysis in near real-time. Initially a 4-s segment of
the ECG signal was analyzed, where the EMD-HS was constructed
and the 3 instantaneous features were extracted. Subsequently, the
sliding window was expanded by 100 samples (0.4s) each time and
the HS was updated along with the instantaneous features. This was
continued until the entire 60-s ECG segment was analyzed.
Each of the windowed segments were scored by computing the
median values of the 3 instantaneous features and comparing them
to the previously defined thresholds. The logic rules used to score
the VA segments were based on previous literature about the spec-
tral and temporal behaviour of these VAs. The rules for scoring the
segments is described below:
1. If the median (IF, IB?) of the segment was < the mid-point be-
tween the VT and OVF thresholds (VT;, + OVE,,)/2), then score it
as VT (0).
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2. If the median (IF, IB?) of the segment was > ((VTj, + OVEy)/2),
but < the mid-point between the OVF and DVF thresholds

((OVE,, + DVF,,)/2), then score it as OVF (1).
3. Otherwise, score the segment was DVF (2).

The scoring rules were similar for IE;,, only opposite in that VT was
expected to have the highest median energy and DVF the lowest median
energy. Each windowed segment received one score from each of the 3
instantaneous features. From those 3 scores, the modal score was
identified and selected as the overall score for that segment.

e Lastly, a cumulative averaging strategy was implemented to help
capture the dynamic changes between the windowed VA segments
over time. For all subsequent segments after the initial segment, the
previous segment's score was averaged with the current segment's
score to produce the next segment's score. The equation for com-
puting the cumulative average score was:

Scoremeqe (M) + Score(m — 1)
2 (12)

Where Scorey,,q.(m) represents the modal score generated from the 3
instantaneous features for the current m* windowed segment, and
Score(m — 1) is the score from the previous segment.

Calculating the cumulative scores over the entire 60-s duration of
the ECG segments created a visual trend of how the VA is evolving over
time, providing near real-time feedback to the user on its progression.

Score(m) =

4. Results

The results presented will be divided into 3 sub-sections. The first
sub-section will discuss the results for short-term VA classification,
appropriate for ‘out-of-hospital’ emergency aid. The second sub-section
will show the results of the long-term VA classification, appropriate for
‘in-hospital’ analysis. The last sub-section will explore the results of VA
Trend Analysis, where dynamic changes in VAs over time were mon-
itored to track their progression for ‘out-of-hospital’ scenarios.

4.1. Out-of-hospital (short-term) VA classification

In this approach, the VA signals were analyzed on 4-s segments at a
time. By doing so, this method would allow the user to obtain a VA
classification result as swiftly as 4-s. The user may receive near real-
time classification feedback on a patient's VA as frequently as desired.
In order to verify the robustness of this technique, it was tested on 3
different time durations: 20-s, 40-s, and 60-s. This enabled for the as-
sessment of the performance of this approach while simulating the
acquisition of patient data in real-world scenarios. Only the windowed
ERV/ERS statistical features were used in this part of the study.

For each trial, the combination of features that produced the highest
classification accuracy was used to train each classifier. In the 20-s trial,
the classification accuracy achieved for the VT vs. VF classification was
63%. In the OVF vs. DVF classification, a cross-validated accuracy of 72%
was obtained. In the 40-s trial, the VT vs. VF classification accuracy
achieved was 79%. For the subsequent OVF vs. DVF classification, an
accuracy of 67% was achieved. Lastly in the 60-s duration trial, the best
result for VT vs. VF was 72% accuracy, and in the OVF vs. DVF classifi-
cation an overall accuracy of 81% was obtained. A summary of the fea-
tures used is shown in the left 2 columns of the below Table 1. The ERV
feature denoted by the sub-name ‘final’ was the final cumulative average
value of ERV obtained over the course of the monitoring duration.

A combination of these features provided the best classification
results reported for the 20-s, 40-s, and 60-s trials. The boxplots showing
the difference in the distribution of the feature values is provided in
Fig. 4. The top row shows the features used for VT vs VF classification
and the bottom row shows the features used for OVF vs DVF classifi-
cation.
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Table 1
Summary of features used for both Short-Term and Long-Term VA classifica-
tion.

Short-Term Features Long-Term Features

VT vs. VF OVF vs. DVF VT vs. VF OVF vs. DVF
ERS median ERS mean grad. IF median IB? slope
ERV final ERS var. 1E;; median grad. IF median
ERS mean ERV mean 1E;, var. IE;>; mean
ERV var. ERV median ERS var. (1s) ERS total
ERS median ERV slope (4s) ERV var. (4s)
ERS RMS

4.1.1. Comparative analysis

In order to validate the above results, 3 features previously used in
literature for classifying VAs were also tested. The features used were:
dominant frequency (DF), temporal entropy (EN), and spectral entropy
(SE). These features were extracted from the same database over 1-s
and 4-s sliding windows identical to how ERV and ERS were captured.
They were used to train the LDA-based classifier and tested on the same
3 duration trials. In the 20-s trial, the accuracy achieved for the first
stage (VT vs. VF) was 83%. In the second stage (OVF vs. DVF), the
classification accuracy achieved was 64%. In the 40-s duration trial, the
total classification accuracy for the first stage was 88%, and in the
second stage the classification of 60% was obtained. Finally in the 60-s
trial, the total cross-validated accuracy for the first stage was 90%, and
in the second stage the total classification accuracy obtained was 76%.

4.2. In-hospital (long-term) VA classification

In the initial classification stage (VT vs VF), 22 VT segments and 39
VF (OVF and DVF) segments were there in total. The best classification
accuracy was obtained when training the classifier with the combina-
tion of the following 5 features: IE;, variance, IE;, median, gradient IF
median, ERV slope (4s) and ERS variance (1s). A summary of the fea-
tures used for the long-term VT vs. VF classification stage is shown in
the 3rd column of Table 1. The top row of Fig. 5 shows the boxplots of
the features used for VT vs. VF classification.

From the top row of Fig. 5, it is evident that IE;, variance and IE),
median are the top 2 dominant features. It can be clearly seen that the
IE;; median is greater for VT than the VF. This showed that the amount
of energy over time is generally higher for VT than VF. Because VF is a
worsened condition than VT, this may be resulting in a lower amplitude
in the ECG recording. On the other hand, IE;, variance was higher for
VF than VT. Due to the increased disorganization within VF, greater
amplitude and energy variations were present compared to VT. This
resulted in the variability of the energy to be higher for the VF group.
Overall, the energy content over time combined with the other three
features proved to be useful for separating the VT and VF groups.

The total classification accuracy achieved was 96.7%. If we assume
that VF is the positive class and VT is the negative class based on re-
lative severity, the sensitivity was 100% and the specificity was 90.9%
for this stage. Table 2 shows the summarized results below. Overall, 2
out of the 22 VT segments were mis-classified, but none of the VF
segments were mis-classified. The area under the curve (AUC) for the
receiver operating characteristic (ROC) curve of this classifier was equal
to 0.993, validating the strong discriminating power. The p-value of the
linear discriminant scores (i.e. weighted sum of feature values used for
classification) was also significant (p < 0.01).

In the second stage of classification where OVF was classified from
DVF, there were 17 OVF and 22 DVF segments used. The highest
classification accuracy was achieved with the following five features:
IB? slope, gradient IF median, IE;, mean, ERS total, and ERV variance
(4s). A summary of the features used for the long-term OVF vs DVF
classification stage is shown in the 4th column of Table 1. The ERS
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Table 2
Classification results of the first stage using LOOCV - VT vs. VF.
Method Groups VT VF Total
LOOCV VT 20 2 22
VF 0 39 39
% VT 90.9 9.1 100
VF 0 100 100
Table 3
Classification accuracy of the second stage using LOOCV - OVF vs. DVF.
Method Groups OVF DVF Total
LOOCV OVF 15 2 17
DVF 3 19 22
% OVF 88.2 11.8 100
DVF 13.6 86.4 100

The classification accuracy achieved in Stage II was 87.2%.
Assuming that DVF is the true positive class and OVF is the negative
class based on relative severity, the sensitivity was 86.4% while the
specificity was 88.2%. The classification results are summarized and
shown in Table 3. In total, 15 of the 17 OVF segments and 19 of the 22
DVF segments were correctly classified. The AUC for the ROC curve of
this classifier was 0.968, which explained the strong classification
performance. The overall p-value for the linear discriminant scores (i.e.
weighted sum of feature values used for classification) was also sig-
nificant (p < 0.01).

There was no comparative analysis performed for this part of the
approach. The DF, EN, and SE features are static features, and require a
buffer of data before they can be calculated. Since the comparative
features cannot be extracted instantaneously like IF, IB? and IE;, were,
there were no grounds for a fair comparison and was therefore not
included. A graphical illustration of binary classifier output is provided
in Fig. 6 for both 'out-of-hospital' and 'in-hospital' scenarios.

4.3. VA trend analysis

Shown in Fig. 7 is one DVF sample and its corresponding trend plot
below that illustrates the potential value of the trend analysis approach
for a real-world emergency situation. In the initial stages of this seg-
ment, the VA trend was oscillating between VT and OVF. During the
first 15, the signal appeared to have relatively stable frequency and
minimal amplitude variations, which are characteristic of polymorphic
VT (PVT). Then in the subsequent 15, the VA trend shifted to OVF due
to the increasing level of disorganization within the signal. Afterward,
the signal generally trended towards DVF, despite a small deviation
towards VT around 45-s mark. The vast change in temporal

Graphical Classification Tree with Results

For “out-of-hospital” application
(Average of 20, 40, and 60s durations)

For “in-hospital” application

VA VA

SN

VT 96.7% VF

"

OVF 87.2% B

VT  71% VF

N

ove 73% OVF

Fig. 6. Graphical illustration of binary classifier output for out-of-hospital and
in-hospital scenarios.
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organization is visible when examining the zoomed-in portions of the
signal at the beginning and at towards the end of the segment. The
disorganized nature at the end is typical of DVF. This approach pro-
vided instantaneous information of the evolution of the VA over time.
This near real-time feedback could prove very useful to EMS personnel
in ‘out-of-hospital’ scenarios.

In order to verify the VA trend results, an ensemble average of the
VA trends for the 3 groups was computed, and the results were shown
in the boxplots in Fig. 8. This figure shows that the 3 VA groups se-
parated themselves distinctly when applied to the VA trend approach.
The DVF group had the highest average trend score, while OVF had the
second highest trend score, and VT had the lowest average trend score.
This result corresponded nicely with the VA trend algorithm im-
plemented, in which DVF segments were labeled 2, OVF segments were
labeled 1, and VT segments were labeled 0. Overall, this helped to
validate the separability of the 3 VA groups using instantaneous fea-
tures for trend analysis.

5. Discussion

Time critical and informative feedback could assist clinical com-
munity to improve the administration of treatment options for VAs. We
have presented ECG waveform quantification approaches that enables
such a feedback in a timely fashion for ‘in-hospital’ and ‘out-of-hospital’
VF scenario. The proposed extraction of instantaneous time-frequency
ECG features in a time-efficient manner addresses the requirements for
real-time monitoring of VA progression. We have also shown that the
proposed long-term dynamic features demonstrate great potential for
screening 'in-hospital' patients (and patients with ICDs) for forthcoming
VF ablation therapy possibilities. A positive divergence of the proposed
approaches compared to traditional approaches is to account for tem-
poral evolution of VA in classifying them rather than labeling them by
observing over short windows.

The results for short-term analysis showed that the method became
more accurate as the trial durations were increased. The longer the trial
duration, the better ERV/ERS windowed features captured the dynamic
temporal changes of VAs. Although the classification accuracies of the
shorter 20-s and 40-s trials were lower than the 60-s trial, it still gave
the user more flexibility as to how and when to utilize the real-time
diagnostic feedback. The approach showed fair results, especially for
the challenging problem of classifying OVF and DVF in near real-time
(i.e. analyzing a 60-s VA in 4s segments in just 0.35s). The results for
long-term (in-hospital) VA classification showed through the use of
instantaneous and windowed ERV/ERS features, high accuracy can be
achieved. Including instantaneous features (IEy,, IF, and IB?) positively
influenced the long-term analysis results. The VA trend analysis using
instantaneous time-frequency features demonstrated the feasibility of a
near real-time monitoring of VAs and the average trend scores agreed
with the labeling of the 3 groups.

Considering that the essence of our approaches is to account for
temporal evolution of VAs in a computationally efficient manner, per-
formance comparisons with existing works using static features may not
be straight forward. However, we discuss a few relevant works with
similar motivation of sub-classifying VF. Balasundaram et al. [18] (our
previous work) used wavelet-based features to classify VT, OVF, and
DVF. The features used previously were tested on this database, and the
results were 93.4% for VT vs. VF, and 84.2% for classifying OVF and
DVF. The approach proposed in this work performed superior, and most
importantly is computationally efficient than Balasundaram et al. An-
other previous work by Weixin utilized a fuzzy logic approach to dis-
criminate between VT, OVF, and DVF using 10 static ECG features [19].
They reported accuracies of 92.6% for VT vs. VF and 84.5% for OVF vs.
DVF classification. They also performed a comparative analysis to Ba-
lasundaram et al. and showed slightly better classification results,
however, with a larger feature dimension. Tripathy et al. used a variant
of EMD called variational mode decomposition to extract simple
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features for separating shockable from non-shockable VAs, achieving a
high accuracy of 97% [48]. Although Tripathy's approach was highly
accurate, the proposed work tackles the more difficult problem of sub-
classifying VF. Joo et al. used artificial neural networks to classify be-
tween VT, VF, and ‘VT + VF’ signals [49]. While their work produced
fair results, our work performed considerably better for classifying VT,
and it undertook the difficult task of sub-classifying VF effectively.
The proposed approaches for 'out-of-hospital', 'in-hospital’, and VA
trend analysis can significantly benefit cardiac resuscitation and long-
term treatment options. Although the current defibrillators used by
EMS and Automatic External Defibrillators (AEDs) are equipped with
basic ECG rhythm analysis facilities, proposed short-term feature

algorithms can be incorporated in aiding these devices to provide real-
time informative feedback on the progression of VAs. VA trend analysis
added to such devices in the 'out-of-hospital' VF scenario can provide a
visual index in tracking VAs and help choosing appropriate treatment
options (i.e. CPR, anti-arrhythmic drugs, defibrillation shock). Using
the VA Trend, EMS can visually assess how the patient is responding to
the treatment in real-time to see if the treatment is having the intended
effect. Other critical use is monitoring the VA Trend to indirectly pre-
dict time of VF onset (i.e. longer the time from VF onset, higher prob-
ability of DVF) and forewarn EMS to choose appropriate therapy se-
quence (i.e. CPR first, shock first, anti-arrhythmic drugs etc).The 'in-
hospital' techniques using ICD or Holter ECG recordings can provide
clinicians with the ability to quantify the trends in VA progression over
time and alter treatment options such as ICD programming or screening
patients for forthcoming VF ablation strategies.

Each presented approach has its unique strengths and weaknesses.
The short-term VA classification approach was able to classify VAs in
near real-time with only a 4-s data buffer required, but achieved ap-
preciably lower accuracies than long-term classification. The long-term
VA classification approach was able to achieve very high classification
accuracies when discriminating VT/VF (96.7%) and OVF/DVF (87%),
but since it required 60-s of ECG data to be readily available before it
could be used, it is not suitable for use in real-world emergency settings.
Lastly, the VA trend analysis is the most capable approach for providing
near real-time feedback, since it updates every 100 samples (0.4s) after
the initial 4-s buffer. It was useful for evaluating the VA progression
over its time duration, rather than providing a direct VA diagnosis.
Each of these approaches has its own merits, and should be utilized in
applications that accentuate their strengths.

6. Conclusion

This study presented a number of EMD-based approaches useful for
optimizing cardiac resuscitation based on EMD. The first approach was
a short-term VA classification technique which utilized IMF-energy
based features for quantifying temporal organization of VAs over time.
This method would prove useful for diagnosing VAs and providing near
real-time feedback during ‘out-of-hospital’ incidents. The second ap-
proach was a long-term VA classification technique that demonstrated
high accuracy for performing VT/VF and OVE/DVF classification. This
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approach was suitable for ‘in-hospital’ treatment planning and feedback
to doctors/clinicians performing retrospective analysis. The third ap-
proach was VA Trend Analysis, in which the instantaneous features
were used to provide visual feedback on the dynamic evolution of VAs
over time. This approach showed potential use in ‘out-of-hospital’ si-
tuations for assisting EMS in selecting and modifying treatment options
based on the real-time progression of VAs. The proposed algorithms
may be implemented into real-time devices that could be used in the
field to help improve VA diagnosis and therapy selection which may
hopefully lead to improved patient outcomes. In future studies, addi-
tional instantaneous and EMD-based features may be experimented
with to improve the classification accuracy of the proposed methods.

7. Limitations

The main limitation of using an EMD-based approach is the issue of
mode mixing. It is characterized either by a single IMF containing
multiple oscillatory patterns of vastly differing scales (frequencies), or a
single scale existing in multiple IMFs [50]. Often the result of signal
intermittency, this phenomenon causes the physical interpretation of
individual IMFs to be skewed, and may also result in some aliasing in
the TF plane of the HS. There are noise-assisted EMD methods that
address this problem, but they were computationally prohibitive to the
fundamental goals of this work. Noise-assisted EMD methods require
epochs of IMF realizations to be generated before the final IMFs are
found, making them significantly slower than traditional EMD. Since
real-time applications were a focus for this work, keeping the compu-
tational cost as low as possible was a priority. Also, although mode
mixing disturbs the physical meaning of individual IMFs, the focus of
this work was on relative feature extraction between the different VA
groups for classification, and not on uncovering mechanistic insights
into VF. Thus, mode mixing was not a major concern for this work.

Another potential limitation is the size and scope of the ECG data-
base used in this study. In total, we used 61 60-s ECG VA segments
including 39 VF segments. Due to the ethical and practical constraints
of acquiring human VF data, it is very difficult to obtain a large VA
database, particularly for VF. However, when comparing this database
to others used in comparable works, a database of 39 60-s VF segments
is still of considerable size and enough to test the validity of the pro-
posed approaches. Also, since the ECG segments used were acquired
from publicly available databases, it was not possible to precisely
control the duration of the VA segments. Thus, the same 60-s signals
were used for multiple approaches in this work, only segmented.
Nonetheless, the use of lengthy 60-s VA segments helped to reveal
natural variations in the composition of the VAs over time, which en-
abled for the monitoring and quantification of dynamic VA behaviour.
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