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AUTOMATIC CARDIOVASCULAR DISEASE DIAGNOSTIC

SYSTEM AND METHOD

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims priority to U.S. Provisional Patent Application
No. 62/987,518, filed on March 10, 2020, entitled “AUTOMATIC
CARDIOVASCULAR DISEASE DIAGNOSIS USING ECG SIGNALS,” and U.S.
Provisional Patent Application No. 63/009,224, filed on April 13, 2020, entitled
“AUTOMATIC CARDIOVASCULAR DISEASE DIAGNOSIS USING ECG SIGNALS,”

the disclosures of which are incorporated herein by reference in their entirety.

BACKGROUND

TECHNICAL FIELD

[0002] Embodiments of the subject matter disclosed herein generally relate to
a system that automatically diagnosticates cardiovascular diseases based on
electrocardiogram (ECG) signals, and more particularly, to a system that uses a
combination of two-event related moving-averages and fractional-Fourier-transform
(FrFT) to determine peaks in the ECG signals and a machine learning algorithm to

automatically identify a cardiovascular disease based on the determined peaks.
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DISCUSSION OF THE BACKGROUND

[0003] According to the World Health Organization (WHO), cardiovascular
diseases (CVDs) are the leading cause of death globally. In recent years, various
programs and policies have been implemented in increasingly diverse communities
to provide tools, strategies, and other best practices to reduce the incidence of initial
and recurrent cardiovascular events. To achieve this goal, the ECG has become the
most commonly used bio-signal for the prompt detection of CVDs. The ECG is a
graphical representation of the heart’s electrical activity. It is currently used by
doctors to identify various heart diseases and abnormalities.

[0004] Doctors have been using ECG signals to detect heart diseases such as
arrhythmia and myocardial infarctions for over 70 years. As illustrated in Figure 1, an
ECG signal 100 includes a P wave, a QRS complex, and a T wave. An additional U
wave (not shown) may also be present. Many cardiovascular diseases can be
diagnosed by analyzing the variations of these waves. The traditional ECG machines
are safe and inexpensive, but various factors, such as patients’ body movement,
movement of the electrodes placed on the body, and power line interference, may
negatively impact the ECG signal. These factors may generate artifacts that may
result in producing spikes in an ECG signal, which make the identification of the
cardiovascular disease more difficult.

[0005] Different transforms are used for the pre-processing of the ECG signals
to remove the noise and/or artifacts. For noise and artifact-free ECG signals, several
algorithms are reported in the literature to detect the P, QRS complex, and T waves.

These algorithms are validated over the MIT-BIH arrhythmia database [1]-[6]. In [1],
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a rapid-ramp effective algorithm for the detection of the R-peak is presented, which
uses the slopes between adjacent signals to determine the occurrence of the R-
peak. This algorithm is applied only on two records of the database and has a
higher-order complexity. In [2], a combination algorithm based on an empirical-
mode-decomposition (EMD) and the Hilbert transform is presented to detect the R
peaks in the ECG signal. This algorithm is complicated and involves a large number
of blocks for the detection of the R-peaks. In [3]-[6], algorithms based on the two
event-related moving averages (TERMA) are proposed for the detection of the P, R,
and T peaks. This algorithm involves different functional blocks such as filtering,
enhancing, block-of-interests (BOIs) generation, and thresholding. The obtained
signal is filtered with a Butterworth filter and output values are squared to enhance
large values and minimize small values. After enhancement, the next step is to
select the window sizes. The window sizes are selected on the basis of the QRS
duration and QRS repetition interval. BOls are generated for each peak using
moving averages. Then, the width of each block is calculated. The obtained block
width is compared with a threshold depending on the window size. After
thresholding, the peaks are detected. For the localization of the P and T peaks, the
samples before and after the detected R peaks, along with the R peak sample are all
set to zero depending upon the PR interval. This algorithm gives acceptable results
for the peak detection.

[0006] However, the existing algorithms are not as accurate as desired, some
are complicated, which require intense computing capabilities, and some are

expensive. Thus, there is a need for a new system and method that is capable to
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automatically detect cardiovascular diseases based on received ECG signals, and

the system needs to be inexpensive and easy to use.



WO 2021/181247 PCT/1IB2021/051915

BRIEF SUMMARY OF THE INVENTION

[0007] According to an embodiment, there is a method for automatically and
independently associating a cardiovascular disease with an electrocardiogram, ECG,
signal. The method includes receiving the ECG signal; denoising the ECG signal
using a wavelet transform; determining peaks of the denoised ECG signal by
applying a combination of (1) two event-related moving averages and (2) fractional-
Fourier-transform (FrFT) to the denoised ECG signal; and passing the peaks through
a classifier for identifying the cardiovascular disease that corresponds to the ECG
signal.

[0008] According to another embodiment, there is a system for automatically
and independently associating a cardiovascular disease with an electrocardiogram,
ECG, signal. The system includes an interface for receiving the ECG signal, and a
logic circuit connected to the interface. The logic circuit is configured to denoise the
ECG signal using a wavelet transform, determine peaks of the denoised ECG signal
by applying a combination of (1) two event-related moving averages and (2)
fractional-Fourier-transform (FrFT) to the denoised ECG signal, and pass the peaks
through a classifier for identifying the cardiovascular disease that corresponds to the
ECG signal.

[0009] According to yet another embodiment, there is a non-transitory
computer readable medium including computer executable instructions, wherein the

instructions, when executed by a computer, implement the method discussed above.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0010] For a more complete understanding of the present invention, reference
is now made to the following descriptions taken in conjunction with the
accompanying drawings, in which:

[0011] Figure 1 is a schematic diagram of an ECG signal;

[0012] Figure 2 is a schematic diagram of an autonomous and independent
cardiovascular disease diagnostic system;

[0013] Figure 3 is a flow chart of a method for automatically identifying a
cardiovascular disease based on an ECG signal;

[0014] Figure 4 is a flow chart of a method for removing artifacts from an ECG
signal based on a wavelet transform;

[0015] Figure 5A illustrates the ECG signal with baseline drift and high-
frequency noise while Figure 5B illustrates the same signal after denoising;

[0016] Figures 6A to 6C schematically illustrate the various modules used by
the peak detection method;

[0017] Figure 7 illustrates a block of interest for an ECG signal for the peak
detection method;

[0018] Figure 8 shows the ECG signal and the annotated R peaks and Figure
9 shows the detected R peaks relative to the ECG signal;

[0019] Figure 10 shows how the block of interest for the detection of the P and
T peaks are generated;

[0020] Figure 11 illustrates the annotated and detected P peaks for an ECG

signal and Figure 12 shows the annotated and detected T peaks for the ECG signal,
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[0021] Figure 13 illustrates a performance comparison between the fusion
method and an existing algorithm for the R peak detection;

[0022] Figure 14A illustrates a performance comparison between the fusion
method and an existing algorithm for the P and T peaks detection for a first part of
the MIT-BIH database and Figure 14B illustrates the same for a second part of the
same database;

[0023] Figure 15 illustrates the performance of the support vector machine
(SVM) classifier on the MIT-BIH database;

[0024] Figure 16 illustrates the performance comparison of the SVM and
multi-layer perceptron (MLP) classifiers;

[0025] Figure 17 illustrates the classification results of the fusion method when
using the 12-lead ECG database; and

[0026] Figure 18 is a flowchart of a method for automatically and

independently associating a cardiovascular disease with an ECG signal.
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DETAILED DESCRIPTION OF THE INVENTION

[0027] The following description of the embodiments refers to the
accompanying drawings. The same reference numbers in different drawings identify
the same or similar elements. The following detailed description does not limit the
invention. Instead, the scope of the invention is defined by the appended claims. The
following embodiments are discussed, for simplicity, with regard to autonomous and
independent cardiovascular disease diagnostic system that based on received ECG
signals, is configured to determine the various peaks of the ECG signals based on a
combination of the TERMA and FrFt algorithms and then to identify the associated
disease using a machine learning algorithm. However, the embodiments to be
discussed next are not limited to an autonomous and independent cardiovascular
disease diagnostic system, but may also be used for other diseases that are
associated with other bio-signals.

[0028] Reference throughout the specification to “one embodiment” or “an
embodiment” means that a particular feature, structure or characteristic described in
connection with an embodiment is included in at least one embodiment of the subject
matter disclosed. Thus, the appearance of the phrases “in one embodiment” or “in an
embodiment” in various places throughout the specification is not necessarily
referring to the same embodiment. Further, the particular features, structures or
characteristics may be combined in any suitable manner in one or more

embodiments.
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[0029] According to an embodiment, a novel cardiovascular disease
diagnostic system is configured to use a combination of the moving averages and
time-frequency analysis to identify the peaks of the waves of the heart beat from the
ECG signals, and then to classify the various detected peaks using a machine
learning algorithm. Such a system 200 is shown schematically in Figure 2 and
includes a logic circuit 202, for example, a processor or integrated circuit, a memory
220 that is configured to store information (e.g., ECG signals) and/or commands, an
interface 230 that can be connected to one or more sensors 232 to be attached to a
person for collecting the ECG signals, a power source 240 for supplying electrical
energy to the above noted components, and a communication unit 250 for
transmitting and/or receiving information from an external device 270, e.g., a server,
computer, smart device, cell tower, router, etc. The communication unit 250 may be
a transceiver that is configured to send and receive radio frequency (RF) signals, or
any other know frequency that is used for data communication.

[0030] The logic circuit 202 may include a first module 204 for pre-processing
the ECG signals, for example, for removing noise from these signals. The logic
circuit 202 may also include a second module 208, which is an ECG peak detection
module. This module is configured to apply the TERMA and FrFT algorithms to the
denoised ECG signals to estimate the peaks of the ECG signals. The logic circuit
202 may further include a cardiovascular diagnosis module 208, which is configured
to receive the peaks of the ECG signals from the ECG processing module 206, and

to use one or more machine learning algorithms to determine a cardiovascular
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disease that fits the peaks of the ECG signals. Each of these modules and their
actions are discussed in detail later.

[0031] The cardiovascular disease diagnostic system 200 is configured to
implement the functionalities discussed above according to the method illustrated in
Figure 3. The method starts in step 300 by receiving the ECG signals. If the system
200 is directly connected to the one or more electrodes 232 (in one embodiment,
only three electrodes 232 are necessary for performing the method discussed
herein), then the ECG signals are received directly from these electrodes. However,
it is possible that system 200 receives the ECG signals over the communication unit
250, for example, if the system 200 is located away from the patient. The received
ECG signals can then be stored in the memory 220 for further processing.

[0032] In step 302, the ECG signals are filtered by the ECG noise removal
module 204 for removing or reducing the associated noise. In step 304 the ECG
peak detection module 206 applies at least two different algorithms, as discussed
later, for determining the peaks associated with the ECG signals. Based on the
detected peaks, the cardiovascular diagnosis module 208 extracts in step 306 one or
more features associated with the peaks of the ECG signals and in step 308, the
system 200 classifies the extracted features to fit one or more cardiovascular
conditions 310-I, where | is any natural number larger than 3.

[0033] With regard to the ECG noise removal module 204, it is known that the
ECG signals are contaminated by noise and artifacts such as baseline drifts. For the
accurate detection of the P, QRS, and T waves, artifacts and noise should be

removed from the signal as much as possible. Thus, for the step of signal filtering

10
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302, the baseline drift and/or the high-frequency noise are removed using a discrete
wavelet transform (DWT). Figure 4 shows the steps involved in the baseline drift
removal. The ECG signal is received in step 400, and wavelet and level of
decomposition selection is performed in step 402. A central frequency (Fc) is
calculated to select wavelet. The Fc factor ranges from O to 1 depending on the
similarity between the signal and the wavelet. Daubichie-4 (db4) has the highest Fc
factor, and it is 0.7 for ECG signal. Next, a pseudo-frequency (Fa) is calculated at

each scale using the following equation.

Fe

Fo =233

(1

where “a” shows the scale and A shows the sampling period. As the baseline drift is
mostly localized around 0.5 Hz, a scale with Fa less than or equal to 0.5 Hz is
selected similar to [7]. The selected scale in this embodiment is the scale 9. After the
scale selection in step 402, the ECG signal is decomposed in step 404 into
approximate and detailed coefficients using the db4. The approximate coefficients
are used to extract the low-frequency components, while the detailed coefficients are
used to extract the high-frequency components of the signal, similar to [8]. The low-
frequency coefficients contain the baseline drift. Then, the signal is reconstructed in
step 406 through an inverse discrete wavelet transform (IDWT) using only the
approximate coefficients, which results in an estimation of the baseline drift. To
suppress the baseline drift, the estimated baseline drift is subtracted in step 408 from

the original ECG signal, which results in a baseline drift-free signal.

11
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[0034] Similarly, the high-frequency noise can be removed using the wavelet
filtering. Different noises have different frequencies ranges as known from literature.
After the baseline drift removal, the signal is again decomposed up to level 6 using
the db4 wavelet. As most of the energy of the QRS complex is concentrated in the
range of 8 to 20 Hz, the level 6 is chosen for decomposition. The QRS energy can
be captured using the detailed coefficients of levels 4, 5, 6 and the approximate
coefficients of level 6. The detailed coefficients of levels 1, 2 and 3 contain high-
frequencies ranges from 50Hz to 100kHz. This noise belongs to muscle contraction
noise. Therefore, the detailed coefficients are discarded and the approximate
coefficients are retained at these levels. Figure 5A shows the raw ECG signal 500
including the baseline drift and high frequency noise while Figure 5B shows the
denoised ECG signal 510 from which the baseline drift and the high-frequency noise
has been removed. The denoised signal 510 is now ready for further processing for
the peak detection. The signal shown in Figure 5B is the result of the step 302.
[0035] The denoised signal 510 is now processed in step 304 for peak
detection. A combination of algorithms are used in this step for the peak detection.
The present embodiment discusses combining the moving averages algorithm (the
first algorithm) with the FrFT (the second algorithm). The moving averages results in
smoothing out the short-term events while highlighting the long-term events. Two
moving averages are generated and when used together, they crossover from time
to time. The use of these averages results in the detection of certain events, which
are related to the P, QRS, and T waves. The implementation of the moving average

is numerically efficient.

12
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[0036] To further improve the detection performance, the FrFT is used, as
now discussed. The FrFT is a generic form of a classical Fourier transform with a

parameter « that shows its order. The FrFT of a signal can be defined as
FrET®(t,u) = FP(x(0)) = X, (1) = f ROLACH

where « represents the order of the FrFT, ¢ = ar/2 is the angle of rotation, F*(.)

denotes the FrFT operator, and K, (¢, u) represents the kernel of the FrFT and is

defined by:

1 —jcot cot ¢ 2+ u? ]
Ky(tw) ={ Texp j > cot cot ¢ — jtucsccesco |,

for ¢ #nmé(t —u), for ¢ = 2nm (¢t + u),

for¢ = 2(n+%)n 2

where n is an integer.

[0037] The step 304 of peak detection for the R peak is performed by passing
the filtered signal 510 through different modules such as, an enhancement module
600 shown in Figure 6A, generation of blocks of interest (BOIs) module 610 as
shown in Figure 6B, and thresholding of the BOIs module 620 as shown in Figure
6C. More specifically, the R peaks are detected using the fusion algorithm (which is
the combination of the two algorithms discussed above, i.e., FrFT and TERMA [5],
[9] to [11]). The denoised signal 510 is first passed through the enhancement module
600, in which the signal is rotated in the time-frequency plane using the FrFT

equation (1) using the value of « = 0.2. This value of « is chosen by try and error

13
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method to yield the best possible detection. This enhancement block is different from
the simple squaring block used in the original TERMA algorithm, as the FrFT
enhancement performs a much better detection. The FrFT transform includes chirp
multiplication, followed by chirp convolution and again another chirp multiplication.
This transformation is applied to the signal 510, which is free of the baseline drift and
the high-frequency noise. The transformation rotates the signal 510 in the time-
frequency plane, generating a FrFT signal 520. After applying the FrFT transform,
the rotated signal 520 may be further enhanced by squaring each sample so that the
large values can be boosted.

[0038] After enhancement in the module 600, the blocks of interests (BOIs)
are generated in the module 610, by using the two event-related moving averages.
One moving average is event-related and extracts a specific event from the rotated
signal 520, while the other moving average is cycle-based and is used to extract the
repeated events such as QRS complexes. A block of interest 710 is shown in Figure
7 for the QRS wave. An event-related threshold is applied by the module 620 to the
BOls 710 to distinguish the blocks that contain the R peaks. The event-based
moving averages smooth out the peaks and help to extract the area of interest. For

example, the moving average MA for the even-related is defined as:
1 4
MAevent[n] = W 2 x[n + k]) 3)
1

wy—1

where n is the time instant, [ = >

, while the value of the window W, depends on

the duration of the event (QRS complex in this case). The time instant n is an integer

14
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and x indicates a series of points that correspond to the selected samples. The
moving average for the cycle-based emphasizes the repeated cycle-based events

and is defined herein as:

1
MAcycle [Tl] W 2 x[n + p]) (4’)
2
k=-p
where p = sz_l while the value of the window W, depends on the duration of the
heartbeat.
[0039] The moving averages given by equations (3) and (4) are then

compared in block 620 with the selected threshold to generate the block of interests
710. If the MA,,..: 1] is greater than the threshold, then the corresponding block
contains the bio-signal features such as the R peaks. After generating the blocks of
interests, the R peaks are detected using a search algorithm. It can be seen in
Figures 8 and 9 that after applying the fusion algorithm (corresponding to modules
600, 610, and 620), almost all annotated R peaks 810 from the ECG signal 800 are
accurately detected as detected R peaks 820.

[0040] The P and T peak detection process is now discussed. The first step is
the removal of the determined R peaks from the denoised signal 510 to make the P
and T peaks prominent. The R peaks are removed by setting the sample values
before and after the R peak to zeros. The signal is set to zero in this embodiment in
a range of 30 samples (0.083s) before the R peak and 60 samples (0.166s) after the
R peak. For this duration, the occurring probability of the P and T waves is negligible

for any CVD. Other ranges may be used. After the R peaks are removed, the signal

15
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is rotated in the time-frequency plane by applying the FrFT transform with the
module 600. After applying the FrFT transform, the block of interests are generated
with the module 610, by using the moving averages. The P wave duration for a
normal healthy person varies within (100 £ 20) ms and the QT interval varies within
(400 £ 40) ms. Window sizes for the moving averages are selected by module 610
depending on the normal P wave duration and the QT intervals.

[0041] The first moving average that is used to detect the P and T peaks is

defined as follows:
MApealnl = 7= > xln+al, (5)

w,—1
2

where g = and the value of the window W; is selected to be 55 ms and it is half

the duration of the P wave. A smaller window size is chosen rather than the window
size for the healthy persons, to consider the special cases of arrhythmias, which
have a smaller duration. The purpose of the second moving average is to use it as a

threshold for the first moving average. Thus, the second moving average is selected

to be:
1 s
MAy,qve [Tl] = W 2 x[n + T], (6)
4
k=-r
where r = W“Z_l. The moving averages are then passed to module 620, for applying

the threshold(s) and determining the peaks. If the first moving average (given by

equation (5)) is greater than the second moving average (given by equation (6)), that

16
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part of the signal is considered as BOls, as shown in Figure 10. Figure 10 shows that
the sequential intersection of the two moving averages, at points 1010 and 1020,
define the block of interests containing the P and T peaks.

[0042] A threshold based on the PR, RR and RT intervals is applied to the two
averages to distinguish the generated blocks from the blocks that contain the P and
T peaks. If the distance between the maximum value of the block and the nearest R
peak is within the predefined PR interval, then the maximum value of the block is
referred to as the P peak. If the distance between the maximum value of the block
and the nearest R peak is within the predefined RT interval, then the maximum value
of the block is referred to as the T peak. Figure 11 shows that the P peaks and
Figure 12 shows that the T peaks are accurately detected accurately after applying
the fusion algorithm. The use of FrFT allows us to detect P and T wave peaks more
accurately at lower computational cost.

[0043] Next, having accurately identified the various peaks of the original ECG
signal, it is necessary to extract features from these peaks, and to classify the
features based on a database of possible diseases associated with the peaks. To
classify a heart condition, the estimation of the different peaks discussed above and
shown in Figures 9A, 9B, 11, and 12 can be used in combination with a machine
learning algorithm. Machine learning allows training on data inputs and by using
statistical analysis, helps to output the values that fall within the specific range. It
helps in the automatic decision-making process that is implemented in the system
200 by building different models from the sample data. However, to be able to

predict which disease corresponds to the extracted peaks, the machine learning

17



WO 2021/181247 PCT/1IB2021/051915

algorithm run by the system 200 needs to be trained first. Thus, to train the machine
learning algorithm, in some cases, the system is provided with some inputs and
predefined labels, while in other cases the inputs are unlabeled. Data training
includes two steps, feature extraction and classification, which are discussed next.
[0044] With regard to the feature extraction step, different features can be
extracted from the ECG signal using statistical parameters and the peak information.
These features are used to classify the signal and help in disease diagnosis. In this
embodiment, features are extracted from different records of the MIT-BIH arrhythmia
database, Kaggle ECG Lead 2 data set PhysioNet, and 12 lead Chinese data set, all
known in the art. Samples from the different records contribute towards the data set
used for the feature extraction. The features considered in this embodiment include
age, sex, coefficients from the AR model, coefficients from the FrFT transform, and
information associated with the detected R, P and T peaks.

[0045] In one application, an Auto Regressive Model (AR) is used. The AR

model of order p (AR(p) model) can be described as:

p

x(n) = 2 ax(n—10) + e(m), (7)

=1

where ay, a, ..., ap represent the coefficients of the AR model, e(n) is the white
Gaussian noise sample of zero mean and \sigma? variance. The AR model
evaluates criteria for the selection of the model order for a sequence of AR models of
successive orders, from pmin t0 pmax and computes the parameters, ay, ..., opr. The

optimum order pop: of an AR model is generally chosen as the optimizer of an order

18
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selection criterion. In this embodiment, the optimum order pyp: has been chosen to
have a value of 4. Thus, the fourth order AR model is used to represent the
heartbeats in this embodiment. Other values may be selected for this parameter.
[0046] Next, a feature matrix is generated. The feature matrix contains the
feature information of heart beats taken from the different records of the MIT-BIH
arrhythmia database. Each row of the matrix shows the feature information of a
single heartbeat. Each row includes different features of different heartbeats taken
from the datasets. For example, if in this embodiment, four coefficients as to a4 are
taken from the AR model, n coefficients are taken from the FrFT transform of the
given heartbeats, and two coefficients are the PR and RT intervals, the feature
vectors {ay, az, as, a4, f1, fo, ... , T, PR, RT} for each heart beat can be concatenated
together to form a feature matrix.

[0047] The PR and RT intervals are calculated as now discussed. Peak
information of the P, QRS complex, and T waves has been used to extract the
values of the PR and RT intervals. These intervals are important in CVDs diagnosis
because many heart diseases include a change in the heart rate, removal of the P
peak between two QRS complexes, an extra R peak between the P and T peaks,
and so on. Any of these changes results in a change in the PR and RT intervals.
These intervals also contain information of all the detected peaks and thus, these
intervals have been chosen as the features to classify the different heart beats.
[0048] The classification of the ECG signal is now discussed. Classification
using machine learning can help in identification of the abnormality present in the

ECG signal of the patient. After identifying an abnormality in the ECG signal, the
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system 200 can diagnose heart diseases and thus enable the doctor to provide a
better treatment to the patient. In this embodiment, the Support Vector Machine
(SVM) and Multi-layer Perceptron (MLP) algorithms have been used for the
classification step.

[0049] The SVM is a supervised learning algorithm, which can be used for the
classification and regression problems. In SVM, data is plotted in an n dimensional
space where n shows the number of features. After plotting, the classification is
performed by finding a hyper plane that differentiates between different classes. The
hyper plane is optimized by the maximization of the margin. The hyper plane which
is at higher distance from the closest data points among other hyper planes is
chosen. Then, the SVM is solved based as the following quadratic problem:

n
i=1

n

aaititiK(X, X)) | (8)

NlH

iLj

n

subject to 2 a;t; =0
ij=1

where a > 0 are Lagrange multipliers, C is a constant, and K(Xl-, X]-) is the kernel

function. A common kernel function is the Gaussian Radial Basis function (RBF),

which is defined as:

X;
K(X,X;) = —”. (9
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[0050] The SVM process is very effective in higher dimensional spaces and
also effective when the number of dimensions is greater than the number of
samples. As compared to both the logistic regression and neural networks, the SVM
sometimes gives a cleaner, and sometimes more powerful way of learning complex
non-linear functions. The classification process with the SVM is divided into two
steps, learning and testing. During the learning step, some features are given as an
input to the SVM classifier while in the testing step, the given data set is divided into
two subsets, a training data set and a testing data set. In this embodiment, the data
set has been divided into training and testing subsets, with a 70% data for training
and 30% for testing.

[0051] When the MLP classifier is used, an artificial neural network (ANN)
algorithm is used to classify regions of interest using a methodology that performs
similar functions to the human brain such as understanding, learning, solving
problems and taking decisions. The ANN architecture consists of three units. The
first layer is the input layer and the number of its nodes is determined by the number
of the input parameters. The last layer is the output layer, and the number of its
nodes is given by the desired output. The layers between the input and output layers
are called the hidden layers. In this embodiment, the MLP model is a feed-forward
artificial neural network. The connections between perceptrons in an MLP are
forward and every perceptron is connected to all the perceptrons in the next layer,
except the output layer that directly gives the result. The MLP utilizes back

propagation algorithm to produce results.
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[0052] To test these feature extraction algorithms, a data set from the MIT-BIH
arrhythmia data base has been used. The system 200 was validated over all the 48
records of the database. After preprocessing, the P,R and T peaks were detected for
each record. After peak detection, different features were extracted from the signal
for the classification. The extracted features were passed to the SVM classifier to
classify the data set. The data set was classified into normal beat (Normal),
premature ventricular construction (PVC), atrial premature contraction (APC), left
bundle branch block beat (LBBB), right bundle branch block beat (RBBB), and paced
beat (Pace) heart beats. 70% of the data was chosen as training while 30% was
chosen as testing data. Different features were also extracted from the Kaggle ECG
2 lead data set and 12 lead Chinese data set. The MLP model was trained on the
MIT-BIH data set and tested over the same databases. Normal, RBBB and PVC
beats are classified using these data sets. The performance of the proposed
algorithm is tested by using different metrices. Several metrices are used to
determine the performance of the algorithms run on the system 200, such as overall
accuracy, sensitivity (precision), positive predictivity (recall), f1-Score, and Error rate.
These metrices are defined as:

TP+TN
Overall Accuracy = TP+ TN + FP + FN

TP

Sensitivity (SE) = TP+—F1V

Positi — Predictivit Pr) =
osttiive reaictivi y(+ T) —TP+FP
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precision * recall TP

precision + recall TP +%(FP +FN)

fi — score =2

FP+ FN

Error Rate(Err) = TP

where FN represents the false-negative defined as the annotated peaks not detected
by the algorithm, FP represents the false-positive defined as peaks which are
detected but are not actually present and if the peak is detected within the 30ms
interval of the annotated peaks, it is defined as TP. To assess the performance of
the algorithm, the FN and TP are estimated.

[0053] With regard to the detection step, the table in Figure 13 illustrates the
performance of the fusion algorithm as compared to the TERMA algorithm. The
fusion algorithm has been tested over all the 48 records of the MIT-BIH arrhythmia
database. The table in Figure 14A shows the performance of the algorithm for the
detection of P and T peaks over the first 10 records of the MIT-BIH arrhythmia
database while the table in Figure 14B shows the same performance, but over the
remaining 38 records of the MIT-BIH arrhythmia database. The inventors found an
improvement in the Error Rate and Sensitivity of the fusion algorithm over the
TERMA algorithm. For the P peaks detection, the fusion algorithm results in SE of
75.8% and Err of 0.40 as compared to SE of 67.5% and Err of 0.51 in the case of
TERMA. For the T peaks detection, the fusion algorithm results in SE of 59.2% and

Err of 1.04 as compared to SE of 42.8% and Err of 1.15 in the case of TERMA.
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[0054] With regard to the classification step, after the peak detection, the data
set is classified by passing the extracted features through the SVM classifier. In this
embodiment, the Scikit-learn (a machine learning algorithm implemented in Python)
has been used for machine learning model building. The records 100m, 109m,
118m, 107m, 208m and 232m from the MIT-BIH arrhythmia database were used for
the feature extraction and classification. In this embodiment, a total of 36 features
were extracted, which contains 32 features from the DWT transform and 4 features
from the AR model. The total number of beats extracted from the Normal, LBBB,
RBBB, PACE, PVC and APC records were 2,237, 2,490, 2,165, 2,077, 992 and
1,382 respectively. The total number of data used in training was equal to 7,940
beats. Another 3,403 data points have been left for testing. Under these conditions,
the SVM algorithm gives an overall accuracy of 99.68%. In addition, the algorithm

was tested by extending the data set to other records of MIT-BIH data base.

[0055] To obtain the optimal SVM classification, two parameters C and y = #

should be adjusted. In this embodiment, the parameter C has been selected to be
65,536 and y = 2.44e~*. The Normal, PVC, APC, LBBB, RBBB and PACE heart
beats have been extracted from different records of the MIT-BIH database. The
feature matrix was generated using 6 different features for the samples of each
extracted heartbeat. The feature extraction work has been extended by combining
different sets of features as shown in the table of Figure 15. The SVM classifier was
tested for two different types of data. One data contains the information from the

annotations (which is available online) while the other data contains the peak
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information from the detected peaks. The SVM classifier shows an overall accuracy
of 96.6% using annotations and 93.9% without annotations.

[0056] The MLP classifier was also tested. In this embodiment, the same data
set has also been used for the classification process. The features were extracted
and passed through the classifier. This classifier shows an overall accuracy of
99.79% for the same set of 36 features shown in the first row in the table in Figure
15. The table in Figure 16 shows the performance comparison of the classifiers SVM
and MLP in terms of precision, recall, and f1-Score.

[0057] The classifiers discussed above have also been training and testing on
the 12 Lead ECG SPH Data set. The data set consists of four parts, ECG raw Data,
ECG denoised data, diagnosis file, and attributes file. For each subject, the data file
includes headers which represents the ECG lead. This database contains 12-lead
ECGs of 10,646 patients with 500 Hz sampling rate that features 11 common
rhythms and 67 additional cardiovascular conditions. The data has been labelled by
professional experts. For each subject, the signal is 10 sec long, which contains
5,000 samples for each lead. Data for each patient is of 5,000 x 12 dimensions.
[0058] For this data-set, 11 rhythms are merged into 4 groups (SB, AFIB,
GSVT, SR). SB only includes sinus bradycardia, AFIB consists of atrial fibrillation
and atrial flutter (AF), GSVT contains supra ventricular tachycardia, atrial
tachycardia, atrio-ventricular node reentrant tachycardia, atrioventricular reentrant
tachycardia and sinus atrium to atrial wandering rhythm, and SR includes sinus
rhythm and sinus irregularity. AFIB or AF are classified into AFIB group. Sinus

rhythm and sinus irregularity are merged into the SR group, so that it can be
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distinguished from the GSVT group. Sinus irregularity can be distinguished from
sinus rhythm by one simple criteria of PR interval variability. After regrouping these
data signals, a set of features has been extracted. A total of 100 records, 25 from
each group, are selected from the database. A total of 16 features are extracted, with
4 features being taken from the coefficients of the AR model.

[0059] To apply the AR model, a segment from each data set is selected. For
this purpose, the R peaks are detected using the fusion algorithm discussed above
with regard to Figures 6A to 6C. After detection, one segment from each signal is
selected in such a way that it contains 300 samples, 90 samples before the R peak
and 210 samples after the R peak. The AR model is applied on the set of these 300
samples and its coefficients are calculated. 12 other features such as age, gender,
ventricular rate, atrial rate, QRS duration, QT interval, QRS count, RAXxis, TAXxis,
QOnset, QOffset, and TOffset are taken from the diagnosis file present in the data
set. This data set is trained and tested using the SVM and MLP classifiers. The MLP
classifier has shown an overall higher accuracy of 95%, as illustrated in table of
Figure 17. When the MLP classifier has been trained and tested with data sets from
other sources, e.g., the St Petersburg INCART 12-lead arrhythmia database and the
12-lead Chinese database to classify the Normal, RBBB and PVC beats, the
classifier has shown an overall accuracy of 93.6% for INCART and 65% for the
Chinese database.

[0060] The above discussed embodiments rely on the fusion algorithm, which
is based on a combination of wavelets, FrFT transform, and TERMA averages to

detect the R, P, and T peaks. The wavelets were used to denoise the signal, while
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the FrFT and TERMA were used for the accurate detection of the peaks. After peak
detection, the results were used for the classification of the ECG signals using
different classifiers such as the SVM and MLP. Different numbers of features are
extracted from two different data-sets and passed through the classifiers. Heart
beats are also classified using two different data sets for training and testing. The
fusion algorithm when used with these classifiers has shown a very high overall
accuracy regarding the classification of the different heart beats.

[0061] The algorithms discussed above can be implemented as an
autonomous and independent cardiovascular diagnostic method into the system 200
shown in Figure 2. Such a method includes, as illustrated in Figure 18, a step 1800
of receiving the ECG signal, a step 1802 of denoising the ECG signal using a
wavelet transform, a step 1804 of determining peaks of the denoised ECG signal by
applying a combination of (1) two event-related moving averages and (2) fractional-
Fourier-transform (FrFT) to the denoised ECG signal, and a step 1806 of passing the
peaks through a classifier for identifying the cardiovascular disease that corresponds
to the ECG signal. The two event-related moving averages calculate a first average
that is related to an event on the ECG signal, and a second average that is cycle-
based and is related to repeated events on the ECG signal. The method may further
include generating a block of interest based on the two even-related moving
averages. The block of interest is defined by two adjacent interactions of the first
average and the second average when plotted against a sample number. The

method may further include determining first R peaks of the ECG signal, and
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determining second P and T peaks of the ECG signal. The R peaks are removed
from the ECG signal before determining the P and T peaks.

[0062] The step of passing may include applying an auto regressive model to
the peaks associated with the denoising ECG signal to extract features. The features
include one or more of coefficients of the auto regressive model, coefficients of the
FrET transform, and various peak intervals associated with the ECG signal. The
peak intervals are calculated based on the determined peaks. In one application, the
features include four coefficients of the auto regressive model, n coefficients of the
FrET transform, and two PR and RT peak intervals associated with the ECG signal,
where n is an integer larger than 2. The classifier can be a support vector machine
classifier that uses a Gaussian radial basis function as a kernel function.

[0063] The disclosed embodiments provide a cardiovascular disease
diagnostic system and method that autonomously and independently associates a
cardiovascular disease with received ECG signals, based on a fusion algorithm for
detecting the peaks of the ECG signals, and a classifier for mapping the peaks to the
cardiovascular disease. It should be understood that this description is not intended
to limit the invention. On the contrary, the embodiments are intended to cover
alternatives, modifications and equivalents, which are included in the spirit and
scope of the invention as defined by the appended claims. Further, in the detailed
description of the embodiments, numerous specific details are set forth in order to
provide a comprehensive understanding of the claimed invention. However, one
skilled in the art would understand that various embodiments may be practiced

without such specific details.
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[0064] Although the features and elements of the present embodiments are
described in the embodiments in particular combinations, each feature or element
can be used alone without the other features and elements of the embodiments or in
various combinations with or without other features and elements disclosed herein.
[0065] This written description uses examples of the subject matter disclosed
to enable any person skilled in the art to practice the same, including making and
using any devices or systems and performing any incorporated methods. The
patentable scope of the subject matter is defined by the claims, and may include
other examples that occur to those skilled in the art. Such other examples are

intended to be within the scope of the claims.
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WHAT IS CLAIMED IS:

1. A method for automatically and independently associating a cardiovascular
disease with an electrocardiogram, ECG, signal, the method comprising:

receiving (1800) the ECG signal;

denoising (1802) the ECG signal using a wavelet transform;

determining (1804) peaks of the denoised ECG signal by applying a
combination of (1) two event-related moving averages and (2) fractional-Fourier-
transform (FrFT) to the denoised ECG signal; and

passing (1806) the peaks through a classifier for identifying the cardiovascular

disease that corresponds to the ECG signal.

2. The method of Claim 1, wherein the two event-related moving averages
calculate a first average that is related to a single event on the ECG signal, and a
second average that is cycle-based and is related to repeated events on the ECG

signal.

3. The method of Claim 2, further comprising:
generating a block of interest based on the two even-related moving

averages.

4. The method of Claim 3, wherein the block of interest is defined by two

adjacent crossings of the first average and the second average when plotted against

a sample number.
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5. The method of Claim 4, further comprising:

determining first R peaks of the ECG signal; and

determining second P and T peaks of the ECG signal,

wherein the R peaks are removed from the ECG signal before determining the

P and T peaks.

6. The method of Claim 1, wherein the step of passing comprises:
applying an auto regressive model to the peaks associated with the

denoised ECG signal to extract features.

7. The method of Claim 6, wherein the features includes one or more
coefficients of the auto regressive model, coefficients of the FrFT transform, and

various peak intervals associated with the ECG signal.

8. The method of Claim 7, wherein the peak intervals are calculated based on

the determined peaks.

9. The method of Claim 6, wherein the features include four coefficients of the

auto regressive model, n coefficients of the FrFT transform, and two PR and RT

peak intervals associated with the ECG signal, where n is an integer larger than 2.
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10. The method of Claim 6, wherein the classifier is a support vector machine

classifier that uses a Gaussian radial basis function as a kernel function.

11. A system (200) for automatically and independently associating a
cardiovascular disease with an electrocardiogram, ECG, signal, the system (200)
comprising:

an interface (230) for receiving (1800) the ECG signal; and

a logic circuit (202) connected to the interface (230) and configured to:

denoise (1802) the ECG signal using a wavelet transform;

determine (1804) peaks of the denoised ECG signal by applying a
combination of (1) two event-related moving averages and (2) fractional-Fourier-
transform (FrFT) to the denoised ECG signal; and

pass (1806) the peaks through a classifier for identifying the cardiovascular

disease that corresponds to the ECG signal.

12. The system of Claim 11, wherein the two event-related moving averages
calculate a first average that is related to a single event on the ECG signal, and a
second average that is cycle-based and is related to repeated events on the ECG

signal.

13. The system of Claim 12, wherein the logic circuit is further configured to:

generate a block of interest based on the two event-related moving averages.
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14. The system of Claim 13, wherein the block of interest is defined by two
adjacent crossings of the first average and the second average when plotted against

a sample number.

15. The system of Claim 14, wherein the logic block is further configured to:
determine first R peaks of the ECG signal; and

determine second P and T peaks of the ECG signal,

wherein the R peaks are removed from the ECG signal before determining the

P and T peaks.

16. The system of Claim 11, wherein the logic circuit is further configured to:
apply an auto regressive model to the peaks associated with the denoised

ECG signal to extract features.
17. The system of Claim 16, wherein the features includes one or more of
coefficients of the auto regressive model, coefficients of the FrFT transform, and

various peak intervals associated with the ECG signal.

18. The system of Claim 17, wherein the peak intervals are calculated based

on the determined peaks.
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19. The system of Claim 16, wherein the features include four coefficients of
the auto regressive model, n coefficients of the FrFT transform, and two PR and RT

peak intervals associated with the ECG signal, where n is an integer larger than 2.

20. A non-transitory computer readable medium including computer
executable instructions, wherein the instructions, when executed by a computer,
implement a method for automatically and independently associating a
cardiovascular disease with an electrocardiogram, ECG, signal, the method
comprising:

receiving (1800) the ECG signal;

denoising (1802) the ECG signal using a wavelet transform;

determining (1804) peaks of the denoised ECG signal by applying a
combination of (1) two event-related moving averages and (2) fractional-Fourier-
transform (FrFT) to the denoised ECG signal; and

passing (1806) the peaks through a classifier for identifying the cardiovascular

disease that corresponds to the ECG signal.
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RECEIVING THE ECG SIGNAL

™ 1800

l

DENOISING THE ECG SIGNAL USING A WAVELET TRANSFORM

™~ 1802

l

DETERMINING PEAKS OF THE DENOISED ECG SIGNAL BY
APPLYING A COMBINATION OF (1) TWO EVENT-RELATED
MOVING AVERAGES AND (2) FRACTIONAL-FOURIER-
TRANSFORM (FrFT) TO THE DENOISED ECG SIGNAL

™ 1804

l

PASSING THE PEAKS THROUGH A CLASSIFIER FOR
IDENTIFYING THE CARDIOVASCULAR DISEASE
THAT CORRESPONDS TO THE ECG SIGNAL

[~ 1806

FIG. 18
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BoxNo.ll  Observations where certain claims were found unsearchable (Continuation of item 2 of first sheet)

This international search report has not been established in respect of certain claims under Article 17(2)(a) for the following reasons:

1. Claims Nos.:

because they relate to subject matter not required to be searched by this Authority, namely:

see FURTHER INFORMATION sheet PCT/ISA/210

2. |:| Claims Nos.:

because they relate to parts of the international application that do not comply with the prescribed requirements to such
an extent that no meaningful international search can be carried out, specifically:

3. |:| Claims Nos.:

because they are dependent claims and are not drafted in accordance with the second and third sentences of Rule 6.4(a).

Box No. lll Observations where unity of invention is lacking (Continuation of item 3 of first sheet)

This International Searching Authority found multiple inventions in this international application, as follows:

—_

As all required additional search fees were timely paid by the applicant, this international search report covers all searchable
claims.

2. |:| As all searchable claims could be searched without effort justifying an additional fees, this Authority did not invite payment of
additional fees.

3. |:| As only some of the required additional search fees were timely paid by the applicant, this international search report covers
only those claims for which fees were paid, specifically claims Nos.:

4. |:| No required additional search fees were timely paid by the applicant. Consequently, this international search report is
restricted to the invention first mentioned in the claims; it is covered by claims Nos.:

Remark on Protest The additional search fees were accompanied by the applicant's protest and, where applicable, the
payment of a protest fee.

The additional search fees were accompanied by the applicant's protest but the applicable protest
fee was not paid within the time limit specified in the invitation.

|:| No protest accompanied the payment of additional search fees.
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FURTHER INFORMATION CONTINUED FROM PCT/ISA/ 210

Continuation of Box II.1

Claims Nos.: 1-10

Claims 1-10 are objected under Rule 39.1(iv) PCT since they define a
diagnostic method practised on the human or animal body. They define a
method for automatically and independently associating a cardiovascular
disease with an electrocardiogram and comprise the method step of
receiving the ECG signal. According to paragraph [0031] of the
description the ECG signal may be received directly from the ECG sensing
electrodes. The scope of the method step "receiving the ECG signal"
therefore implicitly encompasses the measurement of ECG signals performed
on the human or animal body. The comparison of the data with standard
values and the finding of significant deviation during the comparison are
implicit to the step of classifying. The deductive medical or veterinary
decision phase is defined by the step of identifying the cardiovascular
disease that corresponds to the ECG signal.
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