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(57) ABSTRACT

A method of detecting abnormalities in an ECG signals,
comprising receiving an ECG signal, extracting at least one
ECG beat the ECG signal; providing the at least one ECG
beat to a neural network. Within the neural network, per-
forming at least two layers of convolution operations, and
for a beat of the ECG signal, determining a confidence map
for the location of each of the P, Q, R, S and T points,
determining, from the respective confidence maps the posi-
tion or absence of points, the points comprising each of the
P, Q, R, S and T points; and reporting the positions and/or
absence of the points.
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DETECTING ABNORMALITIES IN ECG
SIGNALS

FIELD OF THE INVENTION

[0001] The present disclosure relates to a method and
apparatus for detecting abnormalities in electrocardiogram
(ECG) signal, and to a system for improving cardiovascular
health.

BACKGROUND TO THE INVENTION

[0002] Every year, more than 2 million people in the UK
are affected by cardiac arrhythmia (heart rhythm abnormali-
ties) which can lead to stroke, cardiac arrest, or even sudden
cardiac death. In particular, atrial fibrillation (AF) is respon-
sible for 20% of all strokes caused by clots (ischemic
stroke). The population of AF patients is around 1.5 million
in the UK alone.

[0003] However, early detection allows the commence-
ment 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.

[0004] 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 approach minimises the potential for false
alarms. However, very short episodes of AF that may be
“subclinical” during the paroxysmal stage may go unde-
tected by such algorithms.

[0005] AF 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.

[0006] Having AF increases the risk of stroke in patients
by 5 times, and the overall risk of death in patients by twice.
A stroke afflicts 100,000 people per year in England and
Wales (equivalent to one person every 5 minutes), and 20%
of all strokes caused by such clots (known as an ischemic
stroke) result from AF. An estimated 1.5 million people in
the UK have AF currently, and the NHS spends over £2.2
billion a year on treating AF and AF related illnesses. By the
time adults reach 40 years of age, they have a lifetime risk
of about 25% of developing AF.

[0007] IfAF 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, and
the risk of death by one third without significantly increasing
the risk of major bleeding. 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.

[0008] FIG. 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
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in the heart rhythm. Most significantly, the P wave is the
result from activity in the atria.
[0009] FIG. 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:

[0010] TIrregularly irregular R-R intervals

[0011] Missing P waves

[0012] Presence of fibrillatory waves in the ECG base

line.

[0013] Using each indicator on its own has its setbacks but
these indicators work well when used together. 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 irregular R-R
intervals.
[0014] 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 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.
[0015] Fibrillatory waves on the ECG base line are the
hardest to observe because they are irregular and vary in
amplitude from coarse to fine. Thus they are easily obscured
by noise and other interference such as electrical activity
from muscles. Owing to this, fibrillatory waves are consid-
ered a “soft marker” for AF.
[0016] To make matters worse, AF occurs sporadically
(termed “paroxysmal AF”) in a patient at an early stage,
before becoming continuous (termed “persistent AF”) in a
later stage of the patient. While in the early stage, a patient
may only exhibit AF under specific physiological conditions
(e.g. when 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 and
recognise these short episodes of AF.
[0017] Computer algorithms already exist for the detec-
tion 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 M. Carrara et al.,
“Classification of cardiac rhythm using heart rate dynamical
measures: validation in MIT-BIH databases,” J. of Electro-
cardiology, vol. 48, no. 6, pp. 943-946, November-Decem-
ber 2015. DOI: 10.1016/ jelectrocard.2015.08.002, to
reduce false positives and diagnosis. This works well for the
diagnosis of what is termed as “clinical AF”.
[0018] 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
1. S. Healy et al., “Subclinical atrial fibrillation and the risk
of stroke,” The New England J. of Medicine, vol. 366, no.
2, pp. 120-129, 12 Jan. 2012. DOI: 10.1056/NEJ-
Moall05575, 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 approxi-
mately 2.5 years. Early detection of AF can thus have
significant impact, but requires acute accuracy in the algo-
rithm, and at high resolutions.
[0019] Machine learning techniques have been used to
classify ECG data, such as applicants U.S. application Ser.
No. 15/686,948, filed Aug. 25, 2017, “A Method of Detect-
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ing Abnormalities in ECG Signals” the contents of which are
hereby incorporated by reference, but considerable room for
improvement exists.

SUMMARY OF THE INVENTION

[0020] According to a first aspect, there is provided a
method of detecting abnormalities in an ECG signals, com-
prising:
[0021] receiving an ECG signal,
[0022] extracting at least one ECG beat from the ECG
signal,
[0023] providing the at least one ECG beat to a neural
network:
[0024] within the neural network:

[0025] performing at least two layers of convolution

operations; and

[0026] for a beat of the ECG signal, determining a
confidence map for the location of each of the P, Q, R,
S and T points;

[0027] determining, from the respective confidence
maps the position or absence of points, the points
comprising each of the P, Q, R, S and T points; and

[0028] reporting the positions and/or absence of the
points.
[0029] The method further may comprise:
[0030] determining a confidence map of the location of
each of:

[0031] the start of the PR interval;

[0032] the start of the PR segment;

[0033] the start of the ST segment;

[0034] the end of the ST segment; and

[0035] the end of the QT interval; and
[0036] determining, from the respective confidence maps,

the position or absence of further points. comprising: the
start of the PR interval, the start of the PR segment, the start
of the ST segment, the end of the ST segment, the end of the
QT interval.
[0037] Each confidence map may have a sample rate of at
least 50 Hz.
[0038] Determining a position from the confidence map
may comprise applying a non-maximum  suppression
method to determine a position of maximum confidence for
the position of the respective point.
[0039] Determining the absence of a point may comprise
determining that the values of the confidence map for that
point does not exceed a predetermined threshold.
[0040] The predetermined threshold may be determined
by training the neural network.
[0041] The method comprises performing at least three, or
at least four layers of convolution operations.
[0042] According to a second aspect, there is provided a
method of producing a system for detecting abnormalities in
ECG signals, comprising;
[0043] providing a neural network configured to:
[0044] perform at least two layers of convolution opera-
tions;
[0045] determine a confidence map for the location of
each of a plurality of points;
[0046] determine, from the respective confidence map,
a position of each of the plurality of points,
[0047] providing synthetic training data for the neural
network by:
[0048] extracting a plurality of single ECG beats from
ECG data;
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[0049] clustering the beats based on their similarity;
[0050] sampling the beats uniformly across the clusters;
[0051] labelling the sampled beats to provide a set of

labelled beats;
[0052] producing an expanded the set of labelled beats

by synthetically modifying the set of labelled beats;
[0053] training the neural network using the expanded set
of labelled beats, based on an error between the output of the
neural network and the position of the labels in the expanded
set of labelled beats.
[0054] Clustering may comprise using a k-means algo-
rithm.
[0055] Synthetically modifying the set of labelled beats
may comprise adding noise.

[0056] Adding noise may comprise adding synthetic
Gaussian noise.
[0057] Synthetically modifying the set of labelled beats

may comprise changing the duration of the beat.

[0058] According to a third aspect, there is provided a
system for improving cardiovascular health, comprising:
[0059] a computer comprising:

[0060] a data reception module for receiving ECG data
obtained from a test subject;

[0061] a beat extraction module, for extracting at least
one ECG beat from the ECG data;

[0062] aneural network for determining the position or
absence of each of the P, Q, R, S and T points in each
ECG beat, wherein the neural network comprises:
[0063] at least two convolution layers;

[0064] a layer for determining a confidence map for
the location of each of the P, Q, R, S and T points;

[0065] a layer for determining, from the confidence
map, the position or absence of each of the P, Q, R,
S, T points in each ECG beat; and

[0066] a reporting module for reporting the position
and/or absence of the points to a patient and/or cardi-
ologist.

[0067] The system may further comprise a beat classifi-
cation module for classifying whether atrial fibrillation is
present in each beat based on the position and/or absence of
the points.

[0068] The reporting module may be configured to report
the classification from the beat classification module to a
patient and/or cardiologist.

[0069] The computer may be a server, and the data recep-
tion module may receive the ECG data via a network.
[0070] The computer may be a mobile device, and the data
reception module may comprise a wireless receiver.

[0071] The reporting module may be accessible using a
web based interface, and may be configured to highlight
beats of an ECG in which points are absent (or in which
atrial fibrillation is identified).

[0072] The system may further comprise a wearable ECG
device for obtaining the ECG signals from the subject.
[0073] The system may further comprise a mobile device
configured to wirelessly receive the ECG signals from the
wearable ECG device, and to transmit the ECG signals to the
computer.

[0074] Each of the features of each aspect (including
optional features) may be combined with those of any other
aspect.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0075] Embodiments of the invention will be described,
purely by way of example, with reference to the accompa-
nying drawings, in which:

[0076] FIG. 1 is a graph of a basic electrocardiograph
(ECG) signal,
[0077] FIG. 2 is a series of ECG signals which may be

used for the detection of AF by doctors in clinics;

[0078] FIG. 3 is an exemplary overall architecture accord-
ing to an embodiment;

[0079] FIG. 4 is an overall methodology for detecting
abnormalities in ECG signals according to one embodiment;
[0080] FIG. 5 is a schematic diagram of a neural network
for use in an embodiment;

[0081] FIG. 6 is a further schematic diagram of a neural
network for use in an embodiment;

[0082] FIG. 7 is an example “normal” ECG beat in which
the locations of points have been identified in accordance
with an embodiment; and

[0083] FIG. 8 is an example AF ECG beat in which the
absence of a P wave has been identified in accordance with
an embodiment, and the location of other points has been
identified.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS

[0084] FIG. 3 illustrates an exemplary overall system
architecture according to one embodiment of the present
invention. An ECG device 305 is provided, which comprises
at least one electrode and an associated readout circuit for
obtaining electrocardiogram signals from the subject. The
ECG device may further comprise an analogue to digital
converter for converting the ECG signal and performing any
necessary processing to produce an ECG data. A micropro-
cessor or microcontroller may be provided, configured to
perform some processing on the electrocardiogram data (e.g.
normalisation, filtering etc). The ECG device may further
comprise a transmitter for wirelessly communicating raw or
processed ECG data, for example over a low energy Blu-
etooth channel, or any other wireless communication chan-
nel.

[0085] The ECG device 305 may be wearable and may
comptise a chest strap for holding the at least one electrode
in contact with the subject in spaced apart configuration. The
ECG device 305 may comprise a single electrode, or mul-
tiple electrodes.

[0086] The mobile device 310 is configured to receive the
ECG data from the ECG device 305 via a data reception
module (e.g. a wireless communication module). The
mobile device 310 may be configured to buffer and upload
the ECG data to the server 315 and/or may be configured to
perform some analysis of the ECG. In some embodiments,
the mobile device 310 may be configured to check for
emergencies like cardiac arrest. The mobile device 310 may
be responsive to the analysis, for example to send an alert or
message to the cardiologist in the case of a significant
abnormality. The mobile device 310 comprises a transmitter
to communicate data to the server (e.g. via a mobile data
communication network, such as 3G, 4G etc).

[0087] In some embodiments, the mobile device 310 is
configured to perform a pre-analysis, and the server 315 is
configured to run a more developed analysis on the ECG
data. In some embodiments, the mobile device 310 may be
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configured to perform a full analysis of the ECG data locally
using a neural network, and may comprise a reporting
module for transmitting a report including the analysis to the
server, or to a user (e.g. via a display of the mobile device).
The server comprises a data reception module for receiving
data via a network and a reporting module for reporting the
final classification estimate to the subject and/or cardiolo-
gist. The neural network (whether it is implemented on the
mobile device or the server) may provide a preliminary
classification of the ECG data. The reporting module may
provide a report in which regions of interest in the ECG data
are highlighted to facilitate straightforward review by the
cardiologist 320. This may greatly reduce the workload on
the cardiologist 320, and render feasible monitoring of
subject ECGs over long periods (e.g. continuously or nearly
$0).

[0088] Referring to FIG. 4, an overview of a process for
identifying abnormalities in ECG data is shown.

[0089] At 110 ECG data is obtained, for example using the
ECG device 305 described with reference to FIG. 3, or from
either the mobile device 310 or the server 315.

[0090] At 120 the ECG data is pre-processed. The pre-
processing step may comprise identifying each beat of the
ECG data, for instance using a Pan and Tompkins QRS
complex detector, [see Pan, Jiapu and Tompkins, Willis J. A
real-time QRS detection algorithm. IFEE transactions on
biomedical engineering, (3):230-236, 1985], or any other
method (e.g. RR detection, based on filtering and identifi-
cation of local maxima, etc).

[0091] The step of pre-processing 120 may further com-
prise at least one of filtering, normalising and re-sampling
the identified beat to a specific data rate. In an embodiment,
the pre-processing step may comprise re-sampling ECG
beat. The re-sampling may be to a fixed number of samples
in the beat.

[0092] At 200 a neural network is used to locate the
PQRST points in each beat of the ECG data. In addition,
other significant locations for each beat may be determined,
for example, including: the start of the PR interval, the start
of the PR segment; the start of the ST segment; the end of
the ST segment; and the end of the QT interval. The neural
network 200 may be configured to determine the positions of
each location on the ECG beat using a confidence map that
indicates a confidence that each location in the beat may be
the location of the point in question. For example, a point of
maximum confidence may be assumed to be the location of
the point.

[0093] The neural network may be a convolutional neural
network (CNN).

[0094] At 160 the location of each of the points identified
by the neural network may be used to classify each beat of
the ECG as normal or abnormal, or more specifically, as
“AF” or “non-AF”. The morphology of the PQRST waves
and their relationships to each other describe the wave in a
low dimensional form useful for determining various types
of abnormalities. Cardiologists presently manually locate
these attributes when forming a diagnosis. As an example,
one such abnormality is the absence of a P-wave which
would indicate AF. In some embodiments, the system may
not automatically classify an ECG beat, but may instead be
configured to pass on useful attributes (e.g. the location of
the points and/or the absence of any of the points) of the
ECG beat to a different external system for classification
(which could be another neural network, or a cardiologist).
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In this way the way the classifier forms its decision becomes
more transparent, and we gain better human interpretability
as to why such a diagnosis is made. In comparison, it is very
difficult to interpret why a certain diagnosis is made in a
“black box” system which uses the raw signal as an input
and merely provides a classification (it is notoriously diffi-
cult to reverse engineer how and why a trained CNN
functions, for example).

[0095] The classification output from the beat classifica-
tion step may comprise a probability corresponding with
each of a plurality of classifications for each ECG beat of the
input ECG signal. For example, the beat classification step
may use classifications of “AF” and “not-AF”, and the beat
classification may provide an estimate of the probability for
each beat of the ECG data being “AF” and “not-AF”. Since
these example classifications are mutually exclusive, the
sum of their probabilities may be equal to 1, but it will be
appreciated that this will not necessarily be the case (de-
pending on what classifications are sought from the neural
network). Other classification types may be used.

[0096] In some embodiments the neural network and/or
the beat classification step may be implemented on a server
(e.g. in the cloud, and/or remote from the user), for example
by providing using GPU processing, or on a specialised
neural processing unit (e.g. Intel Nervana, Google Tensor
processing unit, Apple Neural Engine, Cadence Tensilica or
similar). The neural network may be hosted by a cloud
computing service such as Amazon Machine Learning ser-
vices, Azure Machine Learning, Google Cloud Al or similar.
[0097] A server based neural network (or cloud service)
may be able to rapidly and efficiently process data from a
large amount of different users, and provide a platform that
can be accessed by a cardiologist to review the information.
In other embodiments the neural network may be imple-
mented locally (for example on a mobile device). This may
mean that patient identifiable data is be kept local to the
patient’s own device.

[0098] The results may be made available for review by a
cardiologist, for example via a web accessible platform. The
platform may provide ECG data to the cardiologist with
regions of particular interest highlighted, based on the beat
classification 160. For example, beats or regions classified as
“AF” with a probability of greater than a predetermined
threshold (e.g. 0.8) may be flagged or highlighted for further
review by a cardiologist. A duration based threshold may
also be used in determining regions of interest (e.g. AF with
a probability of >0.8, over a time period of at least 2 ECG
beats).

[0099] FIG. 5 illustrates an example neural network in
schematic form for locating PQRST points in ECG beats.
The neural network comprises an input layer 201 followed
by n superlayers 210 and a confidence map superlayer 220.
Each superlayer 210 comprises a convolution layer 211,
activation layer 212 and optionally may include a pooling
layer 213. In some embodiments, the pooling layer may be
omitted in one or all of the superlayers.

[0100] Each convolution layer 211 applies one or more
convolution filters (or kemels) by stepping the filter over the
data provided to that layer (the steps having a predetermined
stride distance). The output from each convolution layer 211
comprises the data produced from the convolution of the
input data with each filter.

[0101] Subsequent to the convolution layer 211, an acti-
vation layer 212 is provided, which maps the output of the
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convolution layer 211 to a different range of values. Tvpi-
cally, the activation function used in each of layers 210 will
be a rectified linear activation function (ReL.U), but other
activation functions may also be used.

[0102] Where pooling layers are used (and these are not
essential), these may reduce the spatial dimension of the data
before the next layer. The pooling function used may (for
instance) be a max pooling with a stride greater than 1, but
other pooling approaches may also be used. The output from
the pooling layer is provided to the subsequent superlayer
210 (if it is present). If no pooling layer is used, the output
from the activation function (e.g. ReLU) may be provided
directly to the next convolution layer.

[0103] The sequence of n superlayers 210 are followed by
the confidence map superlayer 220, which comprises a
convolution layer 221 and an activation layer 222. The
output from layer 222 is a confidence map for each point to
be located (e.g. PQRST), comprising a set of confidence
levels that each of a plurality of times in the input ECG
signal corresponds with the particular position (e.g. a matrix
with a row of confidence vectors for each point to be
located). An estimate for the location of each point can be
determined from the confidence map, for example by finding
the position of a maximum confidence (e.g. by non-maxi-
mum suppression). If the position of maximum confidence
has a confidence level that is below a threshold, the point can
be considered to be absent. The threshold for a point to be
considered absent may be determined during training of the
network (i.e. an optimum value that maximises agreement
with cardiologists).

[0104] An error 261 can be determined from the confi-
dence maps based on a true position of each point for its
respective confidence map. This error 261 may be used as
part of a penalty function in training the network. The error
261 may be determined in the form of a cross entropy loss.

[0105] FIG. 6 illustrates an example architecture for the
layers in more detail. The input layer 201 comprises an input
vector of ECG data, with dimension 1xNx1, with the second
dimension N being the number of samples (i.e. correspond-
ing with time). In some embodiments the (first) dimension
of the input data may be higher, for example in the case of
input data comprising having multiple channels (e.g. each
corresponding with raw data obtained from each of a plu-
rality of electrodes).

[0106] The input data is provided to first superlayer 210q,
which comprises a convolution layer (cony) 211a, and
ReLU layer 212a. The first cony layer 210a may apply C,
filters, each having a kernel of dimension 1xA,x1, with a
dilation factor E, and a stride of D,. The shape of the output
from the cony and ReLU 21la, 2124 is of dimension
IxN/D,xC, (the length of the vector is decreased in pro-
portion to the stride, and the third dimension (which can be
thought as as rows) increased in proportion to the number of
filters applied by the cony layer 211a, since there is an output
vector per filter). The number of filters C; in the first cony
layer 210a may be at least 8, and may be in the range 8 to
64, for example 16 or 32. The stride of the cony 211a may
be 1, so that the neural network can discriminate features
with maximum resolution. The kernel dimension A may be
in the range 2 to 32, for example 15 or 16.

[0107] The subsequent optional pooling layer has a size
1xF, and a stride G>1, so that the second spatial dimension



US 2019/0374166 A1l

following the pooling is reduced by a factor of G,. The next
superlayer 2105 therefore receives data with extent 1xN/
(D,GxC,.

[0108] The second superlayer 2105 comprises C, filters,
each with extent 1xA,xB,. Preferably, B,=C, (or more
generally fori=2, B,=C, ), so that each cony filter is stepped
over all the data from the previous layer in only one
direction. The number of filters C, in the second superlayer
21054 is preferably in the range 16 to 128, for example 32.
The output from the second cony and RelL.U 2115, 2125 is
of dimension 1xN/(D,D,G,)xC,. The stride of the second
cony layer 2115 (and successive layers) is preferably 1, for
the same reasons as for the first layer, but this is not essential
(for example, a higher stride may be appropriate for ECG
data with high sampling frequency).

[0109] The temporal resolution of the output of each
successive layer is reduced by the product of the stride
distances of the preceding layers and may successively
decrease. In some embodiments a stride of 1 is used in each
cony layer without pooling, which results in no loss of
temporal resolution through the successive layers.

[0110] The confidence map is produced using a filter for
each point (e.g. each of PQRST), followed by a linear
activation layer, which maps the output of each filter onto a
set of confidence levels that a particular time corresponds
with one of the points of interest.

[0111] Estimates for the positions of the points of interest
can be obtained by selecting a maximum value from each of
the confidence maps (e.g. using a non-maximum suppres-
sion method). The absence of a particular point of interest
may be identified by the confidence map not exceeding a
threshold value, or the value of confidence obtained by
non-maximum suppression not exceeding the threshold
value. The threshold value may be determined by training of
the neural network, as the value that minimises a penalty
function (i.e. so as to maximise the probability of agreement
with a cardiologist).

[0112] A neural network following the architecture
described in FIGS. 5 and 6 was implemented, capable of
receiving a beat of ECG data and identifying the PQRST
points and other points of interest (as discussed above with
reference to FIG. 1).

[0113] The neural network was trained using single beats
extracted from ECG recordings downloaded from physionet.
Beats were detected using the Pan and Tomkins QRS
complex detector. Each beat was linearly resampled to cover
256 sample points. Training labels (i.e. the locations of each
of the points of interest) were provided by human experts.

[0114] In order to efficiently generate sufficient training
data, an algorithm was developed to produce a large number
of labelled training beats from a smaller volume of labelled
beats. All beats from a collection of ECG data (e.g. on the
order of 10° beats) were clustered using a k-means algo-
rithm, Each cluster represents a beat with slightly different
attributes to the neighbouring clusters. A sample of diverse
ECG beat types was obtained for manual scoring by sam-
pling uniformly across clusters.

[0115] A skilled human expert manually labelled the beats
sampled from each cluster. This labelled training data was
manually expanded by synthetically augmenting the data.
The data was synthetically augmented in a number of ways,
including adding synthetic noise (e.g. Gaussian noise), and
by changing the duration of the ECG beat (e.g. by a linear
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transformation). This maximises training performance with
a minimal amount of training effort.

[0116] FIG. 7 illustrates an extracted beat of an ECG (i.e.
a region starting with an R point of a previous beat,
including an R point of the extracted beat, and ending with
an R point of a subsequent beat. Each of 11 points have been
located by a neural network according to an embodiment,
these being:

[0117] P, Q, R, S, T points (labelled as such),

[0118] the start of the PR interval (labelled PL),

[0119] the start of the PR segment (labelled PR),

[0120] the end of the PR segment/start of the QRS com-

plex/start of the QT interval (labelled QL),
[0121] the start of the ST segment/end of the QRS com-
plex (labelled SR),

[0122] the end of the ST segment (labelled TL),
[0123] the end of the QT interval (labelled TR).
[0124] In this beat each of the normal points are present,

and have been located. The locations of the points of this
beat have been classified as normal.
[0125] FIG. 8 shows an extracted beat of an ECG in which
the P wave is missing. Each of the PL,, P and PR points have
therefore not been located on the ECG, because these points
are based on the location of the P wave.
[0126] Any incorporation by reference of documents
above is limited such that no subject matter is incorporated
that is contrary to the explicit disclosure herein. Any incor-
poration by reference of documents above is further limited
such that no claims included in the documents are incorpo-
rated by reference herein. Any incorporation by reference of
documents above is yet further limited such that any defi-
nitions provided in the documents are not incorporated by
reference herein unless expressly included herein.
[0127] Although a number of examples have been
described, these are not intended to limit the scope of the
invention, which is to be determined with reference to the
accompanying claims.
1. A method of detecting abnormalities in an ECG signals,
comprising:
receiving an ECG signal;
extracting at least one ECG beat from the ECG signal;
providing the at least one ECG beat to a neural network:
within the neural network:
performing at least two layers of convolution opera-
tions; and
for a beat of the ECG signal, determining a confidence
map for the location of each of a P, Q, R, Sand T
points;
determining, from the respective confidence maps the
position or absence of points, the points comprising
each of the P, Q, R, S and T points; and
reporting the positions and/or absence of the points.
2. The method of claim 1, wherein the method further
comprises:
determining a confidence map of the location of each of:
a start of a PR interval;
a start of a PR segment;
a start of a ST segment;
a end of a ST segment; and
a end of a QT interval; and
determining, from the respective confidence maps, the
position or absence of further points. comprising: the
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start of the PR interval, the start of the PR segment, the
start of the ST segment, the end of the ST segment, the
end of the QT interval.

3. The method of claim 1, wherein each confidence map
has a sample rate of at least 50 Hz.

4. The method of claim 1, wherein determining a position
from the confidence map comprises applying a non-maxi-
mum suppression method to determine a position of maxi-
mum confidence for the position of the respective point.

5. The method of claim 1, wherein determining the
absence of a point comprises determining that the values of
the confidence map for that point does not exceed a prede-
termined threshold.

6. The method of claim 5, wherein the predetermined
threshold is determined by training the neural network.

7. The method of claim 1, wherein the method comprises
performing at least three, or at least four layers of convo-
lution operations.

8. A method of producing a system for detecting abnor-
malities in ECG signals, comprising;

providing a neural network configured to:

perform at least two layers of convolution operations;

determine a confidence map for a location of each of a
plurality of points;

determine, from the respective confidence map, a posi-
tion of each of the plurality of points,

providing synthetic training data for the neural network

by:

extracting a plurality of single ECG beats from ECG
data;

clustering the beats based on their similarity;

sampling the beats uniformly across the clusters;

labelling the sampled beats to provide a set of labelled
beats;

producing an expanded the set of labelled beats by
synthetically modifying the set of labelled beats;

training the neural network using the expanded set of

labelled beats, based on an error between the output of

the neural network and the position of the labels in the

expanded set of labelled beats.

9. The method of claim 8, wherein clustering comprises
using a k-means algorithm.

10. The method of claim 8, wherein synthetically modi-
fying the set of labelled beats comprises adding noise.

11. The method of claim 10, wherein adding noise com-
prises adding synthetic Gaussian noise.
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12. The method of claim 8, wherein synthetically modi-
fying the set of labelled beats comprises changing the
duration of the beat.

13. A system for improving cardiovascular health, com-
prising:

a computer comprising:

a data reception module for receiving ECG data
obtained from a test subject;

a beat extraction module, for extracting at least one
ECG beat from the ECG data;

a neural network for determining the position or
absence of each of a P, Q, R, S and T points in each
ECG beat, wherein the neural network comprises:
at least two convolution layers;

a layer for determining a confidence map for the
location of each of the P, Q, R, S and T points;

alayer for determining, from the confidence map, the
position or absence of each of the P, Q, R, S, T
points in each ECG beat; and

a reporting module for reporting the position and/or
absence of the points to a patient and/or cardiologist.

14. The system of claim 13, further comprising a beat
classification module for classifying whether atrial fibrilla-
tion is present in each beat based on the position and/or
absence of the points.

15. The system of claim 14, wherein the reporting module
is configured to report the classification from the beat
classification module to a patient and/or cardiologist.

16. The system of claim 13, wherein the computer is a
server, and the data reception module receives the ECG data
via a network.

17. The system of claim 13, wherein the computer is a
mobile device, and the data reception module comprises a
wireless receiver.

18. The system of claim 13, wherein the reporting module
is accessible using a web based interface, and is configured
to highlight beats of an ECG in which points are absent.

19. The system of claim 13, further comprising a wearable
ECG device for obtaining the ECG signals from the subject.

20. The system of claim 17, further comprising a mobile
device configured to wirelessly receive the ECG signals
from the wearable ECG device, and to transmit the ECG
signals to the computer.
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