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Abstract

Deep Convolutional Neural Networks (DCNNs) have been shown to provide improved performance over
traditional heuristic algorithms for the detection of arrhythmias from ambulatory ECG recordings. However,
these DCNNs have primarily been trained and tested on device-specific databases with standardized
electrode positions and uniform sampling frequencies. This work explores the possibility of training a DCNN
for Atrial Fibrillation (AF) detection on a database of single-lead ECG rhythm strips extracted from resting
12-lead ECGs. We then test the performance of the DCNN on recordings from ambulatory ECG devices

with different recording leads and sampling frequencies.

We developed an extensive proprietary resting 12-lead ECG dataset of 549,211 patients. This dataset was
randomly split into a training set of 494,289 patients and a testing set of the remaining 54,922 patients. We
trained a 34-layer convolutional DCNN to detect AF and other arrhythmias on this dataset. The DCNN was
then validated on two Physionet databases commonly used to benchmark automated ECG algorithms (1)
MIT-BIH Arrhythmia Database and (2) MIT-BIH Atrial Fibrillation Database. Validation was performed
following the EC57 guidelines, with performance assessed by gross episode and duration sensitivity and
positive predictive value (PPV). Finally, validation was also performed on a selection of rhythm strips from

an ambulatory ECG patch that a committee of board-certified cardiologists annotated.

On MIT-BIH, The DCNN achieved a sensitivity of 100% and 84% PPV in detecting episodes of AF. and
100% sensitivity and 94% PPV in quantifying AF episode duration. On AFDB, The DCNN achieved a
sensitivity of 94% and PPV of 98% in detecting episodes of AF, and 98% sensitivity and 100% PPV in
quantifying AF episode duration. On the patch database, the DCNN demonstrated performance that was

closely comparable to that of a cardiologist.

The results indicate that DCNN models can learn features that generalize between resting 12-lead and
ambulatory ECG recordings, allowing DCNNs to be device agnostic for detecting arrhythmias from single-

lead ECG recordings and enabling a range of clinical applications.



1. Introduction

Automated ECG interpretation dates back to the 1960s [1]. Correct automated ECG interpretations have
been shown to increase diagnostic accuracy and reduce the time spent interpreting ECGs by clinical staff
[2], particularly in the case of long-term ambulatory ECG recordings [3]. However, automated ECG
interpretations are still frequently incorrect, with incorrect interpretation having been shown to influence
patient management negatively [4]. Detecting Atrial Fibrillation (AF) has gained significant interest in

automated ECG interpretation due to the association between AF and the increased risk of ischemic stroke.

Recently there has been a rapid increase in consumer and clinical arrhythmia monitoring devices. Devices
such as wearable patches, implantable monitors, and smartwatches provide automated AF detection.
Unfortunately, traditional AF detection algorithms still demonstrate significant false positive and false
negative rates [5]. These traditional algorithms depend largely on lead-specific features to detect, for
example, P-waves and other relevant ECG characteristics [6]. Feature selection in this manner may not
always be transferable to other ambulatory ECG devices, which record a different ECG lead, thus limiting
the application of the algorithms to specific devices. Within Artificial intelligence, DCNNs have emerged and
been applied to various clinical decision support use cases to help physicians make more accurate and
faster decisions [7]. DCNNs are a class of algorithms capable of learning directly from large datasets without
hand-crafted feature selection. DCNNs have improved the computerized interpretation of ECG recordings

from resting 12-lead ECG [8] and ambulatory ECG devices [9].

However, the performance of DCNNs on ambulatory ECG recordings, taken from devices they were not
explicitly trained on, is unknown. In this study, we sought to evaluate the performance of a DCNN (PulseAl,
Belfast, United Kingdom), developed on rhythm strips taken from resting 12-lead ECG recordings, at
detecting AF from single-lead ambulatory ECGs recorded using traditional holter monitors and a wearable

ECG patch.



2. Methods
2.1. Deep Neural Network Development
The DCNN was trained using a database of 549,211 resting 12-lead ECGs from a private anonymized

dataset, which physicians had previously annotated.

The DCNN takes ECG voltage values as an input time series and produces a sequence of classification
results. The DCNN architecture is based on residual blocks and is similar to the architecture described by
Hannun et al. [9]. The DCNN takes as an input the raw ECG data (sampled at 256 Hz, or 256 samples per
second) in microvolts and outputs one prediction of the ECG rhythm every second. The DCNN has thirty-
four layers, consisting of sixteen residual blocks with two convolutional layers per block. Every other
residual block performs downsampling via max pooling. To help with regularization, we applied batch
normalization, rectified linear activation and dropout. The final fully connected softmax layer produces a
probability of each ECG rhythm which is then thresholded using a cutoff of >0.5 to determine the presence
or absence of AF. The DCNN was trained de novo with random initialization of the weights described by
He et al. [10]. We used the Adam optimizer and a mini-batch size of thirty-two. We initialized the learning
rate (0.001) and reduced it by a factor of ten when the testing set loss stopped improving for two consecutive
epochs. During DCNN training, the weights are altered iteratively to reduce differences between the
DCNN's output and the reference targets. This study trained the DCNN on a randomly selected single-lead
from the 12-lead signal for each training mini-batch to maximize the DCNN'’s’ exposure and generalisability
to different waveform morphologies and amplitudes. This process was repeated iteratively for all ECGs in
the training set until the model had fully converged and the model with the lowest loss on the test set was

chosen.

3. Validation Databases

The DCNN's performance on standard holter monitors was validated using the MIT-BIH Arrhythmia
Database (MIT-BIH) [11] and the MIT-BIH Atrial Fibrillation Database (AFDB) [12]. MIT-BIH consisted
altogether of 24 hours of ECG from 47 patients, and AFDB consisted of 234 hours of ambulatory ECG from

23 patients. The DCNN's performance on a patch-based monitor was evaluated on the publicly available



database taken from [10], which consisted of 328 30-second ECG recordings from a wearable patch
monitor. Six board-certified cardiologists annotated each recording against a committee consensus of
independent cardiologists, which was used as the reference annotation. The mean inter-annotator
agreement on the patch validation set was 72.8%. All ambulatory ECGs; were resampled to 256Hz using
linear interpolation. In the training database, 39668 patients had AF or Atrial Flutter. The AF labels for model
training contained both AF and atrial flutter. 2903 Atrial Tachycardias (Ectopic Atrial Rhythms) were not
included in the AF class.

Table 1. The prevalence of AF patients in each of the validation databases.

Database MIT-BIH Arrhythmia MIT-BIH AFDB Patch Database
Patients 47 23 328
% AF Patients 17 100 18
Recording Duration 30 minutes 10 hours 30 seconds
4, Statistical Analysis

In this work, we have used two approaches to the measurement of performance on two different forms of
databases: (1) continuous Holter ECG (30mins-10 hours) recordings and (2) short-term (30 seconds)
rhythm strips. For Holter recordings, we assessed episode sensitivity, duration sensitivity and positive
predictive value in line with the EC57 standard [13]. However, it is not possible to use episode and duration
statistics on 30-second rhythm strips due to the short duration. Therefore, we decided to assess

performance based on the more standard measurement of sensitivity, PPV and PR-AUC, similar to [14].

4.1. Holter Recordings

The holter recordings used in this study ranged from 30 min to 10 hours in duration. The DCNN performance
was validated on those recordings following the EC57 guidelines [13]. EC57 is the FDA-recognized
standard and provides instructions for determining AF detection sensitivity and positive predictive value
(PPV) in the context of wearable monitors. Statistics were calculated with a minimum AF duration of 30

seconds.
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5. Patch Recordings

The duration of the ECG patch recordings (30 seconds) did not allow for the calculation of meaningful EC57
statistics from the patch database. Therefore, to determine the performance of the DCNN on this dataset,
we assessed the DCNN's performance on each ECG rhythm strip in terms of sensitivity, PPV, and F1 score
for the detection of AF in comparison to the reference annotation. The AF class contained both AF and

atrial flutter.

6. Results

6.1. Physionet Databases

On the MIT-BIH dataset, the DCNN achieved 100% sensitivity and 84% PPV in detecting AF episodes and
100% sensitivity and 94% PPV in quantifying the duration of the AF episodes. Similar sensitivity was
discovered on the MIT-BIH AFDB database with a sensitivity of 94% and PPV of 98% for AF episode

detection and 98% sensitivity and 100% PPV in quantifying episode duration.

6.2. Patch Database

On the patch database, the DCNN achieved an area under the PR curve of 0.85 and had a performance

comparable to that of an individual cardiologist compared to committee consensus (reference annotation).

7. Discussion



Accurate automated ECG interpretation for AF is important, as approximately 25-30% of ischemic strokes
are associated with AF [15]. However, appropriate intervention with anticoagulation in AF patients is proven
to prevent stroke. In the United States, 450,000 hospitalizations yearly are due to AF, which presents a
significant cost and resource burden to healthcare systems. Almost 50 million people worldwide are affected
by AF, and the incidence since 1990 has been increasing. Ambulatory ECG monitoring is the primary
method for detecting AF episodes in the population. It is also more effective at detecting AF in patients who

have suffered a cryptogenic stroke than conventional follow-up [16].

Data collection and annotation at scale can be costly and time-consuming for ECG manufacturers,
particularly at the scale required for training DCNNs. Using more readily available 12-lead ECG data to
train DCNNs may allow for automated ECG analysis methods which rely on deep learning to be developed

much more rapidly, providing overall cost savings and reducing time to market.

In this study, we observed that a DCNN trained on rhythm strips from 12-lead resting ECG recordings could
detect AF from single-lead ambulatory ECG recordings with high levels of episode sensitivity and PPV as
well as duration sensitivity and PPV. Previous studies have demonstrated the performance of DCNNSs in
detecting arrhythmias [9, 17], with some showing improved performance through pretraining of the neural
network weights and fine-tuning on smaller databases [18, 19]. However, the current study is the first to
evaluate the performance of a DCNN to the EC57 standard on a range of ambulatory ECG devices for
which the training data did not come from ambulatory ECG devices but instead resting 12-lead ECG
monitors. No fine-tuning of the network was performed on ambulatory ECG sources was required.
Evaluation of the DCNN on the Physionet databases showed comparable or improved performance with
other industry-leading algorithms [20, 21], and evaluation of the DCNN on data from ECG patches
demonstrated comparable performance for AF detection between the average cardiologist (70%, F1-score)

and the DCNN (73%, F1-score).



8.

Conclusion

A DCNN trained on single-lead ECGs extracted from resting 12-lead ECGs can be used to detect AF from

a range of ambulatory monitoring devices. Results indicate that the developed DCNN can generalize

between resting 12-lead and long-term ambulatory ECGs. These findings suggest DCNNs can be device

agnostic for detecting AF from single-lead ECG recordings, enabling a range of clinical and consumer-

focused applications.
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Figure Captions

Figure 1. The sequence-to-sequence neural network architecture.

Figure 2 Performance Statistics of the network in detecting episodes of AF and quantifying the duration of
those episodes. MIT-BIH database has a higher number of episode false positives detection, this may be

down to the number of very short AF episodes (<30 seconds) that the network may have detected.

Figure 3. The precision-recall curve of the network in detecting AF on patch-based ECG recordings
compared to six board-certified cardiologists. The model achieved an area under the PR curve of 0.85 and
when using a detection threshold of >0.5 achieved a comparable F1 score (0.73, F1-score) to the average

F1 by the cardiologists (0.70, F1-Score).
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