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Abstract
A Recurrent Neural Network (RNN) models are widely used for automation among the latest emerging
technologies of Artificial Intelligence. Because of their ability to process temporal data they are applied
for Cardiac ailments detection based on the hand-crafted feature set obtained by processing
Electrocardiogram (ECG) of the ailments. In this work ECG data from MIT-BIH database of three cardiac
ailments such as Arrhythmia, Atrial Fibrillation and Congestive heart failure were considered to detect
and classify these ailments from normal signals using Long short-term memory (LSTM) which is an
algorithm of RNN considered in this work to classify the cardiac ailments. Maximal overlap discrete
wavelet packet transform (MODWPT) is used to transform and process the ECG signal of ailments and
detect the characteristic waves (P, QRS, T) of the ECG signal. Various hand-crafted features are
determined from characteristic waves and given as input to train LSTM architecture. It classifies the
considered cardiac ailments with Accuracy and Mean of MCC (Mathew’s Correlation coefficient) of around
96.11% and 94.83%, The proposed technique performs better in terms of accuracy with existing state-ofthe-art methods.
Keywords: Recurrent Neural Network, Long short-term memory, Maximal Overlap Discrete wavelet
packet transform, Mathew’s Correlation Coefficient.
Number: 10.14704/nq.2022.20.7.NQ33431
Introduction
Cardiac Ailments has gradually become one of the
important diseases threatening human life and
health. According to the report of the World
Health Organization, the mortality of cardiac
Ailments ranks first among all kinds of diseases,
accounting for 33.3% of other diseases. Among
various cardiac ailments Arrhythmias, Atrial
Fibrillation, Congestive heart failure are the
diseases which immediately lead to heart attacks.
Hence forth early identification of these diseases
has played a vital role in the diagnosis of heart
ailments. With the growth in automated
recognition and identification field with machine
learning and deep learning algorithms, automatic
detection of cardiovascular diseases can be
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implemented which help the patients to have
early diagnosis of these diseases.
For analysis and study of various heart ailments,
ECG signal
plays a
vital
role.
An
electrocardiogram (ECG) represents the electrical
current moving through the heart during
heartbeat. The current's movement is divided
into parts, and each part is given an alphabetic
designation in the ECG. Each heartbeat begins
with an impulse from the heart's pacemaker
(sinus or sinoatrial node). This impulse activates
the upper chambers of the heart (atria). The P
wave represents activation of the atria. Next, the
electrical current flows down to the lower
chambers of the heart (ventricles). The QRS
complex represents activation of the ventricles.
The electrical current then spreads back over the
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ventricles in the opposite direction. This activity
is called the recovery wave, which is represented
by the T wave as shown in Fig 1. Many kinds of
heart ailments can often be seen on an ECG. They
include a previous heart attack (myocardial
infarction), an abnormal heart rhythm
(arrhythmia), an inadequate supply of blood and
oxygen to the heart (ischemia), and excessive
thickening (hypertrophy) of the heart's muscular
walls etc.

Fig 1: Electrocardiogram signal with
Characteristic wave peaks and duration
Most of the literature was based on the procedure
including the feature extraction and feature
selection and classification using machine
learning and deep learning techniques. To utilize
these techniques, step wise procedure is followed
that involves firstly the pre-processing stage that
is commonly designed to suppress background
noises using the denoising techniques such as the
two median filters [1], high pass filter (HPF) with
cut-off frequency of 1 Hz [2], bandpass filter with
0.1-100 Hz [3], morphological filtering [4],
multiscale principal component analysis (MSPCA)
[5], band-pass filtering with 5-12 Hz [6] for
removal of baseline wanders; second order
Butterworth lowpass filter (LPF) with 30-Hz cutoff frequency and notch filter [2]. After denoising
of ECG signals some feature extraction techniques
were introduced to extract morphological [7],
fiducial [8] and heart rate variability (HRV) [9]
features. Some earlier methods of feature
extraction stage mainly comprise of QRS wave
detection algorithm using differential threshold
method proposed by Pan Tompkins [10],
template matching method [11], and some signal
processing methods which include wavelet
transforms [12] [13], higher order spectra (HOS)
cumulants [14] and blind source separation
techniques [15] that include Principal Component
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Analysis (PCA) and Independent Component
analysis (ICA).
In the classification stage, the feature vectors are
grouped to train some types of classifiers. Based
on a comprehensive literature survey, many
classification algorithms were employed for
3510
cardiac ailments classification based on ECG
signal such as neural network (NN) [16], SVM
[17], decision tree [18], logistic regression [19],
linear discriminant [20], K-nearest neighbors
(KNN) classification method [21], [22], etc.,
among which neural networks (NN), support
vector machines (SVM), and K-Nearest Neighbors
(KNN) are extensively used algorithms. In [17] A.
F. Khalaf et. al has proposed PCA based SVM
classification of various beats in of Arrhythmias
which used raw spectral correlation data and
achieved an accuracy of 98.60%. M. Thomas et.al
in [18] has used dual tree complex wavelet
transform (DTCWT) based feature extraction for
classification of cardiac arrhythmias using multilayer back propagation neural network and
obtained an overall sensitivity of 94.64% which is
3.41% more when compared with Discrete
wavelet transform feature extraction technique.
M. A. Escalona-Morán et. al in [19] has classified
MIT-BIH cardiac arrhythmias data into five beats
based on AAMI standards using logistic
regression and obtained an overall accuracy of
98.43%. I. Christov et. al in [20] performed
classification on challenge database having Atrial
fibrillation signal with normal noise and other
rhythms and achieved f1 score of 85% for AF
beats with linear discriminant classifier.
One of the most popular and effective RNN
models used for sequence learning is called Long
Short-Term Memory (LSTM) [23]. In [24] A.
Darmawahyuni et.al has interpreted myocardial
infraction (MI) from normal signal considered
from PhysioNet PTB Diagnostic ECG Database
using Recurrent neural networks classifiers LSTM
and GRU and obtained an accuracy and MCC of
97.56% and 95.32% for LSTM architecture which
is supposed to be the best performer over GRU.
Oh et al. in [25] proposed a combination of CNN
and LSTM for diagnosing five classes with
variable length segments from the MIT-BIH
arrhythmia dataset. The architecture consisted of
six convolutional and pooling layers, followed by
an LSTM layer and two fully connected layers.
LSTM was used to extract the temporal
information from the feature maps resulting from
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the convolutional layers. An accuracy of 98.10%
was obtained.
In this paper an autonomous detection of Cardiac
Ailments using Recurrent Neural Network LSTM
architectures were implemented. Instead of
automatic feature extraction that is usually done
in deep neural networks, a hand-crafted feature
that are extracted using MODWPT are given as
input to further improve the performance of the
RNN LSTM classifiers. The feature vector
obtained which is of size 1200 x 45 is given as
input to LSTM model in cell format. The network
is trained with 70% data and 30% data is used to
test the network. The contribution of this paper is
as follows.




Arrhythmia, Atrial Fibrillation, Congestive
Heart Failure and Normal Sinus Rhythm ECG
signals were classified together.
Classification was implemented using the
RNN LSTM model.
96.11% overall model accuracy and 94.83%
mean MCC was achieved.

The rest of the paper is organized as follows;
Section II gives the materials, database, proposed
methodology and various steps involved in the
methodology for implementing the automatic
detection of cardiac ailments using RNN-LSTM
architecture with block diagram and features
extracted
using
MODWPT
along
with
performance metrics used to analyze the
proposed work. Section III analyses and discusses
the obtained results and section IV concludes the
paper by describing the results and the probable
future works related to this study.
II. Materials and Methodology
1.
Materials and Database
The proposed method was performed on ECG
signals of the four cardiac ailments i.e.,
Arrhythmia, Congestive Heart Failure, Atrial
Fibrillation and Normal Sinus Rhythm which are
considered from MIT-BIH Arrhythmia Database
that comprises of 48 patient’s records which is
digitized at 360 samples per second, BIDMC
Congestive Heart Failure Database which has 15
patient’s records that are digitized at 250 samples
per second, MIT-BIH Atrial Fibrillation Database
that holds 25 ECG signals from subjects with atrial
fibrillation ailment and is sampled at 250/s and
MIT-BIH Normal Sinus Rhythm Database which
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has 18 records and is digitized at 128 samples per
second [26] respectively.
The dataset used in this work have been formed
with 300 signals of each cardiac ailments with
500 samples and initial filtering is applied using
Butterworth band pass filter which eliminates
artifacts in the signal. A sample signal of each 3511
ailment is shown in Fig 2. MATLAB 2021a is used
for all computational task in this research work.

Fig 2: Filtered Electrocardiogram signal plot for
four Cardiac Ailments.
2.
Proposed Methodology
The proposed work uses the methodology as
shown in the block diagram of Fig 3 below. Firstly,
ECG signals of around 300 of each of four cardiac
ailments, around 1200 signals with 500 samples
are taken from MIT-BIH physio net database [41].
These signals are applied for data pre-processing
where denoising of ECG signals are done by
removing base line and power line interference
noises using Butterworth band pass filter. Later
this filtered ECG signal are applied to Maximal
overlap discrete wavelet packet transform
(MODWPT) to detect characteristic waves and
related morphological, fiducial, HRV and
statistical features of around 54 are calculated
from this detected characteristic waves. The
obtained feature vector of size 1200 x 54 is
applied to feature data processing stage where
the attributes of different values are scaled using
z score normalization and any missing values or
NaN values are removed.
The feature vector after data processing is of size
1200 x 45. This vector is converted to cell format
which is very crucial to apply for RNN LSTM
classifier. The cell structured feature vector is
split into train and test dataset with 70% and 30%
respectively. The train dataset is given to
customized recurrent neural network LSTM
www.neuroquantology.com
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architecture. Some training options are set for the
network for which train dataset is applied. Once
the networks are trained, test dataset is given to
each architecture separately for classifying the
four cardiac ailments Arrhythmia, Atrial
Fibrillation, Congestive heart failure and Normal
Sinus rhythm. Some performance metrics are
calculated to analyse the efficiency of LSTM
architecture and is discussed in the results
section.

characteristic wave with the other, 4 slope
features including PQ, QR, RS and ST wave
slopes and 6 interval features which include
PQ, PT, QR, QT, RS, ST segments.
• 4 Statistical features such as RR mean, PP
mean, ratio of QR to QS and RS to QS interval.
• 9 Heart rate variability (HRV) [28] features 3512
such as IBIM, SDRR, IBISD, NN50, pNN50,
SDSD, RMSSD, RRTot, and NNTot.
• 1 feature as Heart beat per minute.
The obtained features are used to develop a
feature vector of size 1200x54 which shows 54
features for 1200 signals where each of four
ailments contributes 300 signals. The Fig. 4 below
shows characteristic waves detected in a sample
ECG signal using MODWPT.

Fig 3: Block diagram of proposed methodology
using RNN LSTM architecture
3.
Feature extraction and Data processing
Feature extraction is as important step in
machine learning algorithms. For this work, 54
features have been extracted of which some are
detected and some are calculated from the
detected features. It helps to classify between
normality and abnormality of an ECG signal.
These features are extracted using maximal
overlap discrete wavelet packet transform
(MODWPT) technique. A four level symlet
wavelet with four vanishing moments is used to
detect the characteristic waves (P, QRS and T
waves).
Since its four level we get 24 = 16 coefficients of
the signal of which first four are used to
reconstruct the signal using inverse MODWPT
and the maximum value of this reconstructed
signal gives R wave. The remaining characteristic
waves are obtained by using an appropriate
moving window technique. This detected
characteristic waves are used to calculate the 54
features such as:
• 11 Morphological features which include P,
QRS and T durations, one cycle duration of
ECG signal, QRS area, QRS perimeter, angles
of ∠PQR, ∠QRS, ∠RST, ∠PonPQ, ∠STToff.
• 29 Fiducial features [27] of which 19 are
Distance features that is obtained by
permutation of distance between each
eISSN 1303-5150

Fig 4: Characteristic waves detection in ECG
signal using MODWPT
3.1 Feature set Data processing
After feature extraction the data obtained for
1200 signals are used to get the feature vector of
size 1200x54. This feature set contains features
values of different ranges and some values may be
missed or may contain NaN values as well. These
values have to be scaled and handled to apply it to
next stage i.e., classification. This can be done in
two ways as discussed below
3.1.1 Feature Scaling:
This step is an important step in the case where a
feature set contains wide range of values. We
need to bring these values onto same scale by
using either normalisation or standardisation. In
this work standardization is used as there exists
some outliers. The standardization or Z score is
given as
[data value – mean (data value)]
𝑍 = [standard deviation(data value)]
(1)
By applying Z score to feature set brings the entire
data onto same scale. Hence can be further
applied to classification stage.
3.1.2 Handling Missing values:
Some values of the data can be missed or contain
NaN (Not a number) due to calculation of features
www.neuroquantology.com
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and pre-processing step. This missing data can be
handled in two ways; one is by replacing all NaN
values with mean of the feature column where
NaN values exits and the other is to remove entire
feature column with NaN values which can be
treated as feature reduction. Second process is
used on this dataset where 54 features are
reduced to 45 features due to presence of NaN
values. The reduced features set with size 1200 x
45 can now be applied to classification stage.
4.
Recurrent Neural Network Architectures:
Recurrent Neural Network is a feed-forward
artificial neural network. RNNs handle a variablelength sequence input by comprising a recurrent
hidden layer whose activation at each time is
dependent on the previous time. Hence RNNs are
better choice for long-distance contextual
information [29].
A basic RNN can be formalized as follows: given
an input sequence (x1,. xt-1, xt, xt+1..) and for each
timestamp, the model update the hidden state
(h1,. ht-1, ht, ht+1..) and output (y1,. yt-1, yt, yt+1..) Fig
5 shows the general architecture of basic RNN.
The vectors xt and yt are input and output vector
at timestamp t. The three connection weight
matrices are WIH, WHH and WOH represent the
weight corresponding to input, hidden and output
vectors respectively. The operational behaviour
of RNN can be described as a dynamic system by
a pair of non-linear matrix equations based on the
function of the hidden and output unit activation
functions fH and fO as shown in Fig 5 below with
the relevant equation as follows:
ℎ𝑡 = 𝑓𝐻 (𝑊𝐼𝐻 𝑥𝑡 + 𝑊𝐻𝐻 ℎ𝑡−1 + 𝑏ℎ ) (2)
𝑦𝑡 = 𝑓𝑂 (𝑊𝑂𝐻 + 𝑏𝑦 )
(3)

minimum of the error function is set up by
iteratively taking small steps in direction of the
negative error derivative with respect to
networks weights. The magnitude of the
gradients gets exponentially smaller for each
consequent layer. As a result, RNN suffers from
vanishing gradient problem in the lower layers of 3513
a deep network. The three possible solutions to
handle vanishing gradient problem is to use
Rectified Linear Unit (ReLU) activation function;
to use RMSProp adaptive learning optimization
algorithm and/or to use different network
architecture such as Long Short-Term Memory
networks or Gated Recurrent Unit. ReLU
activation function gives unit output while
calculating gradient.
4.1
LSTM Architecture:
Long Short-Term Memory networks (LSTM) are a
special type of RNN architectures invented in
1995 which is mainly used in learning long-term
dependencies [30]. LSTM have two distinct states
passed between the neurons – the cell state and
the hidden layer. Cell state act as short-term
memory while hidden layer carries the long-term
memory, commonly. It is more accurate on longer
sequences but comparatively efficiency is less.
LSTM is a very effective solution for addressing
the vanishing gradient problem that is usually
shown in basic RNN networks. In LSTM-RNN the
hidden layer of basic RNN is replaced by an LSTM
cell as given in Fig 6 below.

where bh and by are bias associated with hidden
and output vector respectively and fH and fo are
activation functions for hidden and output layers
respectively.
Fig 6: Long Short-Term Memory Networks basic
cell unit

Fig 5: A basic architecture of RNN
RNN uses the back-propagation algorithm for
training. During neural network training, the
eISSN 1303-5150

The basic LSTM cell unit consists of three gates
namely Forget gate, Input gate and Output gate.
They use sigmoid as activation function. The
output from these gates is used to calculate the
new cell state and hidden layer (ht, Ct) with tanh
as activation function which is given in the pseudo
code below.
Pseudo code for single LSTM cell:
www.neuroquantology.com
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def LSTM cell (Ct-1, ht-1, xt):
combine = ht-1 + xt
ft = sigmoid(combine);
/* Forget Gate*/
Ct = tanh(combine);
/* Candidate Layer
*/
it = sigmoid(combine);
/* Input Gate */
Ct = (Ct-1 * ft) + (Ct * it); /* New Cell state */
Ot = sigmoid(combine); /* Output Gate */
ht = Ot * tanh (Ct);
/* New Hidden State
*/
return ht, Ct
5.
Performance Metrics
Unlike binary class classification, these TP, TN, FP,
FN parameters are measured for individual class
in multiclass classification problem from
confusion matrix as shown in Fig 7. Hence their
measurement varies and is truly dependent on a
particular class.

The above parameters in Table that are obtained
from confusion matrix can be further used to
evaluate the performance metrics which are
defined below
Accuracy of the class: It is a measurement used to
determine the exactness in predicting a class by
3514
the model and is given by
(𝑇𝑃+𝑇𝑁)
Accuracy of the class = (𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
(2)
Sensitivity/Recall: It is the measure of ability of a
model in identification of true positives and is
defined as
𝑇𝑃
Sensitivity = (𝑇𝑃+𝐹𝑁)
(3)
Specificity/True Negative Rate: It is the measure of
ability of a model in identification of true
negatives and is defined as
𝑇𝑁
Specificity = (𝑇𝑁+𝐹𝑃)
(4)

Precision/ Positive Predictive value: It is the
fraction of relevant samples among the predicted
samples and is given by
𝑇𝑃
Precision = (𝑇𝑃+𝐹𝑃)
(5)
F1 score: It is the harmonic mean of precision and
sensitivity and is given by
2∗𝑇𝑃
𝐹1 score = (2∗𝑇𝑃+𝐹𝑃+𝐹𝑁)
(6)

Fig 7: Confusion Matrix for Multiclass
Classification
Table 1: Confusion Matrix parameters with
Definitions
Parameters
Definition

Mathews Correlation Coefficient: It is the balanced
measure of quality of classes and can be used if
the classes are of different size and is given by
Mathews Correlation Coefficient =
(𝑇𝑃∗𝑇𝑁−𝐹𝑃∗𝐹𝑁)
(7)
√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)

The overall Accuracy of the model is given by
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
𝑇𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

(8)

True Positive
(TP)

In this predicted class and
true class are the same for a
considered class Ck.

All these performance metrics are evaluated and
tabulated in the results and discussions section.

True Negative
(TN)

This value for a class will be
the sum of values of all
columns and rows except the
values of the considered class
Ck.

III. Results and Discussions

False Positive
(FP)

This value for a considered
class Ck will be the sum of
values of entire row of TP
except the TP value.

False Negative This value for a considered
(FN)
class Ck will be the sum of
values of entire column of TP
except the TP value.
eISSN 1303-5150

The feature vector of size 1200 x 45 is
divided randomly into train and test dataset with
70% and 30%. The trained dataset is used to train
the recurrent neural network LSTM model with
100 hidden units. The adam optimizer is used in
training the network. Along with this the other
training options such as maximum epochs as 500,
minibatch size as 25 and initial learn rate as 0.001
were considered mainly in training the LSTM
architecture.
The test dataset is applied to the trained networks
for classification of cardiac ailments and
www.neuroquantology.com
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confusion matrix is obtained for RNN LSTM model
and various performance metrics were evaluated
using the matrix and discussed below.

3515
The Fig 8 shows the confusion matrix obtained for
Long short-term memory network trained with
the feature dataset. The Table 2 given below
shows the performance metrics for classifying
four cardiac ailments. Clearly LSTM network is
able to classify the normal sinus rhythm signal
accurately where the class accuracy is 100%. The
class accuracy for atrial fibrillation and
congestive heart failure are less when compared
to other classes.

Fig 8: Confusion Matrix obtained for LSTM
network

Table 2: Performance metrics evaluated using LSTM
Performance
Metrics

Atrial
Fibrillation

Arrhythmia

Congestive
Heart
Failure

Normal
Sinus
Rhythm

Class Accuracy

0.9611

0.9944

0.9667

1.0

Sensitivity

0.8889

1.0

0.9556

1.0

Specificity

0.9852

0.9926

0.9704

1.0

Precision

0.9524

0.9783

0.9149

1.0

F1 Score

0.9195

0.9890

0.9348

1.0

MCC

0.8949

0.9854

0.9128

1.0

Performance Metrics for LSTM Classifier
1.05
1
0.95
0.9
0.85
0.8
Class Accuracy

Atrial Fibrillation

Sensitivity

Specificity

Arrhythmia

Precision

Congestive Heart Failure

F1 Score

MCC

Normal Sinus Rhythm

Fig 9: Comparison of Performance Metrics for four Cardiac Ailments using LSTM
The Fig 9 shows the bar graph comparing the
various performance metrics obtained while
classifying four cardiac ailments using RNN-LSTM
architecture. Clearly from the graph the LSTM
model is accurate in detecting both NSR and
eISSN 1303-5150

Arrhythmia signals and relatively better in
detecting Atrial fibrillation and Congestive heart
failure signals. Table 3 give the Overall
performance metrics obtained in classifying
cardiac ailments using LSTM model.
www.neuroquantology.com
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Table 3: Overall Performance Metrics obtained using LSTM
Overall Performance Metrics

LSTM

Overall Accuracy of Model

96.11%

Mean of MCC

94.83%

Overall Sensitivity

96.11%

Overall Specificity

98.71%

Overall Precision

96.14%

Weighted F1 Score

96.14%

Classification Error

3.89%

Comparison with the related work:
Table 4 gives a detailed comparisons of
the proposed work with the previous existing
studies which include both binary and multiclass
classification of cardiac ailments. In [31] Cinar A
et al. has performed multiclass classification on
cardiac ailments namely arrhythmia, congestive
heart failure and normal sinus rhythm signals
with LSTM model and achieved a class accuracy of
91.11%, 93.19% and 97.04% respectively.
Sharma A et al. in [32] has proposed LSTM based
References

3516

model to detect Arrhythmia signals which an
accuracy of 90.7%. In [33] B. Murugesan et al. has
detected arrhythmia signals using LSTM model
and achieved an accuracy of 89.4%.
The proposed methodology used RNN
based multiclass classification with hand crafted
features obtained from MODWPT as input to the
RNN LSTM model and achieved an overall
accuracy of 96.11% which outperforms in
classifying cardiac ailments when compared to
other existing models.

Table 4: Comparison Table with related works
Method
Accuracy

Class

Çınar A et. al
[31]

LSTM

91.11%
93.19%
97.04%

ARR
CHF
NSR

Sharma A et. al
[32]

LSTM

90.7%

Arrhythmia
(ARR)

B. Murugesan et. al
[33]

LSTM

89.4%

Arrhythmia
(ARR)

Proposed Method*

LSTM

99.44%
96.11%
96.67%
100%
96.11%

ARR,
AF,
CHF,
NSR
Overall

IV Conclusions
In the proposed study a recurrent neural
network architecture LSTM (Long short-term
memory) based classification is applied on
cardiac ailments for their autonomous detection.
Instead of automatic feature extraction, handcrafted features are given as input to the RNN
LSTM architecture to detect the diseases and
classify them. For feature extraction process
eISSN 1303-5150

MODWPT method is used to detect the
characteristic waves and evaluate feature vector
from ECG signals of cardiac ailments. These
features are given as input to RNN LSTM model
with 100 hidden units each. It classified the
considered cardiac ailments with Accuracy and
Mean of MCC (Mathew’s Correlation coefficient)
of around 96.11% and 94.83% which is high
when compared to other state-of-the-art models.
www.neuroquantology.com
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Also, the model accurately predicts two ailments
NSR and Arrhythmia signals. Thus, the proposed
LSTM technique outperforms in terms of accuracy
and mean of MCC.
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