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(57) Abstract: We disclose herein a method of detecting abnormalities
in electrocardiogram (ECG) signals, the method comprising receiving
a set of ECG signals from an ECG device; amplifying only the peaks
of at least some of the set of ECG signals to produce ECG beat mark-
ings from which a heart rate is derivable to detect an irregular rhythm
between at least two ECG beats; extracting a single ECG beat from
the set of ECG signals from the ECG device by using said ECG beat
markings; feeding the extracted single ECG beat into a first neural net-
work; producing, at the first neural network, a compact representation
of the extracted single ECG signal so as to generate a feature extraction
output; and using, at a second neural network, the feature extraction
output from the first neural network to generate a score associated with
the abnormalities in the ECG signals.
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A Method of Detecting Abnormalities in ECG Signals

FIELD OF THE INVENTION

The present invention relates to a method and system for detecting abnormalities in

electrocardiogram (ECQ) signals.

BACKGROUND TO THE INVENTION

Every year, more than 2 million people in the UK are affected by cardiac arrhythmia
(heart rhythm abnormalities) which can lead to stroke, cardiac arrest, or even sudden
cardiac death. In particular, atrial fibrillation (AF) is responsible for 20% of all strokes
caused by clots (ischemic stroke). The population of AF patients is around 1.5 million
in the UK alone.

However, early detection allows the commencement of treatment which can allow
patients to lead a normal life, and thus is of great importance. Yet, AF in early stages
occurs sporadically and inconsistently in short episodes, termed "paroxysmal AF",
which may be difficult to detect in short tests. This is before developing into more
sustained episodes, termed "persistent AF". In these early stages, round-the-clock

monitoring is necessary to capture these short episodes.

Existing solutions are adequate in detecting what is known as "clinical AF", by
operating on the order of minutes and diagnosing based on the fraction of time spent
in AF and non-AF. This is to reduce false alarms. However, very short episodes of AF
that may be "subclinical” during the paroxysmal stage may go undetected in such

algorithms.

Turning to more details of AF, this is the most common type of cardiac arrhythmia, and
is a condition of the heart whereby the atria - upper chambers of the heart - do not
coordinate well to pump blood through the body. This may allow blood clots to form,
which can lead to a stroke when they travel to the brain.
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Having AF increases the risk of stroke in patients by 5 times [1], and the overall risk
of death in patients by twice [2]. A stroke afflicts 100,000 people per year in England
and Wales [3] (equivalent to one person every 5 minutes), and 20% of all strokes
caused by such clots (known as an ischemic stroke) result from AF [4]. An estimated
1.5 million people in the UK have AF currently [2], and the NHS spends over £2.2
billion a year on treating AF and AF related illnesses [2]. By the time adults reach 40

years of age, they have a lifetime risk of about 25% of developing AF [5].

If AF is detected, patients may be put on treatment and medication like blood thinners
(Warfarin in particular), which can reduce the risk of stroke by up to two thirds [6], and
the risk of death by one third without significantly increasing the risk of major bleeding
[2]. Stroke patients require a long recovery, and many suffer permanent neural
damage. This has a significant impact on the workforce and economy, estimated to be
around £2.4 billion per annum [2].

Figure 1 illustrates a basic electrocardiograph (ECG) signal. This has several points
which are labelled as P, Q, R, S, and T. These features arise from the electrical
signals that pass through the different heart muscles in a procedural manner to allow
the heart to pump blood normally. The voltage and time statistics - height, width, and
time intervals of the various features - are key to diagnosing abnormalities in the heart
rhythm. Most significantly, the P wave is the result from activity in the atria.

Figure 2 illustrates a series of ECG signals which may be used for the detection of AF
by doctors in clinics. They are, in order of reliability:

- Irregularly irregular R-R intervals
- Missing P waves

- Presence of fibrillatory waves in the ECG base line.

Using each indicator on its own has its setbacks, but work well when used altogether.
Irregular R-R intervals, while being the easiest to detect in most circumstances, may
not indicate AF in some cases, as there are various other arrhythmia that also exhibit
this.

Missing P waves are difficult to observe in cases where there are high noise levels

which can obscure the baseline of the ECG signal, or if the ECG leads are not placed
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in positions to efficiently pick up electrical signals from the atria. There are also other
arrhythmia that exhibit delayed, or advanced P waves, complicating the detection.

Fibrillatory waves on the ECG base line are the hardest to observe because they are
irregular, and vary in amplitude from coarse to fine [7]. Thus they are easily obscured
by noise and other interference such as electrical activity from muscles. Owing to this,
fibrillatory waves are considered a "soft marker" for AF.

To make matters worse, AF occurs sporadically - termed "paroxysmal AF" - in
patients in the early stage, before becoming continuous - termed "persistent AF" - in
their later age. While in its early stage, a patient may only exhibit AF under specific
physiological conditions, e.g. when patients are under physical stress, if they
consume alcohol, etc, and these sporadic episodes of AF may occur for very short
periods of time on the order of seconds. This means that for early detection, round-
the-clock monitoring is needed so that there is the opportunity to capture these short
episodes of AF.

Computer algorithms already exist for the detection of AF. The usual approach is to
diagnose AF by a threshold of AF burden (i.e. percentage of beats which are AF in a
certain time window), as seen in [8], to reduce false positives and diagnosis. This
works well for the diagnosis of what is termed as "clinical AF".

However, during the stage of paroxysmal AF, such episodes can be short enough that
they can be passed over by such detection algorithms. These very short episodes are
termed "subclinical AF". According to a recent investigation [9], being diagnosed with
subclinical AF places an individual at 5.5 times the risk of developing clinical AF, and
2.5 times the risk of stroke, both within a period of approximately 2.5 years. Early
detection of AF can thus have significant impact, but requires acute accuracy in the
algorithm, and at high resolutions.

SUMMARY OF THE INVENTION

Embodiments of the invention aim to devise a system solution consisting of a
lightweight and cost-effective wearable that is able to perform at least 24 hours of
ECG monitoring between charges, and uploads its data to a server in real time. An
algorithm is then run on the data to detect abnormalities which are then highlighted
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and presented to the cardiologist, reducing the need to sift through enormous amounts
of data by hand, allowing extensive deployment in the general population. The focus is
on early detection of AF, and as such, even extremely short episodes of AF (e.g.
between 2 beats) ideally should be identified.

Generally speaking, a typical request for ECG monitoring starts with a consultation,
followed by attachment of the device to the patient. After 24 or 48 hours, another
consultation is done to download the data, followed by analysis in software and by
hand. If there is a need to gather more data, the process is repeated. By having a real-
time stream to the server, the second consultation need not take place until enough
data has been gathered. Severe life-threatening situations can also be monitored and
acted upon immediately, such as dispatching an ambulance to a patient in cardiac

arrest.

In other words, the aim of the embodiments of the invention is generally to develop an
end-to-end solution comprising a cheap and lightweight wearable device that uploads
its data to a server in real time. A beat-level resolution technique/algorithm is then run
on the data which highlights abnormalities (AF) and presents it to the cardiologist.

Broadly speaking, AF is diagnosed by the two most prominent symptoms in the ECG
trace, which is characterised by an irregular heart rhythm, and a missing feature on the
signal known as the P wave. The algorithm developed in the embodiments of the
present invention for analysis performs in several stages to achieve diagnosis at beat-
level resolution, and is trained on a variety of data from for example the PhysioNet
PhysioBank Archives. The MIT-BIH AF and NSR databases are generally used.
However, embodiments of the invention is not restricted to the use of such databases.
Neural networks can be trained in other ways.

According one aspect of the present invention, there is provided a method of detecting
abnormalities in electrocardiogram (ECQ) signals, the method comprising:
receiving a set of ECG signals from an ECG device;
amplifying only the peaks of at least some of the set of ECG signals to
produce ECG beat markings from which a heart rate is derivable to detect an
irregular rhythm between at least two ECG beats;
extracting a single ECG beat from the set of ECG signals from the ECG

device by using said ECG beat markings;
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feeding the extracted single ECG beat into a first neural network;

producing, at the first neural network, a compact representation of the
extracted single ECG signal so as to generate a feature extraction output; and

using, at a second neural network, the feature extraction output from the
first neural network to generate a score associated with the abnormalities in the
ECG signals.

The irregular rhythm may be detected from an irregular R-R interval flag, and the score
generated at the second neural network may determine the presence or absence of a
P-wave in the ECG signals.

The method may further comprise combining the irregular R-R interval flag with the
score from the second neural network for identifying abnormalities in the ECG signals.

Embodiments of the invention enable the detection of abnormalities associated with the
irregular R-R interval and the detection of the presence or absence of P-waves in ECG
signals in a more efficient and improved way. The machine learning technique
proposed by the embodiments of the invention is capable of providing a beat level
resolution for detecting abnormalities which is otherwise not possible in conventional
techniques. The machine learning technique provides more sensitive results in terms of

AF detection which are generally not detectable in a manual detection approach.

The amplifying only the peaks of at least some of the set of ECG signals is performed
by a matched filtering technique. The irregular R-R interval is detected during the
matched filtering step. The matched filtering technique is used to increase signal to
noise ratio (SNR). An appropriate kernel for matched filtering is generally parametrised
for generation of any length required for tuning purposes and to be compatible with
data of different sampling frequencies. Generally speaking, a kernel width of about
0.07s is advantageous for picking up the QRS complexes.

The matched filtering technique may reduce a base line wander of the set of ECG
signals. The matched filtering technique may use an algorithm comprising a first
derivative of a Gaussian and/or a second derivative of a Gaussian. Using the first
derivative of a Gaussian is advantageous because it meets the requirements and looks
like a typical QRS complex in an ECG signal.
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The method may further comprise applying an additive thresholding technique on the
matched filtered signal which generates the ECG beat markings. A suitable value for
the thresholding can generally be used. The result is a series of QRS beat markings
from which time statistics can be extracted. In one embodiment, for a rhythm to be
classified as irregular, a window of, for example, 5 beats (4 intervals) is created and
swept across the whole record. The difference in R-R intervals are then added
together. If the difference exceeds a certain threshold, the whole window of beats is
classified as irregular. Advantageously, the irregular R-R interval detection algorithm
only does addition and subtraction to compute the absolute sum of all differences for
every 4 intervals. This is dependent on heart rate, which is independent of sample rate,
and hence of computational complexity O(1).

The extracting the single ECG beat may be conducted by cutting between two

consecutive R-R intervals.

The method may further comprise scaling the extracted single beat through resampling
so that it fits into a predetermined number of samples. In one embodiment, the
waveform of the single beat also has its mean amplitude subtracted, its minimum taken
away to ensure the whole waveform is positive, and finally uniformly scaled in

amplitude to only be from 0 to 1.

At least one of the first and second neural networks may be a feed forward artificial

neural network.

The first neural network may be trained as an auto-encoding neural network having a
pinch point. It will be appreciated by the skilled person that the pinch point can also be
termed as a bottleneck. The compact representation of the single ECG beat may be
obtained by splitting the auto-encoding neural network at the pinch point. The compact
representation of the single ECG beat may be obtained by using a front end of the
auto-encoding neural network. In one embodiment, the auto-encoder structure is 201-
100-20-100-201, but other structures are possible. The auto-encoder network uses a
leaky Rectified Linear Unit activation function. This function is fast to compute, and
does not suffer from the vanishing/exploding gradient problem as compared to the
classic sigmoid function.
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The output from the pitch point of the auto-encoding network may be a feature vector of
a predetermined size, and optionally the feature vector may generate a plurality of
clusters. Features associated with abnormalities may be grouped in at least some
clusters. The feature extraction very cleanly separates the AF beats from the normal
(non AF) beats.

The second neural network may be a trained classifier network which generates the
score associated with the abnormalities relating to the presence or absence of P-wave
in ECG signals.

The method may further comprise training a support vector machine with a Gaussian

algorithm to compare the results from the classifier network.

The second neural network may be a classifier network which determines any one of:
(1) atrial fibrillation (AF);
(2) inverted T-waves;
(3) deep Q-waves; and/or
(4) deep S-waves.

The method may further comprise a plurality of second neural networks, each
determining a separate symptom from the following list:

(1) atrial fibrillation (AF);

(2) inverted T-waves;

(3) deep Q-waves; and/or

(4) deep S-waves.

According to a further aspect of the present invention, there is provided a system for
detecting abnormalities in electrocardiogram (ECG) signals, the system comprising:
an ECG device configured to obtain a set of ECG signals;
a mobile device configured to receive ECG signals from the ECG
device;
a server configured to receive ECG data from the mobile device; and
a processing unit configured to process the set of ECG signals from the
ECG device and detect abnormalities in the ECG signals.

The processing unit may be located within the ECG device or the server.
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The processing unit may comprise:

an irregular rhythm detector for amplifying only the peaks of at least
some of the set of ECG signals to produce ECG beat markings from which a
heart rate is derivable to detect an irregular rhythm between at least two ECG
beats;

a beat extractor for extracting a single ECG beat from the set of ECG
signals from the ECG device by using said ECG beat markings;

a first neural network for receiving the extracted single ECG beat and for
producing a compact representation of the extracted single ECG signal so as to
generate a feature extraction output; and

a second neural network for using the feature extraction output from the
first neural network to generate a score associated with the abnormalities in the
ECG signals.

BRIEF DESCRIPTION OF THE DRAWINGS

Some preferred embodiments of the invention will now be described by way of an

example only and with reference to the accompanying drawings, in which:

Figure 1 illustrates a basic electrocardiograph (ECG) signal;

Figure 2 illustrates a series of ECG signals which may be used for the detection of AF
by doctors in clinics;

Figure 3 illustrates an exemplary overall system architecture according to one
embodiment of the present invention;

Figure 4 illustrates a schematic representation of a network architecture according to
one embodiment of the present invention;

Figure 5 illustrates the overall methodology steps for detecting abnormalities in ECG
signals according to one embodiment of the present invention;

Figure 6 illustrates a flow diagram showing an algorithm structure for AF detection and
classification;

Figure 7 illustrates a derivative of a Gaussian kernel according to one embodiment;
Figure 8 illustrates a kernel spanning 0.07s at 200Hz sampling frequency according to

one embodiment;
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Figure 9 illustrates a comparison between the matched filtered signal and the original
ECG signal according to one embodiment;

Figure 10 shows an example of a rhythm being flagged purely based on irregular R-R
intervals;

Figure 11 illustrates an example of AF episode (“noisy” segment) seen in the heart rate
plot;

Figure 12 illustrates an auto-encoder neural network structure (without showing all
the connections) according to one embodiment;

Figure 13 illustrates a single extracted beat according to one embodiment of the
present invention;

Figure 14 illustrates a receiver operating characteristic curve for several AF records
according to one embodiment;

Figure 15 illustrates an overlaid input ECG beat and auto-encoder reconstructed beat;
Figure 16 illustrates a visualization of feature vector distribution using t-SNE according
to one embodiment of the present invention;

Figure 17 illustrates Dendrogram of t-SNE projection down to 30 clusters according to
one embodiment of the present invention;

Figure 18 illustrates a distribution of components of feature vector for NSR beats
according to one embodiment;

Figure 19 illustrates a distribution of components of feature vector for AF beats
according to one embodiment;

Figure 20 illustrates a receiver operating characteristic curve of the neural network
classifier for detecting absence of P waves;

Figure 21 illustrates a neural network classification on unseen ECG data records
according to one embodiment;

Figure 22 illustrates a comparison between neural network and AF annotation for 1
hour;

Figure 23 illustrates a receiver operating characteristic curve of the support vector
machine for detecting absence of P waves;

Figure 24 illustrates a response of the auto-encoder to a sine wave input according to
one embodiment;

Figure 25 illustrates a response of the auto-encoder to a step input in the middle

according to one embodiment;
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Figure 26 illustrates a response of the auto-encoder to a step input at the side
according to one embodiment;

Figure 27 shows a sample of a typical beat in each cluster according to one
embodiment;

Figure 28 illustrates a very short AF episode detected by the algorithm, but not
annotated in the database according to one embodiment; and

Figure 29 illustrates a very short non-AF episode detected by the algorithm, but not
annotated in the database according to one embodiment.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

l. An _Example of an Overall System Architecture

Figure 3 illustrates an exemplary overall system architecture according to one
embodiment of the present invention. In one example, a wearable ECG device 305
communicates, for example, by Bluetooth to a mobile device 310 (e.g. a mobile phone)
carrying an application that buffers and uploads the data to a server 315 through
mobile or Wi-Fi networks. This will ensure the wearable device is as lightweight as
possible. The phone 310 may also perform some rudimentary analysis of the incoming
signals to check for emergencies like cardiac arrest and directly send an alert to the
cardiologist 320. Otherwise, the server 315 performs most of the analysis on the
incoming data, and then highlights regions of interest for the cardiologist to inspect
later, greatly reducing the workload on the cardiologist 320.

In one embodiment, the ECG device 305 includes a processing unit which is used to
detect abnormalities with the ECG signal. For instance, the processing unit may have
a matched filter, an extractor, and neural networks to detect the abnormalities (or
cardiac arrhythmia) in the ECG signals. Alternatively, the processing unit could be

located within the server 315 as well.

II.  An Example of a Network Architecture

Broadly speaking, the network architecture is developed as a test bed. In order to aid
in rapid development of the system, a commercial off-the-shelf product was chosen.

For example, the BlITalino [11] is a small device comprising several modules that can
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be assembled together depending on the required usage. For this system, for
example, the microcontroller, Bluetooth, and ECG modules were used. This device is
small enough to be tucked into a small sewn pocket underneath a t-shirt. It will be
appreciated that other types of devices having different arrangements could also be
used within the scope of the present invention.

Figure 4 illustrates a schematic representation of a network architecture. This
arrangement includes a ECG lead or module 405 coupled with a processing unit 410.
The processing unit 410 includes a microcontroller, a Bluetooth unit, a WiFi unit, and
preferably a memory unit. In this embodiment, the processing unit 410 is located
within an ECG module 405.

Generally speaking, the ECG module 405 is a simple operational amplifier which
operates in differential mode to amplify ECG signals from the user's skin. This feeds,
for example, to the 10-bit ADC on the microcontroller sampling at, for example, 1kHz,
which then transmits via the Bluetooth module to an Android cell phone. It will be
appreciated that cell phone running on other operating system (e.g. iOS) could also be
used. The lithium polymer battery on the wearable has been tested to power the
device for approximately 20 hours on a single charge which falls slightly short of the
24 hours targeted. If a battery is doubled, the device still remains very small, while
most likely be able to monitor up to 40 hours on a single charge, which is sufficient.
Embodiments of the invention is not restricted to the use of lithium polymer battery —
other suitable types of batteries could be used.

In one example, with only one ECG module, only one ECG channel can be monitored.
This can be easily expanded to several channels as needed. It would be apparent to
the skilled person that more than one ECG module can also be used as necessary. The
invention is not restricted to the use of one ECG module only.

A suitable smart phone application, for example the Bitadroid [12], can be used in the
BiTalino device. Since it is desirable to live stream to the server, the application was
modified in Android Studio, and generally sends an ASCII file of readings every 10
seconds to the specified server. However, the invention is not restricted to sending
readings every 10 seconds to the specified server.
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A simple server which receives the upload from the phone application was developed
for example in Python 3, using Flask, with a MySQL database. It receives the file
uploaded and appends it to a table which is created each new transmission session.
Python 3 was chosen for its ease and speed of development. However, the invention
is not restricted to the use of Python 3 - other application platforms could be used as

necessary.

The Flask server also serves up a webpage for live viewing of the incoming data
stream (not shown here). This is generally implemented in HTML, using JavaScript
libraries jQuery for asynchronous fetching of data from the server, and D3.js for
presentation of the graph. A graph has generally been made to plot on "ECG paper”
which cardiologists are very familiar with, to aid in interpretation. In one example, the
overall lag between the ECG trace observed on the phone and on the computer, is
approximately 30 seconds or longer in practice due to the various buffers in the
pipeline. Other timing lag could also be possible.

Analysis is then done, in one example, via MATLAB. Other techniques of doing a

similar analysis are within the scope of the invention.

lll. Methodology Steps

Figure 5 illustrates the overall methodological steps for detecting abnormalities in ECG
signals according to one embodiment of the present invention. The steps are
described in detail as follows:

In step 1: a matched filtering technique is applied on the incoming ECG signals. For
example, the incoming signal is convolved with a kernel (or algorithm) designed to
amplify only the peaks of the ECG which is termed as the matched filtering. This then
allows ECG beats to be marked (or produces ECG beat markings) from which the heart
rate can be derived to check for irregular rhythm, for example, to detect irregular R-R

intervals between two consecutive ECG beats.

In step 2: the beat markings are also used to segment the ECG trace and extract
traces of individual heartbeats, which are then fed into a neural network for diagnosis
of the P wave.
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In step 3: the neural network (or the first neural network) is trained initially as an auto-
encoder with a pinch point of width of, for example, 20 nodes so that a compact
representation of the signal is achieved. Here the auto-encoder network receives the
original ECG signals but follows the trend derived from the matched filtered technique
in step 1. By splitting the trained network at the pinch point, the encoding part of the
network acts as a feature extractor to generate a vector of, for example, 20 features. It
will be appreciated that the number of nodes in this step is not restricted to 20 — other
numbers of suitable nodes can be chosen. This feature extraction has been observed
to group beats of similar characteristics together and thus provides a clear distinction
in feature space that has the potential for diagnosis of other arrhythmias and not just
AF.

In step 4: for classification, another smaller neural network (or the second neural
network) is trained using the feature vector output from the first neural network. This
was compared to a support vector machine and was found that both performed almost
equally, with the neural network being very substantially better. Advantageously, at the
optimum, the true positive rate is about 88.8% with a false positive rate of about 6.5%.

In step 5: output from the neural network classifier is combined together with the output
from the irregular rhythm detector for AF diagnosis. This has been tested and shown to
be comparable to the competing legacy product of the Holter Monitor software at worst
and significantly better at best, with sensitivity (true positive) of 91% to 99% compared to
95%, and specificity (1-false positive) of 76% to 99% compared to 75%.
Advantageously, this provides improvement over the conventional techniques.

In summary, analysis of the diagnosis of the algorithms developed has shown that it is
able to diagnose very short episodes of AF or non-AF in the middle of longer episodes
of non-AF or AF respectively, which were not marked in the database as such, likely
due to what is thought to be insignificant (subclinical), or missed. This fulfils the
objective of achieving beat-level resolution in the embodiment of the present invention.

Overall, the end-to-end solution has been demonstrated in the present invention,
with potential to extend into classification of other cardiac arrhythmia, and paving the
way for more studies on diagnosis and significance of subclinical AF. The com-

putational complexity of the algorithm (tens of thousands of multiplications and
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additions per second) is low enough that it should present no trouble for modern day

processors.

IV. Methodology For AF Detection and Classification

Although the primary focus of the embodiments of the present invention is to detect
AF, the most common form of cardiac arrhythmia, it is also possible to detect other
type of arrhythmia from the technique/methodology/system proposed by the present
invention. Arrhythmia is generally diagnosed by looking at time statistics between
heartbeats, within each heartbeat, and the various features (P, Q, R, S, T) of each

beat.

The detection of arrhythmia is broadly divided into two parts - detection of abnormal
time intervals between beats, and detection of anomalies within the beat. It has been
divided as such due to the different challenges that each method faces. All signal
processing is generally done in MATLAB. However, other similar software could be

used the same purpose.

Figure 6 illustrates a flow diagram showing an algorithm structure for AF detection and
classification. In this diagram, the QRS enhancement and QRS detection relate to
amplifying the peaks of the ECG signals which are used to detect R-R intervals.

In one embodiment, the data trained on are 1 hour extracts from each record from the
PhysioNet PhysioBank Archives, which contain large amounts of data of normal and
abnormal ECGs in several databases. The databases used are the MIT-BIH Atrial
Fibrillation (AF) Database [13] (described in [14]), and the MIT-BIH Normal Sinus
Rhythm (NSR) Database [15]. The waveforms in these databases have their rhythm
annotated by machine algorithm, and broad annotations marking sections of
abnormalities vs NSR by hand, but not down to beat level. For the purposes of
creating the full system, these annotations are used as a guide, but not taken as
absolute, since the resolution of the annotations are not sufficient. Only records with
lead I, 1l, or Il waveforms are used for consistency. (See Section VI. D. for a complete
discussion about the database and Section VI. E. for discussion regarding prevention
of overtraining). It will be appreciated that the invention applies to other databases as
well as other sources. Embodiment of the invention are not restricted to these

databases.
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1V. A. Detection of Inter-beat Anomalies

Generally speaking, the most obvious sign of cardiac arrhythmia is from the R-R
intervals. QRS complexes are the most easily identifiable part of the ECG trace, being
huge spikes that show through even large amounts of noise.

However, ECG traces generally have a wandering baseline, and thus a simple
thresholding of the signal is insufficient to detect the QRS complexes. Since all that is
required is the QRS complex position in time, matched filtering is used to increase the
signal to noise ratio (SNR).

The appropriate kernel for matched filtering is generally parametrised for generation of
any length required for tuning purposes and to be compatible with data of different
sampling frequencies. It also has to be balanced so that baseline wander is rejected.

Figure 7 illustrates a derivative of a Gaussian kernel. The first derivative of a
Gaussian was found to work generally well, since it met the requirements and looks
like a typical QRS complex in an ECG signal. Another possible kernel is the second
derivative of a Gaussian.

Figure 8 illustrates a kernel spanning 0.07s at 200Hz sampling frequency. It was
demonstrated that a kernel width of about 0.07s was found to be generally better for
picking up the QRS complexes. Note that the amplitude of the kernels does not matter

since the SNR in the resulting convolution is unaffected.

Figure 9 illustrates a comparison between the matched filtered signal 905 and the
original ECG signal 910. As can be seen, the resulting filtered signal 905 has very
pronounced spikes located at the R peak of the QRS complex and has no baseline

wander. Adaptive thresholding is then run on the filtered signal 905 as such.

Figure 10 shows an example of a rhythm being flagged purely based on irregular R-R
intervals. Section of irregular heart rhythm is flagged by the processing algorithm
(shaded area). Note that the amplitude scale for the ECG signal is arbitrary. The result
is a series of QRS beat markings from which time statistics can be extracted. In one
example, for a rhythm to be classified as irregular, a window of 5 beats (4 intervals) is
created and swept across the whole record. The difference in R-R intervals are then
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added together. If the difference exceeds a certain threshold, the whole window of
beats is classified as irregular.

In one embodiment, the values used were found empirically by Receiver Operating
Characteristic (ROC) curves, and adjusting parameters to compromise between not
flagging the waveforms from, for example, the NSR database [15], while still flagging
those in the AF database [13]. At the same time, the wave forms are inspected to ensure
that there were very few false flags due to errors in QRS detection. It will be appreciated
that the invention is not restricted to the use of NSR database or AF database. Any other
suitable source or database could be used for the same purposes.

Figure 11 illustrates an example of AF episode (“noisy” segment) seen in the heart rate
plot. Uneven R-R intervals can be readily recognised in AF records due to the sudden
"noise" seen in a heart rate plot.

The above method is advantageous because it is very simple, with more reliance on
the intra-beat anomaly detection.

IV. B. Feature Extraction of Single ECG Beats

While identification of irregular rhythm is relatively simple due to the very strong R
peak, the visual inspection of the individual beat waveforms to reveal details about
what is unusual about it is not immediately apparent how it translates into statistics of
the signal. This is made worse by noise, electrical activity from muscles, a wandering
baseline, and changing skin conductivity over time and from person to person. These
can obscure the other more subtle features of an ECG beat.

In classification tasks like this, the usual approach is to employ a form of feature
extraction which reduces the dimensionality of the data while retaining important
characteristics to enable a classifier to function well. While speech and vision have
much literature and a very long history of feature extraction research, ECG signals
have comparatively few. Signal statistics [17], Fourier transforms [7], and wavelet
transforms [18] have all been attempted with varying degrees of success, but the
better results have been known to come from a combination of all those features
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combined [19]. This seems to suggest that ECG waveforms have richer features than

any particular common method of feature extraction can hope to extract.

The present invention generally proposes to use Feed Forward Artificial Neural
Networks (from here on referred to just as neural networks) for feature extraction.

The usual way of using a neural network is to choose what data to pass to it. A sliding
window is generally inappropriate because the ECG features would be non-static,
being fed to different points of the network, thus not allowing parts of the network to
specialise. This can cause difficulty in convergence. A static window centred on a
single beat, however, generally works well, and this is what is generally used.
However, the invention is not restricted to this technique only — other approaches are

equally applicable.

From the QRS markings generated by the algorithm in the previous section (IV. A.), a
single ECG beat (Figure 13) is extracted by cutting between two consecutive R-R
intervals. This waveform is then scaled through resampling so that it fits into 200
samples, chosen because at low heart rates of 40bpm, this corresponds to a sample
rate of —133Hz, which is still well above the upper band limit of 40Hz (Nyquist of
80Hz) on ECG equipment used in the PhysioNet database [13]. The scaling factor is
appended as the 201st sample so that the neural network is "aware" of the actual

duration of the waveform.

The waveform also has its mean amplitude subtracted, its minimum taken away to
ensure the whole waveform is positive, and finally uniformly scaled in amplitude to
only be from 0 to 1.

Figure 12 illustrates an auto-encoder neural network structure (without showing all
the connections). The auto-encoder structure of 201-100-20-100-201 (Figure 12) is
formed with the (fully connected) neural network using leaky Rectified Linear Unit
(ReLU) activation function:

z ifz>0
001z ifz<0
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to ensure that such a small network does not "die out" since normal ReLUs, once
deactivated, cannot be reactivated during gradient descent [21]. The invention is not
particularly restricted to the use of this function only. Other suitable functions could be
used as necessary. Advantageously, RelLUs are also fast to compute, and do not
suffer from the vanishing/exploding gradient problem [21] as compared to the classic

sigmoid function.

Figure 13 illustrates a single extracted beat according to one embodiment of the

present invention.

In one embodiment, the pinch point of width 20 was chosen after considering the
number of parameters needed to describe the signal, and giving some room for other
parameters not considered. The minimum number of parameters comprises 8 timings
-startof P,end of P, Q, R, S, start of T, end of T - hence 7 time intervals, 5 amplitudes
-P, Q, R, S, T - for a total of 12 parameters. With additional parameters, it allows for
more subtle differences in waveforms to be encoded. and although 15 was tried, 20
was found to give a preferable result. A number over 20 could be also used as long as
it fulfils the overall requirement of the methodology.

For training, 1 hour extracts from 10 files from the NSR database, 10 files from the AF
database, and 3 files of personal recording (NSR) using the BiTalino were
downloaded and had single beats extracted. These recordings were all from lead I, I,
or Il only. 100% of all beats from the AF files that were not too noisy were used
(pruned by variance thresholding of the signal), together with beats from the NSR files
such that the data set had a ratio of approximately 60% normal 40% AF, giving a total
of 96352 beats for the training set, with an additional 10000 beats reserved for the
testing set. 50-50 ratio was not used so as to give a slightly larger set in hopes of
better training while not having too strong a bias towards NSR beats.

The neural network was then trained using stochastic gradient descent and the
quadratic cost function, with the option of weight decay (but was not found to be
necessary). Note that with a small network as such, there are only 44200 parameters
(weights) in the network, which is less than half of the number of training samples.

After training of the auto-encoder is complete, the neural network is then split and the
output from the pinch point of 20 neurons is treated as a feature vector, which is a
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compact representation of the signal. This allows great flexibility in extensions of this
technique to use any preferred classifier to operate on the feature vector.

Although the above mentioned neural network includes 20 nodes at the pinch point,
other numbers of nodes are also possible. Other configurations for the neural network
are also possible, for example, a neural network configuration of 301-100-30-100-301

could also be possible.

IV. C. Feature Extraction of Single ECG Beats

For AF detection, the need is to identify if the P wave is present or absent in each
beat. Since the waveforms in the database are not marked at beat resolution, 500 AF
beats and 600 non AF beats (considered as "normal”) were laboriously identified by
hand, shuffled into each other, and separated with 900 used for training with 200
reserved for testing.

A second neural network of 20-20-20-1 was then trained on the output of the feature
extraction network using stochastic gradient descent and quadratic cost function, with
weight decay which was necessary to prevent over-fitting. A support vector machine

with a Gaussian kernel was also trained to allow comparison and assessment.

V. Results and Performance

V. A. Accuracy of QRS Detection

Generally speaking, the QRS beat annotations are taken from the database and
compared with the ones generated using the matched filtering and QRS identification
algorithm described in Section IV. A. In one embodiment, if the QRS annotations
match within 50ms, it is considered a hit, otherwise it is a miss. Using arbitrarily 2
records of AF and 2 of NSR (for example), the accuracy achieved by the algorithm
was found to be 99.10% and 97.14% for the AF records, and 99.51% and 99.76% for
the NSR records.

V. B. Performance of R-R Interval Diagnosis of AF
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Figure 14 illustrates a receiver operating characteristic curve for several AF records
according to one embodiment. Parameters for classifying R-R intervals as uneven were
found by plotting Receiver Operating Characteristic (ROC) curves for several records
and finding a threshold level that gave as close as possible to the optimum across all
curves. This turned out to be 0.14s, i.e. the sum of absolute differences between 4 R-R
consecutive intervals (3 differences) as explained in Section IV. A,

The results vary greatly depending on the patient's inherent stability of heart rhythm.
At the selected threshold value of 0.14s, the detection rate is, for a representative
selection of sample records, as summarised in Table 1.

Record no. | True Positive ‘ False Positive

(Unseen Sources)

08378 97.84% NA (all AF)

08434 99.39% 23.20%

08455 99.32% 5.78%

17453 NA (all NSR) 17.57%
(Training Sources)

04015 98.43% 30.87%

04048 99.64% 7.57%

04746 99.56% NA (all AF)

16265 NA (all NSR) 8.18%

Table 1: True and false positive rates for representative sample records using the R-R

algorithm

The high false positive rate is not too much of a concern since diagnosis of AF
requires more than one factor, and hence the models will be combined. In doing so, all
detection rates will go down, so it is desirable that the true positive rate is very high to

begin with.

V. C. Performance of Reconstruction using the Auto-encoder

Figure 15 illustrates an overlaid input ECG beat 1510 and auto-encoder reconstructed
beat 1515. The fully trained auto-encoder appears to quite accurately reconstruct the
given signal visually, and also seems to implement a de-noising filter to the incoming
ECG beat (Figure 15). The mean-squared error for beats is 0.055 in the training set,
and 0.054 in the test set.
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V. D. Feature Extraction Result

Figure 16 illustrates a visualization of feature vector distribution using t-SNE according
to one embodiment of the present invention. The auto-encoder was split at the pinch
point to create a feature extraction network which generates feature vectors of
dimension 20. Of the hand-identified beats, 1000 of them were passed through the
network, and then plotted using t-Distributed Stochastic Neighbour Embedding (t-SNE)
[22] using the MATLAB script [23] written for it, with a perplexity of 40. The error at
convergence of the t-SNE algorithm for the following plot (Figure 16) is 0.42.

As can be seen, the feature extraction quite cleanly separates the AF beats from the
normal (non AF) beats. There are a number of stray beats within the cluster, which
could very well be mistakes in identification by hand. Nevertheless, the distribution of
these clusters points to a good result in feature extraction.

Figure 17 illustrates Dendrogram of t-SNE projection down to 30 clusters according to
one embodiment of the present invention. The Dendrogram displays the hierarchical
clustering of the distribution of feature vectors using the Euclidean distance between
data points. There appears to be around 5 distinct clusters (distance between 25 and
30) when they are well separated, and at any lower distance than that splits up quickly
into smaller clusters. However, if these 5 clusters are visualised (Figure 16), while the
bulk of most AF beats are captured, the smaller 3 or 4 clusters of AF seen in Figure 16
are not distinguished from the normal beats. In order for the smaller clusters of AF to
be assigned to separate clusters, for this projection using t-SNE, it was found
desirable to go down to for example 12 clusters. However, the skilled person would
appreciate that the invention is not restricted to the number of clusters mentioned

above.

On several runs of t-SNE visualisation, the distribution pattern remained similar,
fluctuating between 4 or 5 distinct main clusters. Similarly, the Dendrogram reflected
that. This shows the consistency of t-SNE visualisation and shows that the feature
extraction by the neural network does indeed separate the data set into well-formed
clusters.
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Figure 18 illustrates a distribution of components of feature vector for NSR beats
according to one embodiment. Figure 19 illustrates a distribution of components of
feature vector for AF beats according to one embodiment. The distribution of values
for each feature in the feature vector was also inspected (Figures 18 and 19) in an
attempt to spot any clear trends. In general, it can be observed that the values for
each feature in AF beats have a wider distribution, and a lower mode. This could be
due to the fact that AF is an irregularity in the heart. Since irregularities have many
ways of occurring, the values could be more varied statistically, leading to a wider
variance in the values of the feature vector. However, no specific component could be

found to directly influence the waveform or be responsible for AF.

V. E. Performance of Neural Network Classifier

Figure 20 illustrates a receiver operating characteristic curve of the neural network
classifier for detecting absence of P waves. The ROC curve (Figure 20) was generated
by varying the decision boundary on the neural network classifier output. The curve
(test data) has an optimum point (furthest from the line of no-discrimination) at 88.8% true
positive rate with a 6.5% false positive rate. This translates to a sensitivity of 88.8%
and specificity of 93.5%.

The area underneath the curve is 0.938. The performance of the network was also
checked on an unseen record (Figure 24 shows an excerpt) that had no beats taken
from it for the training set or the test set. This could very likely be due to mistakes in the
hand-classified data that it is trained on. However, this would not alter the scope of the

invention.

Figure 21 illustrates a neural network classification on unseen ECG data records
according to one embodiment. The performance of the network was also checked on
an unseen record (Figure 21 shows an excerpt) that had no beats taken from it for the
training set or the test set. Since each record is produced by a single patient, the ECG

used in this test is from a different source. This is to test against overtraining.

In Figure 21, the neural network evaluation (NN evaluation) 2115 returns a score which
relates to how likely a P wave is present, from approximately 0 to 1 although values
below 0 and above 1 are possible due to the nature of the leaky ReLU function

(Equation (1)). The raw score output of the neural network is averaged over a window
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of 3 seconds, and then thresholded at 0.5 to give a high or low binary output. Thus, as
seen in Figure 21 under "NN Evaluation” 2115, "high" indicates that the P wave is

present (not AF), and a "low" indicates that the P wave is absent (AF).

The record was annotated from the database to have a "normal” section in the middle
from 9262s to 9286s with both sections on either side being AF. This is represented in
Figure 21 by the "AF Annotation” line being high when the rhythm is normal, and low

when it is AF, in the same format as "NN Evaluation"” 2115.

As can be seen from the figure, the classifier returns a solid "high” for the section
labeled normal, except at the edges where the heart rate is also not quite constant. For
the AF sections 2110, there appear to be a number of false negatives, but in general,
the classifier is able to identify the abnormal beats. This can be seen from the overall
graph of 1 hour (Figure 22).

Figure 22 illustrates a comparison between neural network and AF annotation for 1
hour. Shaded regions indicate AF. Comparing the database annotated beats against
the diagnosis by the neural network results in true and false positive rates, for a
representative selectin of sample records, as shown in Table 2. The threshold of 0.5
was not adjusted to the optimum stated in the ROC curve because there is time
averaging in place in this test, thus the ROC curve (for single beats) shown in the

previous section is not applicable.

Record no. | True Positive ‘ False Positive

(Unseen Sources)

08378 99.30% NA (all AF)

08434 94.52% 14.37%

08455 98.98% 6.70%

17453 | NA (all NSR) 1.75%
(Training Sources)

04015 100% 23.55%

04048 100% 1.41%

04746 98.53% NA (all AF)

16265 NA (all NSR) 0.11%

Table 2: True and false positive rates for representative sample records using the

neural network
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As a cautionary note, because not every single beat is annotated in the database, but
only in sections, the percentages reported are only showing how well the algorithm
matches this broad marking category. Upon inspection of the ECG signal at areas of
false negatives and positives, several beats were found that are likely correctly
identified by the neural network, but were not marked by the database annotations.
These beats are usually single or a small group of 2 to 4 (refer to Section VI. D. for

examples).

Since the annotations were prepared by hand, it is highly plausible that the car-
diologist would have missed these very small episodes, or did not consider them
significant since they are too short. This may explain the high false positive rate. See
Section VI. D. for full discussion.

V. F. Performance of Support Vector Machine

Figure 23 illustrates a receiver operating characteristic curve of the support vector
machine for detecting the absence of P waves. An ROC curve for the support vector
machine with a Gaussian kernel was generated (Figure 23) by varying the decision
boundary. For example, the optimum point for this curve (test data) is at 86.8% true
positive rate with a 4.3% false positive rate, translating to a sensitivity of 86.8% and a
specificity of 95.7%. The area under the curve is 0.935. From the observation of the
training data curve lying much higher than the test data curve, it can be inferred that
the support vector machine over-fits the training set significantly more than the neural
network, although both forms of classifiers perform almost equally, with the neural
network being slightly better in sensitivity without trading off as much specificity above

the optimum operating point.

V. @G. Performance of Combined AF Metric

The combined AF metric consists of the irregular R-R interval flag and the neural
network classifier flag. If both are flagged, the beat is identified as AF (which obeys
the definition). Otherwise, it is identified as not AF (normal). This is equivalent to

using a product of experts model, except with each expert output being binary.

With the combined AF metric, the results, for a representative selection of sample
records, are as shown in Table 3.
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Record no. ‘ True Positive ‘ False Positive

(Unseen Sources)

08378 97.45% NA (all AF)
08434 94.52% 14.37%
08455 98.98% 3.40%
17453 NA (all NSR) 1.25%
(Training Sources)
04015 98.43% 23.40%
04048 99.64% 1.41%
04746 98.09% NA (all AF)
16265 NA (all NSR) 0.11%

Table 3: True and false positive rates for representative sample records using the

combined AF metric

Due to the R-R interval algorithm having high true positive rate and also a high false

positive rate, the overall metric detection rate remains almost unchanged when

compared to the neural network performance for true positive, but the false positive

rates decrease slightly for some records (e.g. record 08455).

The sensitivity (true positive) and specificity (1 - false positive) of the Holter monitor

software (the competing product) are known to be approximately 95% and 75%

respectively. Thus, the sensitivity of the combined AF metric is comparable, while the

specificity is also comparable at worst, but offers a significant improvement at best.

VI. Further Discussions

VI. A. Auto-encoder Analysis

Since the neural network is fully connected, it is difficult to understand what each of the

individual parameters of the feature vector corresponds to. To understand the

autoencoder better, several test signals were passed through to observe what

reconstruction was at the output, such as sine waves, step inputs, and impulses of

varying widths, much like analysing a control system.

Figure 24 illustrates a response of the auto-encoder to a sine wave input according to

one embodiment. The high frequency sine wave of unit amplitude on the input of the
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auto-encoder is only seen on the output at the middle, while the sides are attenuated to
the mean of the signal (0.5). The frequency of the output in the middle remains
unchanged, with zero phase shift. Thus, the auto-encoder can be interpreted as a
linear filter with an "all pass filter" in the middle, and "low pass filters” at the sides.

Figure 25 illustrates a response of the auto-encoder to a step input in the middle.
Figure 26 illustrates a response of the auto-encoder to a step input at the side. As
can be seen, by comparing the output for a step function with the step in the middle
(Figure 25), which shows a sharper and steeper step along with some "ringing”
artefacts, than at the side (Figure 26), which is smoother, not as steep, also with

ringing artefacts, but of lower frequency.

Intuitively, this makes sense since the ECG signal fed into the auto-encoder usually
has the QRS complex in the middle, which has more high frequency components
than the other parts of the ECG signal. In order to effectively encode such a signal,
the auto-encoder has to therefore dedicate more of its capacity to the high frequency
QRS complex in the middle, which explains why it acts as a "high pass filter", while
dedicating less of its capacity to the lower frequency components, the P and T waves,

by the sides.

VI. B. Feature Extraction Clustering

Besides the very apparent divide between AF and non-AF beats shown in Figure 16
in Section V. D., it was found through inspection that the clusters themselves also

group together beats of similar characteristics.

Figure 27 shows a sample of a typical beat in each cluster. In this figure, the top left
cluster with samples 1 and 2 is taken from the same cluster. Firstly, sample 2 has a P
wave that is most likely present, and hence is likely a mistake in hand classification.
This shows that the feature extraction network can help correct errors, and is possibly

more reliable than visual inspection.

Secondly, the cluster that samples 1 and 2 belong to is a cluster of beats which suffer
from Right Bundle Branch Block (RBBB). This is characterised by a widened dip of
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the S wave of the QRS complex, and is an abnormality, although it is marked as
"normal” for the purposes of AF detection since it is not AF.

Lastly, both samples 1 and 2 appear to be mostly similar, showing that the cluster
contains beats with similar characteristics, and hence the feature extraction does
extract characteristics of the ECG beat well.

Other observations are that sample 12 belongs to the cluster with inverted T waves,
which is abnormal, and generally the beats in the top left of the map have deep S
waves, while the beats on the right side have deep Q waves (which is an
abnormality). The only "perfect" normal ECG beat cluster is the one which sample 4

belongs to.

All of these observations point to the neural network feature extraction being very
effective in characterising ECG beats. Thus, this forms a foundation from which
classifiers can use the feature vector generated to easily distinguish between different
types of abnormal beats, and not just AF.

VI. C. Computational Complexity

For purposes of real-time application, the computational complexity and load for
running the algorithm analysis on the ECG signal has to be analysed. Because the
algorithms developed are very simple inherently, the load is expected to be fairly low.

In one example, signals can be resampled to 200Hz to ensure enough resolution, and
capture most of the frequency content of the ECG, while not presenting too high a
computational load. Note that the ECG equipment used in generating the PhsyioNet
data has an upper band limit of 40Hz (Nyquist of 80Hz) [13], although the records are
usually made with sample rates ranging from 125Hz to 250Hz. It will be appreciated
that the invention is not limited to these frequencies.

The combined AF metric generally utilizes the use of both algorithms to function. At
the base, both algorithms require QRS detection, which is a matched filter involving a
convolution with a small kernel (for example, size 15 at 200Hz sampling rate for
example). This uses 15 multiplications per sample at 200Hz (with computational

complexity 0(n?) with sampling rate, since the kernel size changes as well). Adaptive
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thresholding is then used to extract the QRS peaks, and requires 3 multiplications per
sample regardless of sample rate, hence computational complexity O(n).

The irregular R-R interval detection algorithm only does addition and subtraction to
compute the absolute sum of all differences for every 4 intervals. This is dependent
on heart rate, which is independent of sample rate, and hence of computational
complexity 0(1).

In one example, the Neural Network, being of structure 201-100-20-20-20-1, requires
a total of 22920 multiplications and additions per heartbeat, but is independent of
sample rate, because each heartbeat is resampled to fit into 200 samples to be fed in
to the neural network. Thus it has computational complexity O(1).

The resampling itself uses interpolation, but is again independent of sampling
frequency (computational complexity O(1)), since it depends on the number of out-
puts which is fixed due to the requirement of the neural network, rather than inputs. If
it is a linear interpolator, 200 samples of output requires 200 multiplications and 400
additions per heartbeat.

Lastly, combining both metrics involves a multiplication every heartbeat, again in-
dependent of sample rate (computational complexity O(1)).

As can be seen, apart from the QRS detection algorithm, both algorithms down the
pipeline are dependent on heart rate rather than sample rate. Since common heart
rates do not vary by much (e.g. factor of 3 from 60 at rest to 180 under intense
physical activity), the total computational cost is of the order of tens of thousands of
multiplications and additions per second. For today's processors of clock speeds in
gigahertz, this is about 5 orders of magnitude less, which is indeed a very light load,
and could potentially be performed entirely on the mobile phone instead of a

centralized server.

VI. D. Accuracy of Database and Availability of Data

In one embodiment, the records in the MIT-BIH databases (both AF and normal) span
around 10 hours each, presenting a great deal of data. However, there are relatively
few number of records (i.e. sources): 25 for the AF database, and 18 for the NSR
database. Of these, in the AF database, a number of the waveforms are not using
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lead 1, Il, or lll. Because ECG waveforms vary greatly depending on where the
electrode placements on the body are, algorithmic analysis has to be tailored for a
particular waveform, hence some records are unusable. The last few records are also
left out of training to be used as validation, since an independent source is best used
for this purpose.

Anonymisation of the records in the databases also means that the phenotypes (age,
gender, ethnicity, etc.) of the patients’ records are unknown. This is significant
because the similarities within a particular phenotype allow increased accuracy in
detection algorithms in practice, due to common characteristics.

Only 1 hour is extracted from each record providing a few thousand beats to train on.
Beats from the same patient do not vary considerably over the record, hence there is
not much point training over the whole record. However, the 1 hour selected is not
arbitrary, since each "AF record" is not entirely AF, but contains varying durations
from just a few minutes in some records to several hours in others. The extracted
hour is centered on the part of the record with the most amount of AF. Records with a
very low duration of AF (or no long segments of AF) have instead, a section of NSR
extracted, just to ensure variety of sources for training. This has been done due to
observation that even in NSR sections, patients with AF have slightly unusual beat

patterns.

Figure 28 illustrates a very short AF episode detected by the algorithm 2810, but not
annotated in the database 2805. Circles indicate missing P waves. R-R intervals are
also irregular in the ECG trace 2815. This result confirms that the technique of the
present invention provides a significantly better result (or more sensitive result)
compared to the conventional technique.

Figure 29 illustrates a very short non-AF episode detected by the algorithm 2910, but
not annotated in the database 2905. Circles indicate presence of P waves. R-R
intervals are also quite regular in the ECG trace 2915.

It is clear that the annotations provided in the database are marked by hand, and only
indicate broad sections (a minute or more), whereas the algorithm has been observed
to pick up very short sections of the order of a few beats, which display abnormalities
since it is operating on beat-level resolution (Figure 28). The converse has also been
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observed, where in sections marked abnormal, there are very short sections of a few
beats which appear to be not AF (Figure 29). High output indicates non-AF while low

output indicates detection of AF.

VI. E. Guarding Against Over-fitting of Models

Generally speaking, the training and test set mentioned in Section 1V. B. are sepa-
rated by random selection from the total collection of beats, and are strictly non-
interchangeable, i.e. the test set is never rotated in to the training.

Because the training and test set come from the same records, i.e. same sources, the
final testing is done using a record that has not been used before. This prevents the
algorithm parameters from learning the behaviour or signature of the source, which is
a form of over-fitting. From the results garnered so far, it would appear that this is not
an issue since similar detection rates are observed in both the seen and unseen

sources. Nevertheless, this check is generally always be performed.

Training of the neural network is done, with each epoch, by randomising the order of
the training set, and always only presenting a random subset to the network to learn
on. This lowers the amount of time per epoch so that the network's performance may
be assessed more frequently, and also helps with convergence. An epoch is

considered as one complete cycle through all samples in the presented subset.

L2 regularisation (weight decay) is used only if over-fitting occurs without. In the auto-
encoder, as mentioned in Section IV. B., the number of parameters in the neural
network is less than half of the number of training samples. As such, no difference in
training performance was observed with or without regularisation. However, for the
classification network, over-fitting was observed to occur if no regularisation was used
since the number of training samples was of the similar order of the number of

parameters in the network.

VI. F. Limitations of Assessment Figures Presented
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The figures of assessment provided are in relation to how close they match the AF
annotations in the MIT-BIH databases. As mentioned earlier in Section VI. D., the
database could be inaccurate in some areas since annotations are not beat level
resolution, and no information is available about whether assessments of subclinical
AF (that is, AF of durations shorter than as defined to be clinical AF) is also marked.

From observations on AF annotations, subclinical AF is likely not annotated.

Thus, some of the false positives and false negatives could be attributed to real
positives and negatives, but are penalised for not matching the AF annotations from
the database, as demonstrated in Section VI. D., Figures 28 and 29. This highlights
the potential for the algorithm to diagnose subclinical arrhythmias which has been
shown to have significance [9], and help gather more data for assessment of the
significance of subclinical arrhythmias.

As also mentioned, the number of sources in the database is few, although out of
sample generalisation appears to perform well.

VI. G. Improving Classification Performance

There is currently no data available for classification of ECG traces at beat level and
only 1000 beats that were verified by a single qualified medical doctor were used to
train the classifier to distinguish between AF and non-AF. This is a very small sample
size, and there are very likely a small number of errors in the classification by hand as
well, as suggested by the cluster map. Having more hand-labeled beats by two or
more qualified medical doctors will help improve the classification accuracy.

Currently, the autoencoder neural network is trained on the AF and NSR records from
the PhysioNet database, which limits the various types of arrhythmias observed to
mostly AF, with a few others such as RBBB (Right Bundle Branch Block).

It is possible that the classification network and the auto-encoder network could be
trained together by sharing the first half of the network (feature extraction layers). This
will not only encourage the feature extraction layer to learn features that represent the
signal entirely, but also be incentivised to learn features that help discriminate among
the various types of beats.
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Classification of other types of arrhythmias could also be considered, building upon
the feature extraction neural network which has a huge potential. Since the feature
extraction cleanly clusters beats by characteristics, classifiers should find it easy to
classify other types of arrhythmias as well. The feature extraction neural network also
exhibits potential for unsupervised learning, which reduces the need for hand-labeled
data.

The algorithm developed is able to function at beat-level resolution and thus paves
the way for studies into extremely short durations of AF (e.g. single, double beat), at
levels below even subgclinical, which have been suggested to be possibly significant

(9]
VII. Conclusions

Although the abovementioned description describes the use of various existing
databases for training the first (auto-encoder) and second (classifier) neural networks,
it will be appreciated that training is not dependent on these databases only. The
machine learning technique utilised in the present invention is meant to use any

source of data for training and diagnosis.

It will be appreciated that, for the auto-encoder structure, the present invention is not
restricted to the dimension of 201-100-20-100-201. The general structure of an auto-
encoder seeking to learn a compact representation is to start and end with the same
dimensions, with a "pinch point” in the middle. Therefore, 301-100-30-100-301 or a
similar dimension could be a possible configuration. That being said, the structure of
201-100-20-100-201 was arrived at, because, firstly, 200 (the extra 1 just being a
scaling factor) will be equivalent to a sampling rate of 133Hz at lowest if heart rates
are around 40bpm (very low by medical standards) when the scaling is applied. This
is still well above the Nyquist frequency (80Hz) to ensure no aliasing issues.
Secondly, 20 is chosen as the pinch point because this number ideally should be as
small as possible to achieve the most compact representation possible but yet ensure
a good enough fit. Generally speaking, minimum number of parameters is above 12.
Increasing this further gets better fit, but may lose generalisation abilities.
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Regarding the classifier network, the structure of the network is not restricted to 20-
20-20-1. Another possible structure could be 20-20-10-1 or 30-30-30-1. It is desirable

to funnel down to 1.

In summary, the objective of developing an end-to-end system of hardware for
collection of ECG signals, followed by transmission to a remote server (telemetry) and
analysis for detection of AF, all in real time has been mostly demonstrated in the

present invention.

The resolution of the algorithm down to beat level coupled with the high sensitivity
that has been demonstrated in this invention allows the potential detection of
subclinical AF which has significance in terms of risk of AF and risk of stroke. This
paves the way for diagnosis of subclinical AF, and further studies into its significance.

Although the invention has been described in terms of preferred embodiments as set
forth above, it should be understood that these embodiments are illustrative only and
that the claims are not limited to those embodiments. Those skilled in the art will be
able to make modifications and alternatives in view of the disclosure which are
contemplated as falling within the scope of the appended claims. Each feature
disclosed or illustrated in the present specification may be incorporated in the
invention, whether alone or in any appropriate combination with any other feature

disclosed or illustrated herein.
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CLAIMS:

1.

A method of detecting abnormalities in electrocardiogram (ECG) signals, the
method comprising:

receiving a set of ECG signals from an ECG device;

amplifying only the peaks of at least some of the set of ECG signals to
produce ECG beat markings from which a heart rate is derivable to detect an
irregular rhythm between at least two ECG beats;

extracting a single ECG beat from the set of ECG signals from the ECG
device by using said ECG beat markings;

feeding the extracted single ECG beat into a first neural network;

producing, at the first neural network, a compact representation of the
extracted single ECG signal so as to generate a feature extraction output; and

using, at a second neural network, the feature extraction output from the
first neural network to generate a score associated with the abnormalities in the
ECG signals.

A method according to claim 1, wherein said irregular rhythm is detected from
an irregular R-R interval flag, and wherein the score generated at the second
neural network determines the presence or absence of a P-wave in the ECG

signals.

A method according to claim 2, wherein the method further comprises
combining the irregular R-R interval flag with the score from the second neural

network for identifying abnormalities in the ECG signals.

A method according to claim 1, wherein said amplifying only the peaks of at
least some of the set of ECG signals is performed by a matched filtering
technique.

A method according to claim 4, wherein the matched filtering technique reduces
a base line wander of the set of ECG signals.
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A method according to claim 4, wherein the matched filtering technique uses an
algorithm comprising a first derivative of a Gaussian and/or a second derivative

of a Gaussian.

A method according to claim 4, comprising applying an additive thresholding
technique on the matched filtered signal which generates said ECG beat

markings.

A method according to claim 1, wherein said extracting the single ECG beat is

conducted by cutting between two consecutive R-R intervals.

A method according to claim 8, further comprising scaling the extracted single

beat through resampling so that it fits into a predetermined number of samples.

A method according to claim 1, wherein at least one of the first and second

neural networks is a feed forward artificial neural network.

A method according to claim 1, wherein the first neural network is trained as an
auto-encoding neural network having a pinch point, and wherein said compact
representation of the single ECG beat is obtained by splitting the auto-encoding
neural network at the pinch point.

A method according to claim 11, wherein said compact representation of the
single ECG beat is obtained by using a front end of the auto-encoding neural

network.

A method according to claim 11, wherein an output from the pitch point of the
auto-encoding network is a feature vector of a predetermined size, and
optionally wherein the feature vector generates a plurality of clusters, wherein
features associated with abnormalities are grouped in at least some clusters.

A method according to claim 1, wherein the second neural network is a trained
classifier network which generates the score associated with the abnormalities
relating to the presence or absence of P-wave in ECG signals.
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15. A method according to claim 14, further comprising training a support vector
machine with a Gaussian algorithm to compare the results from the classifier

network.

16. A method according to claim 1, wherein the second neural network is a
classifier network which determines any one of:
(5) atrial fibrillation (AF);
(6) inverted T-waves;
(7) deep Q-waves; and/or
(8) deep S-waves.

17. A method according to claim 1, further comprising a plurality of second neural
networks, each determining a separate symptom from the following list:

(5) atrial fibrillation (AF);

(6) inverted T-waves;

(7)

(8)

8) deep S-waves.

deep Q-waves; and/or

18. A system for detecting abnormalities in electrocardiogram (ECG) signals, the
system comprising:
an ECG device configured to obtain a set of ECG signals;
a mobile device configured to receive ECG signals from the ECG
device;
a server configured to receive ECG data from the mobile device; and
a processing unit configured to process the set of ECG signals from the

ECG device and detect abnormalities in the ECG signals.

19. A system according to claim 18, wherein the processing unit is located within
the ECG device or the server.

20. A system according to 18, wherein the processing unit comprises:
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an irregular rhythm detector for amplifying only the peaks of at least
some of the set of ECG signals to produce ECG beat markings from which a
heart rate is derivable to detect an irregular rhythm between at least two ECG
beats;

a beat extractor for extracting a single ECG beat from the set of ECG
signals from the ECG device by using said ECG beat markings;

a first neural network for receiving the extracted single ECG beat and for
producing a compact representation of the extracted single ECG signal so as to
generate a feature extraction output; and

a second neural network for using the feature extraction output from the
first neural network to generate a score associated with the abnormalities in the
ECG signals.
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AMENDED CLAIMS
received by the International Bureau on 13 February 2019 (13.02.2019)

1. A method of detecting abnormalities in electrocardiogram (ECG) signals, the
method comprising:

receiving a set of ECG signals from an ECG device;

amplifying only the peaks of at least some of the set of ECG signals to produce
ECG beat markings from which a heart rate is derivable to detect an irregular rhythm
between at least two ECG beats;

extracting a single ECG beat from the set of ECG signals from the ECG device
by using said ECG beat markings;

feeding the extracted single ECG beat into a first neural network;

producing, at the first neural network, a compact representation of the extracted
single ECG signal so as to generate a feature extraction output; and

using, at a second neural network, the feature extraction output from the first
neural network to generate a score associated with the abnormalities in the ECG

signals.

2. A method according to claim 1, wherein said irregular rhythm is detected from
an irregular R-R interval flag, and wherein the score generated at the second neural

network determines the presence or absence of a P-wave in the ECG signals.

3. A method according to claim 2, wherein the method further comprises
combining the irregular R-R interval flag with the score from the second neural network

for identifying abnormalities in the ECG signals.

4. A method according to claim 1, wherein said amplifying only the peaks of at

least some of the set of ECG signals is performed by a matched filtering technique.

5. A method according to claim 4, wherein the matched filtering technique reduces

a base line wander of the set of ECG signals.
6. A method according to claim 4, wherein the matched filtering technique uses an

algorithm comprising a first derivative of a Gaussian and/or a second derivative of a

Gaussian.

AMENDED SHEET (ARTICLE 19)
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7. A method according to claim 4, comprising applying an additive thresholding

technique on the matched filtered signal which generates said ECG beat markings.

8. A method according to claim 1, wherein said extracting the single ECG beat is

conducted by cutting between two consecutive R-R intervals.

9. A method according to claim 8, further comprising scaling the extracted single

beat through resampling so that it fits into a predetermined number of samples.

10. A method according to claim 1, wherein at least one of the first and second

neural networks is a feed forward artificial neural network.

11. A method according to claim 1, wherein the first neural network is trained as an
auto-encoding neural network having a pinch point, and wherein said compact
representation of the single ECG beat is obtained by splitting the auto-encoding neural

network at the pinch point.

12. A method according to claim 11, wherein said compact representation of the

single ECG beat is obtained by using a front end of the auto-encoding neural network.

13. A method according to claim 11, wherein an output from the pitch point of the
auto-encoding network is a feature vector of a predetermined size, and optionally
wherein the feature vector generates a plurality of clusters, wherein features

associated with abnormalities are grouped in at least some clusters.
14. A method according to claim 1, wherein the second neural network is a trained
classifier network which generates the score associated with the abnormalities relating

to the presence or absence of P-wave in ECG signals.

15. A method according to claim 14, further comprising training a support vector

machine with a Gaussian algorithm to compare the results from the classifier network.

16. A method according to claim 1, wherein the second neural network is a

classifier network which determines any one of:

AMENDED SHEET (ARTICLE 19)
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) atrial fibrillation (AF);
2 inverted T-waves;
(3) deep Q-waves; and/or

4) deep S-waves.

17. A method according to claim 1, further comprising a plurality of second neural
networks, each determining a separate symptom from the following list:

) atrial fibrillation (AF);

2 inverted T-waves;

(3) deep Q-waves; and/or

4) deep S-waves.

18. A system for detecting abnormalities in electrocardiogram (ECG) signals, the
system compirising:

an ECG device configured to obtain a set of ECG signals;

a mobile device configured to receive ECG signals from the ECG device;

a server configured to receive ECG data from the mobile device; and

a processing unit configured to process the set of ECG signals from the ECG
device and detect abnormalities in the ECG signals;

wherein the processing unit comprises:

an irregular rhythm detector for amplifying only the peaks of at least
some of the set of ECG signals to produce ECG beat markings from which a heart rate
is derivable to detect an irregular rhythm between at least two ECG beats;

a beat extractor for extracting a single ECG beat from the set of ECG
signals from the ECG device by using said ECG beat markings;

a first neural network for receiving the extracted single ECG beat and for
producing a compact representation of the extracted single ECG signal so as to
generate a feature extraction output; and

a second neural network for using the feature extraction output from the
first neural network to generate a score associated with the abnormalities in the ECG

signals.

19. A system according to claim 18, wherein the processing unit is located within

the ECG device or the server.

AMENDED SHEET (ARTICLE 19)
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20. A system according to claim 18 or 19, wherein the processor is configured to

perform the method in accordance with any of claims 1 to 17.

AMENDED SHEET (ARTICLE 19)
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Step 1:
ECG data is match filtered

4

Step 2:

ECG data is segmented using the match filtered data so
that a single ECG beat is extracted from a segmentation
process. This process outputs an irregular rhythm
detection

4

Step 3:
The extracted single ECG beat is fed into a feed forward
neutral network (NN). This is a trained first NN

4

Step 4:

The compact extracted data (or the vector output) is fed
into a second trained neutral network, which is a classifier
network. The classifier network identifies the presence
or absence of AF

4

Step 5:
The output from the classifier network (of step 4) is
combined with the output of the irregular rhythm
detection of step 2 to detect AF

Fig. 5
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