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Abstract

Objective: The electrocardiogram (ECG) provides an effective, non-invasive approach for
clinical diagnosis in patients with cardiac diseases, such as atrial fibrillation (AF). AF is the most
common cardiac rhythm disturbance and affects ~2% of the general population in industrialized
countries. Automatic AF detection in clinics remains a challenging task due to the high inter-
patient variability of ECGs, and unsatisfactory existing approaches for AF diagnosis (e.g., atrial or
ventricular activity based analyses).

Approach: We have developed RhythmNet, a 21-layer 1D convolutional recurrent neural
network, trained using 8,528 single lead ECG recordings from the 2017 PhysioNet/Computing in
Cardiology (CinC) Challenge, to classify ECGs of different rhythms including AF automatically.
Our RhythmNet architecture contained 16 convolutions to extract features directly from raw ECG
waveforms, followed by three recurrent layers to process ECGs of varying lengths and to detect
arrhythmia events in long recordings. Large 15 x 1 convolutional filters were used to effectively
learn the detailed variations of the signal within small time-frames such as the P-waves and QRS
complexes. We employed residual connections throughout RhythmNet, along with batch-
normalization and rectified linear activation units to improve convergence during training.

Main results: We evaluated our algorithm on 3,658 testing data and obtained an F; accuracy of
82% for classifying sinus rhythm, AF, and other arrhythmias. RhythmNet was also ranked 5 in
the 2017 CinC challenge.

Significance: Potentially, our approach could aid AF diagnosis in clinics and be used for patient
self-monitoring to improve the early detection and effective treatment of AF.
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1. Introduction

1.1. Background

Cardiovascular disease is one of the leading causes of death worldwide. An important class
of cardiovascular disease is cardiac arrhythmia and is an abnormal heart rhythm that is too
fast, too slow or erratic. Atrial fibrillation (AF) is the most common form of cardiac
arrhythmia, it affects millions of people around the world and is also associated with
substantial morbidity and mortality (Narayan et al., 2017; Zhao et al., 2017). Currently, 1 in
5 strokes in people aged over 60 years is caused by AF, and the prevalence of AF is ~2% of
the general population (Lip et al., 2016). Electrocardiograms (ECG), discovered by
Muirhead in 1872 to record heartbeats in a patient using wires attached to the patient’s
wrists, is a widely used, non-invasive approach for clinical diagnosis in patients with cardiac
arrhythmia, including AF. It has been suggested that early AF diagnosis from ECG
recordings may enhance the effectiveness of clinical treatment and prevent serious
complications (Artis et al., 1991). However, such diagnoses require specially trained health
professionals to manually read and identify irregular ECGs, which is often a time consuming
and a rather subjective process in some instances (Osowski et al., 2004). As a result, there is
high interest in developing an automatic approach for AF detection from ECGs.

During AF, the electrical impulses that originate from the intrinsic cardiac pacemaker no
longer pace the heart effectively, and are instead overrun by additional electrical sources
(Haissaguerre et al., 1998). As a result, the P-waves in the surface ECG recordings devolve
into a series of fibrillatory(f)waves with small magnitudes (Huang et al., 2011), and a fast
and irregular heart rhythm is reflected in the short and variable R-peak-to-R-peak (RR)
intervals (Tateno & Glass, 2001). Currently, two main approaches exist for AF detection
from ECGs: atrial activity-based analyses detect AF by identifying the absence of P-waves
and the presence of f-waves (Alcaraz et al., 2006; Du et al., 2014; Garcia et al., 2016;
Ladavich & Ghoraani, 2015; Pirerfellner et al., 2014; Rédenas et al., 2015), whereas
ventricular activity-based analyses look for irregularity in the RR intervals of QRS
complexes (Alcaraz et al., 2010; Carrara et al., 2015; DeMazumder et al., 2013; Huang et
al., 2011; Lake & Moorman, 2010; Linker, 2016; Park et al., 2009; Sarkar et al., 2008;
Tateno & Glass, 2001). However, atrial activitybased analyses are often error-prone when
performed on noise contaminated ECGs. This is due to the small signal-to-noise ratio caused
by the low amplitude f-waves (COLLOCA, 2013). On the other hand, ventricular activity-
based analyses alleviate this problem due to the well-defined, large amplitude QRS
complexes in the ECGs (Zhao et al., 2015b). However, ventricular activity based analyses
require relatively long ECG recordings (>30s) of AF episodes for reliable detection
(Petrénas et al., 2015). Recent studies have combined both atrial and ventricular activity-
based analyses for more accurate AF detection (Babaeizadeh et al., 2009; Colloca et al.,
2013; Oster & Clifford, 2015), and have obtained promising results on diverse datasets.
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Non-linear classifiers such as support vector machines (SVM) (Cortes & Vapnik, 1995) have
been used to enhance the performance (Colloca et al., 2013; Couceiro et al., 2017; Li et al.,
20144; Li et al., 2014b). These methods involve the extraction of features from ECGs, such
as those described in (Lake & Moorman, 2010; Linker, 2009; Sarkar et al., 2008) to learn
which features are specific to AF and non-AF. This generally requires domain expertise in
the field of ECG analysis, as a rigorous feature generation and selection procedure is
required to find the optimal feature combination for learning, which can be extremely time-
consuming.

Neural networks have been applied in many different fields, including medicine and
bioengineering, to overcome the issues above by automating the feature extraction step
(Krizhevsky et al., 2012; LeCun & Bengio, 1995; LeCun et al., 2015; LeCun et al., 2010).
This allows the algorithms to not only learn “end-to-end” to make predictions directly from
raw data but to also increase the effectiveness of the learning process when large datasets are
available, as well as to enable an ease of adaptability to a wider range of tasks.
Convolutional neural networks (CNNs) (LeCun & Bengio, 1995) have been widely applied
in recent years for imaging tasks (He et al., 2016a; Krizhevsky et al., 2012; Szegedy et al.,
2015). By applying a series of independent nested filters through multiple layers, CNNs
have also been successful in setting state-of-the-art performance in tasks such as acoustic
scene classification (Valenti et al., 2016). But a major disadvantage of CNNs is that they
cannot be used on inputs with varying lengths. On the other hand, recurrent neural networks
(RNNs) can model data of arbitrary lengths and have been widely used for modeling
sequential data such as in speech recognition (Graves et al., 2013). However, an RNN
usually requires the input to be encoded into a set of features, as they do not learn effectively
from raw data, and are often more difficult to train (Pascanu et al., 2013).

Literature review on neural networks

This section describes the general concepts of the proposed method. It is organised as
follows. Section 1.2.1 outlines the basic operations of CNNs, and how they can be applied to
signals. Section 1.2.2 describes the use of residual connections to enhance CNNs. Section
1.2.3 outlines the basic operations of RNNs for sequence learning tasks.

1.2.1. 1D convolutional neural networks—The CNN is a type of ANN that excels in
processing 2D data such as images. However, by considering signals as a 1D image, studies
have shown promising results using convolutions for signal processing (Han & Lee, 2016;
Hershey et al., 2017; Piczak, 2015).

The 1D convolution operation is performed by sliding a small 1D filter across the input one
unit at a time and calculating the dot product between the two (Srivastava et al., 2014). This
is computed as

1 K .
B =kl Vel (1)
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for a Kx1 filter, «, at each index, / over the entire input of layer /7. The entries of the filter
are the weight parameters to be trained, which vary spatially when used at each position
along the input vector. In general, the entries of a filter would become more numerically
significant at indices where important features that are characteristic of a certain class occur
(LeCun & Bengio, 1995). To increase the degrees of freedom for optimization, the entire
convolution operation can be repeated multiple times per layer to create multiple feature
maps (LeCun & Bengio, 1995).

The 1D pooling operation is a common operation in 1D CNNs to down-sample patch size
(Hu et al., 2014). By compressing certain layers, the total number of weight parameters in
the network is decreased which in turn increases the efficiency of training. A commonly
used pooling operation is max-pooling (Kim, 2014), where an input patch is down-sampled
by keeping only the maximum value within each sub-region with a size of K:

I = max(l!, ),V ke [0,K—-1]. (2)

The number of weight parameters in CNNs can easily reach hundreds of millions due to the
complexity of the convolution operation. Therefore, overfitting is a major concern during
training (Srivastava et al., 2014). Dropout is a technique that decreases overfitting by
randomly setting weights parameters to zero (Srivastava et al., 2014). This forces the
network to find unbiased features in the dataset that are representative of the data in general,
instead of specific characteristics that appear only in the training data. A dropout rate, ¢ is
added to (7) such that the layer /Vbecomes

U=l viel (3)

where ¢ equals zero with a pre-determined probability.

1.2.2. Residual blocks in CNNs—Since the optimization of neural networks is a
gradient-based method, it can be enhanced via the use of residual connections. Residual
connections provide an alternative pathway for the gradients to be propagated during
backpropagation (Figure 1) (He et al., 2016a). The motivation of residual blocks stemmed
from an optimization problem which occurred in traditional CNNs which do not contain skip
connections. In traditional CNNs, it was observed that by utilizing a larger number of layers,
which was previously thought to increase the effectiveness by increasing the degrees of
freedom, resulted in a decrease in performance during training compared to CNNs with
fewer layers. The vanishing gradient problem is a possible explanation to this phenomenon,
where, in larger CNNs, the gradients of the layers that are deeper in the network
progressively approach zero after many iterations due to the repeated derivative calculations
in backpropagation, resulting in non-optimization (Bengio et al., 1993). By preserving the
original gradient and combining it with the gradient after the convolution, skip connections
can increase the efficiency of the propagation of gradients during weight parameter updates
in SGD.
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Within a residual block, a typical network includes a batch normalization (BN) layer,
followed by a ReLU layer, and then a convolutional layer (He et al., 2016a). BN is a layer
that constantly normalizes each mini-batch throughout the entire network, reducing the
internal covariant shift caused by progressive transforms (loffe & Szegedy, 2015). BN uses
the mean of the mini-batch, in a layer, X2, and their standard deviation, xg such that

BN(l) = y(%) +8 (4

where x;represents entries in the current mini-batch and ) and S are trained parameters. By
applying ReLU before a convolution layer, as opposed to applying it after in the traditional
fashion, the input values are further normalized to accelerate SGD.

1.2.3. Recurrent neural networks—In RNNSs, outputs of each neuron within the
intermediate layers are cycled into its original input (Figure 2A). RNNs are widely used in
the fields of speech recognition (Graves et al., 2013), language translation (Amodei et al.,
2016) and video processing (Baccouche et al., 2011) as the cycling of information within
each node allows sequential data to be processed efficiently. Hence, RNNs differ from CNNs
as they can process data of variable input size. When many recurrent neurons exist in a
recurrent layer, the sequential data is processed in parallel through different weights,
allowing RNNs to generate multiple representations and create effective feature space
separation.

In each RNN layer, /7, for every node, information at different time steps, £ of an input is
stored. The value of the layer in the next time step depends on the current time step of the
layer, and the current time step of the previous layer such that

n _ ron n—1m-—1
s = Framn(@i fi o L) (5)

where /™1 is the weight of the previous layer and «is the weight of the recurrent node.
The value of the next layer in the current time step depends on the current layer by

+1
lz: =f t(mh(wz lez) (6)

The above operations are repeated to propagate the nodal values through several successive
recurrent nodes (Figure 2B).

In this paper, we propose a neural network which combines the strengths of both CNNs and
RNNSs (Donahue et al., 2015; Pinheiro & Collobert, 2014) for the automatic detection of AF
and other arrhythmias from ECGs. Our method is developed on the dataset provided by the
organizers of 2017 PhysioNet/Computing in Cardiology Challenge (Clifford et al., 2017),
the largest study of this kind. We also evaluate our algorithm against the other participants of
the competition. The fully data-driven nature of our approach is an exciting development,
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and could potentially aid AF detection in clinics and patient self-monitoring from ECG
recordings for early detection and effective treatment of AF.

Methods

Materials and pre-processing

The 2017 PhysioNet/CinC Challenge contained 12,186 single lead ECG recordings recorded
by the patients from a self-diagnosis device, the AliveCor Kardia (California, United States)
(Clifford et al., 2017). The ECG data contained four classes: normal rhythm (N), AF rhythm
(AF), other rhythm (O) and noisy recordings (~). A typical waveform for each class is
shown in Figure 3A. The ECG data used in this study was split into a training set with the
manually annotated ground truths, and a test set. The training dataset consisted of 8,528
ECG recordings ranging from 9 to 60 seconds in length, with a sampling rate of 300 Hz. The
testing set consisted of 3,658 recordings and was used to evaluate the performance of our
algorithm in the 2017 CinC challenge. Figure 3B outlines the class distributions of the
datasets.

Since the test set was inaccessible to the public, we performed 5-fold cross-validation on the
training set, as a means to analyze the performance of RhythmNet and perform diagnostics.
The training set generated from cross-validation was used to train our network, while the test
set generated from cross-validation was used to preliminarily assess the performance of our
network.

Proposed neural network architecture

ECG classification is a challenging task due to the variable signal quality and lengths,
ambiguity of labels as a result of multiple rhythm types in the same recording, variable
human physiology, and the difficulty in distinguishing the features for cardiac arrhythmia
such as AF. We propose a novel 21-layer residual convolutional recurrent neural network,
with the alias RhythmNet (Figure 4), to effectively learn the features defining different
single-lead ECG recordings. The network processes 5-second non-overlapping signal
segments successively along the entire length of each ECG with convolutional layers and
uses the recurrent layers to aggregate the individual outputs into a single prediction. 5
seconds was selected as the input length from hyper-parameter tuning, as input lengths
which deviated from this value resulted in a decreased performance during cross-validation.

Overall, RhythmNet consists of 16 convolutional layers within 16 residual blocks, three
recurrent layers, and two fully connected layers. Each residual block consists of the BN,
ReLU, convolution arrangement and an additional dropout layer, with a dropout rate of 0.8
as found from hyper-parameter tuning. Max pooling is added to decrease the number of
parameters at the end of each residual block. Max pooling is also applied on the
corresponding skip connection to maintain consistency of spatial size. All convolutional
layers contain 15x1 filters to process the raw ECG waveform. After the 16 residual blocks, a
fully connected layer with 1024 nodes is added to flatten the matrices from the convolutional
layers, and to match the input requirements of the recurrent layer. Three recurrent layers,
each with 512 nodes, are then used to learn an enhanced representation of the ECG signal
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for more accurate classifications by using convolutions as a preliminary feature extractor.
Finally, the output of the recurrent layers is flattened through a fully connected layer to
produce the probability of each ECG class via softmax activations.

The proposed neural network contains several hyper-parameters which were carefully
selected after extensive experimentation. Each hyper-parameter was tuned by keeping all
other parameters of the network constant and evaluating the effects of incrementally
adjusting the value with 5-fold cross-validation on the training set. For each hyper-
parameter, the value which resulted in the best cross-validation F1 score was selected for the
final model. Initially, the RhythmNet was tested with 8, 16 or 32 residual blocks, followed
by the use of 2, 3 or 4 recurrent layers. It was observed that 32 residual blocks and four
recurrent independently resulted in substantial over-fitting as the training accuracy was
much higher than the testing accuracy during cross-validation. On the other hand, eight
residual blocks and two recurrent layers resulted in lower accuracies as the network did not
contain sufficient parameters to learn the complex features in the ECG signals. The internal
arrangement of each residual block and the progression of the number of feature maps in
each convolutional layer was adapted from the architecture proposed by He in 2016 (He et
al., 2016b) to 1D CNNs. The filter size in each convolutional layer was tuned by testing the
entire network with 3x1, 5x1, 10x1 and 15x1 sized filters. Filters sized larger than this value
was not tested due to the high computational costs which slowed down training and
prediction run-time. Experiments testing the filter sizes showed that for 1D input, larger
filters were more effective due to the increased receptive field being able to more effectively
account for the variations of the signal over time. Adjusting the number of nodes of the
recurrent layer did not result in any significant change as the majority of the processing was
done by the residual blocks. Nevertheless, 512 proved to deliver a decent balance between
learning capacity and avoiding over-fitting. Dropout was the last parameter to be tuned and
various combinations were tested. Experiments showed that having a consistent dropout rate
throughout all layers of RhythmNet improved the accuracy and stability of optimization
during training while varying the dropout rate between layers decreased the accuracy.
Dropout rates of 0.4, 0.5, 0.6, 0.7, 0.8 and 0.9 were tuned and 0.8 resulted in the best cross-
validation accuracy. Larger dropout rates decreased the accuracy of the network as too many
nodes were removed causing a decreased learning capacity and smaller dropout rates
decreased the accuracy as the network was more prone to over-fit to the training set.

2.3. Training

The adaptive moment estimation (ADAM) optimizer, a type of SGD algorithm, was used to
optimize the weight parameters (Kingma & Ba, 2014). The ADAM used consisted of an
adaptive learning rate and momentum variable which increased the rate of convergence. An
initial learning rate of 0.01 and exponential decay rates of 0.9 and 0.999 for the 15t and 2d
moment estimates were used. The training data was fed into RhythmNet in batches during
training, and the accuracy was evaluated using cross-validation on the training set after each
complete iteration of all the training data. This was repeated until the cross-validation
accuracy stopped increasing, and the best performing model before this was chosen. The
network was developed in Tensorflow, an open-source deep learning library for Python, and
was trained on an NVIDIA Titan X-Pascal GPU with 3840 CUDA cores and 12GB RAM.
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The training phase took approximately two hours and predictions for each signal took ~0.01
seconds.

Evaluation

The F; score used for evaluation was the average of the individual ~; scores for the normal
rhythm, AF rhythm, and other rhythm. The classification accuracy of noisy signals was not
considered, however, it implicitly impacted the F; scores of other classes when noisy signals
were predicted incorrectly. The overall accuracy measure was defined as

F 1 2x Ntrue positive 2xA
1=3 +
3 ZN ground truth Z N predicted

2xX0

true positive (7)
ZAgr()und truth + ZA predicted

true positive

+

Z Ogmund truth + Z Opredicted

where for each class, the total number of correct predictions were multiplied by 2 and
divided by the sum of the total number of signals within each class and the total number
predicted for that class.

3. Results

RhythmNet achieved an overall ~; accuracy of 0.864 from the 5-fold cross-validation
experiments, with 0.919 for normal rhythms, 0.858 for AF rhythms and 0.816 for other
rhythms. Figure 5 outlines the proportions of predictions for each class. RhythmNet had
difficulties distinguishing normal rhythms from other rhythms, as 8.8% of the normal
rhythm subgroup were mistakenly predicted as other rhythm, and 10% of the other rhythm
subgroup was mistakenly predicted as normal rhythm. Many AF rhythms were also
classified as other rhythms (9%). However, there was relatively small error between normal
rhythm and AF as only a small proportion of either class were mistakenly classed as the one
or another, implying that RhythmNet was effective in distinguishing AF and normal
rhythms.

The results from the 2017 CinC Challenge showed that our approach obtained an overall F;
accuracy of 0.82 on the hidden test set, with 0.90 for normal rhythms, 0.82 for AF rhythms
and 0.73 for other rhythms (Xiong et al., 2017). RhythmNet was only 0.01 from the top
entry and achieved 5! place out of the total 75 research groups that participated in the
competition (Clifford et al., 2017). The lower score on the hidden test set compared to cross-
validation showed that our algorithm over-fit during training. The fact that the model with
the best performing accuracy during cross-validation was used as the entry in the challenge
could cause the network to have the optimal predictions during cross-validation, but not on
the hidden test set, hence, resulting in over-fitting.

4. Discussion and conclusions

Classification of arrhythmias such as AF from ECGs is a challenging task due to the high
variability of the signals between different patients. The ECG dataset used in this study is
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especially difficult due to the severe class imbalance for the four different classes of signals,
making it difficult for traditional learning algorithms such as SVMs or ANNs. The varying
length of signals (9s to 60s) is also a challenge due to the occurrence of arrhythmia events
which could only last a few seconds. These events could often be other rhythms or noisy
segments which could confuse the classification of the entire signal. Mixtures of AF and
other arrhythmic patterns, and normal -rhythm in the same recording complicate the decision
further.

Recent studies have built upon traditional atrial and ventricular-based analyses by using
them as features for non-linear classifiers such as SVMs to classify AF and other signals
from ECGs. Many studies have been proposed which utilize feature extraction and selection
tools to generate features for SVM classifiers (Lake & Moorman, 2010; Linker, 2009; Sarkar
et al., 2008; Colloca et al., 2013), including the study from Li which used a genetic
algorithm for feature selection (Li et al., 2014a; Li et al., 2014b), and have been successful
on large databases.

Deep learning has become increasingly popular in recent years as it eliminates the need for
feature extraction (LeCun et al., 2015). Our approach obtained 5 place in the 2017 CinC
challenge and had an Fy score of 0.82, 0.01 less than the 4 top performing teams (Datta et
al., 2017; Hong et al., 2017; Teijeiro et al., 2017; Zabihi et al., 2017). Although our study
shows that deep learning without feature extraction is effective for ECG classification, the 4
top teams all used feature-oriented methods. Datta et al. and Zabihi et al used traditional
non-linear classifiers (Datta et al., 2017; Zabihi et al., 2017), while Hong et al. and Teijeiro
etal. (Hong et al., 2017; Teijeiro et al., 2017) used neural networks to classify sets of
carefully generated and refined features. In contrast, our proposed RhythmNet does not
require explicit feature extraction as the raw waveforms are processed by the network
directly, which enables an automated workflow. However, the inherent limitations of our
approach were reflected in the results. The lower performance of RhythmNet was primarily
due to over-fitting on the cross-validation set and shows the difficulty of training large neural
networks such as the one proposed in this study when limited data is available. This could be
improved by increasing dropout or training the network for a shorter amount of time during
cross-validation. It is difficult to precisely determine the optimal point between under and
overfitting, as testing data such as that in the 2017 CinC challenge is often not accessible
during training. Hence, the true performance accuracy of the network for any unseen dataset
cannot be accurately measured. The most promising method to address this issue seems to
be to introduce more test data to increase the robustness of validation.

The accuracy of RhythmNet could be further enhanced by incorporating more arrhythmia
databases during training and testing, as our method is fully data-driven and will only
improve with more data to learn from. This is especially the case for improving AF
detection, as our study only used ~1000 ECGs containing AF rhythms, which is a small
number by today’s standards. Data augmenting could be an alternate method to simulate
more data, as well as generative neural networks which could be investigated in future
studies (Van Den Oord et al., 2016).
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ECG is a clinical approach that is widely used for detecting and classifying cardiac
arrhythmias. In contrast to the traditionally-used ECG, which is a form of non-invasive
measurement, invasive mapping approaches such as contact catheter mapping have become
increasingly popular over the years. As a result, many methods have been proposed for
processing atrial electrograms collected via invasive mapping approaches (Haissaguerre et
al., 2008; Pathik et al., 2017), including recurrence quantification analysis (Navoret et al.,
2013; Yang, 2011) entropy measurements (Cervigon et al., 2010) and fast Fourier transforms
(Zhao et al., 2015b). These invasive mapping and subsequent signal processing methods
have enabled the construction of more accurate and local arrhythmia patterns, such as
complex fractionated atrial electrograms (CFAE) (Nademanee et al., 2004; Navoret et al.,
2013) and AF re-entrant driver regions (Hansen et al., 2015; Zhao et al., 2015a; Zhao et al.,
2017) which have been used to guide ablation procedures to improve ablation success rates.
The improved accuracy provided by direct contact mapping is extremely useful and
desirable; however, its invasiveness does impose limitations and risks which largely restrict
its use. Electrocardiographic imaging (ECGI) (Lim et al., 2017), on the other hand, is an
approach that has the potential to combine the strengths of both invasive and non-invasive
mapping approaches. As a result, it will be useful to extend our developed CNN approach to
allow the processing of data collected from promising novel mapping approaches like ECGI.

In this study, we have developed and evaluated RhythmNet, a residual convolutional
recurrent neural network for the classification of AF and other rhythms from single lead
ECGs. RhythmNet is the highest performing fully data-driven model to have the capacity to
analyze ECG signals of varying lengths. Our approach allows us to automatically detect AF
from ECGs, which will potentially lead to enhance early detection and treatment of AF
worldwide.

Acknowledgments

This work was funded by the Health Research Council of New Zealand (16/385) and the National Institutes of
Health (HL135109). We would also like to thank Nvidia for sponsoring a Titan X Pascal GPU for our study.

References

ALCARAZ R, ABASOLO D, HORNERO R & RIETA 1J (2010). Optimal parameters study for
sample entropy-based atrial fibrillation organization analysis. computer methods and programs in
biomedicine, 99(1), 124-132. [PubMed: 20392514]

ALCARAZ R, VAYA C, CERVIGON R, SANCHEZ C & RIETA J (2006). Wavelet sample entropy: A
new approach to predict termination of atrial fibrillation In Computers in Cardiology, 2006, pp.
597-600. IEEE.

AMODEI D, ANANTHANARAYANAN S, ANUBHAI R, BAI J, BATTENBERG E, CASE C,
CASPER J, CATANZARO B, CHENG Q & CHEN G (2016). Deep speech 2: Endto-end speech
recognition in english and mandarin. In International Conference on Machine Learning, pp. 173—
182.

ARTIS SG, MARK R & MOODY G (1991). Detection of atrial fibrillation using artificial neural
networks. In Computers in Cardiology 1991, Proceedings, pp. 173-176. IEEE.

BABAEIZADEH S, GREGG RE, HELFENBEIN ED, LINDAUER JM & ZHOU SH (2009).
Improvements in atrial fibrillation detection for real-time monitoring. Journal of Electrocardiology,
42(6), 522-526. [PubMed: 19608194]

Physiol Meas. Author manuscript; available in PMC 2019 September 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xiong et al.

Page 11

BACCOUCHE M, MAMALET F, WOLF C, GARCIA C & BASKURT A (2011). Sequential deep
learning for human action recognition In International Workshop on Human Behavior
Understanding, pp. 29-39. Springer.

BENGIO Y, FRASCONI P & SIMARD P (1993). The problem of learning long-term dependencies in
recurrent networks. In Neural Networks, 1993., IEEE International Conference on, pp. 1183-1188.
IEEE.

CARRARA M, CAROZZI L, MOSS TJ, DE PASQUALE M, CERUTTI S, FERRARIO M, LAKE DE
& MOORMAN JR (2015). Heart rate dynamics distinguish among atrial fibrillation, normal sinus
rhythm and sinus rhythm with frequent ectopy. Physiological measurement, 36(9), 1873. [PubMed:
26246162]

CERVIGON R, MORENO J, REILLY RB, MILLET J, PEREZ-VILLACASTIN J & CASTELLS F
(2010). Entropy measurements in paroxysmal and persistent atrial fibrillation. Physiological
measurement, 31(7), 1011. [PubMed: 20577034]

CLIFFORD G, LIU C, MOODY B, LEHMAN L, SILVA 1, LI Q, JOHNSON A & MARK R (2017).
AF classification from a short single lead ECG recording: The Physionet Computing in Cardiology
Challenge 2017. Computing in Cardiology, 44.

COLLOCA R (2013). Implementation and testing of atrial fibrillation detectors for a mobile phone
application (Sup. by Minardi L & Clifford GD). M.Sc. Thesis, Politecnico di Milano and
University of Oxford,

COLLOCA R, JOHNSON AE, MAINARDI L & CLIFFORD GD (2013). A Support Vector Machine
approach for reliable detection of atrial fibrillation events. In Computing in Cardiology Conference
(CinC), 2013, pp. 1047-1050. IEEE.

CORTES C & VAPNIK V (1995). Support vector machine. Machine learning, 20(3), 273-297.

COUCEIRO R, HENRIQUES J, PAIVA R, ANTUNES M & CARVALHO P (2017). Physiologically
motivated detection of Atrial Fibrillation. In Engineering in Medicine and Biology Society
(EMBC), 2017 39th Annual International Conference of the IEEE, pp. 1278-1281. IEEE.

DATTA S, PURI C, MUKHERJEE A, BANERJEE R, CHOUDHURY AD, SINGH R, UKIL A,
BANDYOPADHYAY S, PAL A & KHANDELWAL S (2017). Identifying Normal, AF and other
Abnormal ECG Rhythms using a Cascaded Binary Classifier. Computing, 44, 1.

DEMAZUMDER D, LAKE DE, CHENG A, MOSS TJ, GUALLAR E, WEISS RG, JONES S,
TOMASELLI GF & MOORMAN JR (2013). Dynamic analysis of cardiac rhythms for
discriminating atrial fibrillation from lethal ventricular arrhythmias. Circulation: Arrhythmia and
Electrophysiology, CIRCEP 112.000034.

DONAHUE J, ANNE HENDRICKS L, GUADARRAMA S, ROHRBACH M, VENUGOPALAN S,
SAENKO K & DARRELL T (2015). Long-term recurrent convolutional networks for visual
recognition and description. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pp. 2625-2634.

DU X, RAO N, QIAN M, LIU D, LI J, FENG W, YIN L & CHEN X (2014). A Novel Method for Real
- Time Atrial Fibrillation Detection in Electrocardiograms Using Multiple Parameters. Annals of
Noninvasive Electrocardiology, 19(3), 217-225. [PubMed: 24252119]

GARCIA M, RODENAS J, ALCARAZ R & RIETA 1J (2016). Application of the relative wavelet
energy to heart rate independent detection of atrial fibrillation. computer methods and programs in
biomedicine, 131, 157-168. [PubMed: 27265056]

GRAVES A, MOHAMED A-R & HINTON G (2013). Speech recognition with deep recurrent neural
networks. In Acoustics, speech and signal processing (icassp), 2013 IEEE international conference
on, pp. 6645-6649. IEEE.

HAISSAGUERRE M, JATS P, SHAH DC, TAKAHASHI A, HOCINI M, QUINIOU G, GARRIGUE
S, LE MOUROUX A, LE METAYER P & CLEMENTY J (1998). Spontaneous initiation of atrial
fibrillation by ectopic beats originating in the pulmonary veins. New England Journal of Medicine,
339(10), 659-666. [PubMed: 9725923]

HAISSAGUERRE M, WRIGHT M, HOCINI M & JAIS P (2008). The substrate maintaining
persistent atrial fibrillation. Circulation: Arrhythmia and Electrophysiology, 1(1), 2-5. [PubMed:
19808387]

Physiol Meas. Author manuscript; available in PMC 2019 September 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xiong et al.

Page 12

HAN Y & LEE K (2016). Convolutional neural network with multiple-width frequency-delta data
augmentation for acoustic scene classification. IEEE AASP Challenge on Detection and
Classification of Acoustic Scenes and Events.

HANSEN BJ, ZHAO J, CSEPE TA, MOORE BT, LI N, JAYNE LA, KALYANASUNDARAM A,
LIM P, BRATASZ A, POWELL KA, SIMONETTI OP, HIGGINS R, KILIC A, MOHLER PJ,
JANSSEN P, WEISS R HUMMEL JD & FEDOROV VV (2015) (2015). Atrial fibrillation driven
by micro-anatomic intramural reentry revealed by simultaneous sub-epicardial and sub-
endocardial optical mapping in explanted human hearts. European heart journal, 36(35), 2390—
2401. [PubMed: 26059724]

HE K, ZHANG X, REN S & SUN J (2016a). Deep residual learning for image recognition. In
Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 770-778.

HE K, ZHANG X, REN S & SUN J (2016b). Identity mappings in deep residual networks. In
European Conference on Computer Vision, pp. 630-645. Springer.

HERSHEY S, CHAUDHURI S, ELLIS DP, GEMMEKE JF, JANSEN A, MOORE RC, PLAKAL M,
PLATT D, SAUROUS RA & SEYBOLD B (2017). CNN architectures for large-scale audio
classification. In Acoustics, Speech and Signal Processing (ICASSP), 2017 IEEE International
Conference on, pp. 131-135. IEEE.

HONG S, WU M, ZHOU Y, WANG Q, SHANG J, LI H & XIE J (2017). ENCASE: An ENsemble
CIASsifiEr for ECG classification using expert features and deep neural networks In Computing in
Cardiology (CinC), 2017, pp. 1-4. IEEE.

HU B, LU Z, LI H & CHEN Q (2014). Convolutional neural network architectures for matching
natural language sentences. In Advances in neural information processing systems, pp. 2042—2050.

HUANG C, YE S, CHEN H, LI D, HEF & TU Y (2011). A novel method for detection of the
transition between atrial fibrillation and sinus rhythm. IEEE transactions on biomedical
engineering, 58(4), 1113-1119. [PubMed: 21134807]

IOFFE S & SZEGEDY C (2015). Batch normalization: Accelerating deep network training by
reducing internal covariate shift. In International Conference on Machine Learning, pp. 448-456.

KIM Y (2014). Convolutional neural networks for sentence classification. arXiv preprint arXiv:
1408.5882.

KINGMA D & BA J (2014). Adam: A method for stochastic optimization. arXiv preprint arXiv:
1412.6980.

KRIZHEVSKY A, SUTSKEVER | & HINTON GE (2012). Imagenet classification with deep
convolutional neural networks. In Advances in neural information processing systems, pp. 1097-
1105.

LADAVICH S & GHORAANI B (2015). Rate-independent detection of atrial fibrillation by statistical
modeling of atrial activity. Biomedical Signal Processing and Control, 18, 274-281.

LAKE DE & MOORMAN JR (2010). Accurate estimation of entropy in very short physiological time
series: the problem of atrial fibrillation detection in implanted ventricular devices. American
Journal of Physiology-Heart and Circulatory Physiology, 300(1), H319-H325. [PubMed:
21037227]

LECUN Y & BENGIO Y (1995). Convolutional networks for images, speech, and time series. The
handbook of brain theory and neural networks, 3361(10), 1995.

LECUN Y, BENGIO Y & HINTON G (2015). Deep learning. Nature, 521(7553), 436—444. [PubMed:
26017442]

LECUN Y, KAVUKCUOGLU K & FARABET C (2010). Convolutional networks and applications in
vision. In Circuits and Systems (ISCAS), Proceedings of 2010 IEEE International Symposium on,
pp. 253-256. IEEE.

LI Q, RAJAGOPALAN C & CLIFFORD GD (2014a). A machine learning approach to multilevel
ECG signal quality classification. computer methods and programs in biomedicine, 117(3), 435-
447. [PubMed: 25306242]

LI Q, RAJAGOPALAN C & CLIFFORD GD (2014b). Ventricular fibrillation and tachycardia
classification using a machine learning approach. IEEE Transactions on Biomedical Engineering,
61(6), 1607-1613. [PubMed: 23899591]

Physiol Meas. Author manuscript; available in PMC 2019 September 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xiong et al.

Page 13

LIM HS, HOCINI M, DUBOIS R, DENIS A, DERVAL N, ZELLERHOFF S, YAMASHITA S,
BERTE B, MAHIDA S & KOMATSU Y (2017). Complexity and distribution of drivers in relation
to duration of persistent atrial fibrillation. Journal of the American College of Cardiology, 69(10),
1257-1269. [PubMed: 28279292]

LINKER DT (2009). Long-term monitoring for detection of atrial fibrillation. U.S. Patent 7,630,756,
issued 12 8, 2009.

LINKER DT (2016). Accurate, automated detection of atrial fibrillation in ambulatory recordings.
Cardiovascular engineering and technology, 7(2), 182-189. [PubMed: 26850411]

LIP GYH, FAUCHIER L, FREEDMAN SB, VAN GELDER I, NATALE A, GIANNI C, NATTEL S,
POTPARA T, RIENSTRA M, TSE H-F & LANE DA (2016). Atrial fibrillation. Nature Reviews
Disease Primers, 2, 16016.

NADEMANEE K, MCKENZIE J, KOSAR E, SCHWAB M, SUNSANEEWITAYAKUL B,
VASAVAKUL T, KHUNNAWAT C & NGARMUKOS T (2004). A new approach for catheter
ablation of atrial fibrillation: mapping of the electrophysiologic substrate. Journal of the American
College of Cardiology, 43(11), 2044-2053. [PubMed: 15172410]

NARAYAN SM, RODRIGO M, KOWALEWSKI CA, SHENASA F, MECKLER GL,
VISHWANATHAN MN, BAYKANER T, ZAMAN JA & WANG PJ (2017). Ablation of Focal
Impulses and Rotational Sources: What Can Be Learned from Differing Procedural Outcomes?
Current Cardiovascular Risk Reports, 11(9), 27.

NAVORET N, JACQUIR S, LAURENT G & BINCZAK S (2013). Detection of complex fractionated
atrial electrograms using recurrence quantification analysis. IEEE Transactions on Biomedical
Engineering, 60(7), 1975-1982. [PubMed: 23428610]

OSOWSKI S, HOAI LT & MARKIEWICZ T (2004). Support vector machine-based expert system for
reliable heartbeat recognition. IEEE transactions on biomedical engineering, 51(4), 582-589.
[PubMed: 15072212]

OSTER J & CLIFFORD GD (2015). Impact of the presence of noise on RR interval-based atrial
fibrillation detection. Journal of Electrocardiology, 48(6), 947-951. [PubMed: 26358629]

PARK J, LEE S & JEON M (2009). Atrial fibrillation detection by heart rate variability in Poincare
plot. Biomedical engineering online, 8(1), 38. [PubMed: 20003345]

PASCANU R, MIKOLOV T & BENGIO Y (2013). On the difficulty of training recurrent neural
networks. In International Conference on Machine Learning, pp. 1310-1318.

PATHIK B, KALMAN JM, WALTERS T, KUKLIK P, ZHAO J, MADRY A, PRABHU S, NALLIAH
C, KISTLER P & LEE G (2017). Transient rotor activity during prolonged three-dimensional
phase mapping in human persistent atrial fibrillation. JACC: Clinical Electrophysiology, 4(1), 72—
83. [PubMed: 29600788]

PETRENAS A, MAROZAS V & SORNMO L (2015). Low-complexity detection of atrial fibrillation
in continuous long-term monitoring. Computers in biology and medicine, 65, 184-191. [PubMed:
25666902]

PICZAK KJ (2015). Environmental sound classification with convolutional neural networks In
Machine Learning for Signal Processing (MLSP), 2015 IEEE 25th International Workshop on, pp.
1-6. IEEE.

PINHEIRO PH & COLLOBERT R (2014). Recurrent convolutional neural networks for scene
labeling. In 31st International Conference on Machine Learning (ICML).

PURERFELLNER H, POKUSHALOV E, SARKAR S, KOEHLER J, ZHOU R, URBAN L &
HINDRICKS G (2014). P-wave evidence as a method for improving algorithm to detect atrial
fibrillation in insertable cardiac monitors. Heart Rhythm, 11(9), 1575-1583. [PubMed: 24912139]

RODENAS J, GARCIA M, ALCARAZ R & RIETA 1J (2015). Wavelet entropy automatically detects
episodes of atrial fibrillation from single-lead electrocardiograms. Entropy, 17(9), 6179-6199.

SARKAR S, RITSCHER D & MEHRA R (2008). A detector for a chronic implantable atrial
tachyarrhythmia monitor. IEEE Transactions on Biomedical Engineering, 55(3), 1219-1224.
[PubMed: 18334416]

SRIVASTAVA N, HINTON GE, KRIZHEVSKY A, SUTSKEVER | & SALAKHUTDINOV R
(2014). Dropout: a simple way to prevent neural networks from overfitting. Journal of machine
learning research, 15(1), 1929-1958.

Physiol Meas. Author manuscript; available in PMC 2019 September 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xiong et al.

Page 14

SZEGEDY C, LIU W, JIAY, SERMANET P, REED S, ANGUELOV D, ERHAN D, VANHOUCKE
V & RABINOVICH A (2015). Going deeper with convolutions. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pp. 1-9.

TATENO K & GLASS L (2001). Automatic detection of atrial fibrillation using the coefficient of
variation and density histograms of RR and ARR intervals. Medical and Biological Engineering
and Computing, 39(6), 664—671. [PubMed: 11804173]

TEIJEIRO T, GARCIA CA, CASTRO D & FELIX P (2017). Arrhythmia Classification from the
Abductive Interpretation of Short Single-Lead ECG Records. arXiv preprint arXiv:1711.03892.

VALENTI M, DIMENT A, PARASCANDOLO G, SQUARTINI S & VIRTANEN T (2016). DCASE
2016 acoustic scene classification using convolutional neural networks. In Proc. Workshop
Detection Classif. Acoust. Scenes Events, pp. 95-99.

VAN DEN OORD A, DIELEMAN S, ZEN H, SIMONYAN K, VINYALS O, GRAVES A,
KALCHBRENNER N, SENIOR A & KAVUKCUOGLU K (2016). Wavenet: A generative model
for raw audio. arXiv preprint arXiv:1609.03499.

XIONG Z, STILES MK & ZHAO J (2017). Robust ECG Signal Classification for Detection of Atrial
Fibrillation Using a Novel Neural Network. Computing, 44, 1.

YANG H (2011). Multiscale recurrence quantification analysis of spatial cardiac vectorcardiogram
signals. IEEE Transactions on Biomedical Engineering, 58(2), 339-347. [PubMed: 20693104]

ZABIHI M, RAD AB, KATSAGGELOS AK, KIRANYAZ S, NARKILAHTI S & GABBOUJ M
(2017). Detection of Atrial Fibrillation in ECG Hand-held Devices Using a Random Forest
Classifier. Computing, 44, 1.

ZHAO J, HANSEN BJ, CSEPE TA, LIM P, WANG Y, WILLIAMS M, MOHLER PJ, JANSSEN PM,
WEISS R, HUMMEL JD & & FEDOROV VV (2015a). Integration of high-resolution optical
mapping and 3-dimensional micro-computed tomographic imaging to resolve the structural basis
of atrial conduction in the human heart. Circulation: Arrhythmia and Electrophysiology, 8(6),
1514-1517. [PubMed: 26671938]

ZHAO J, HANSEN BJ, WANG Y, CSEPE TA, SUL LV, TANG A, YUAN Y, LI N, BRATASZ A,
POWELL KA KILIC A, MOHLER PJ, JANSSEN P, WEISS R, SIMONETTI OP, HUMMEL JD
& FEDOROV VYV (2017). Three - dimensional Integrated Functional, Structural, and
Computational Mapping to Define the Structural “ Fingerprints “ of Heart - Specific Atrial
Fibrillation Drivers in Human Heart Ex Vivo. Journal of the American Heart Association, 6(8),
€005922. [PubMed: 28862969]

ZHAO J, YAO Y, SHI R, HUANG W, SMAILL BH & LEVER NA (2015b). Progressive modification
of rotors in persistent atrial fibrillation by stepwise linear ablation. HeartRhythm case reports, 1(1),
22-26. [PubMed: 28491503]

Physiol Meas. Author manuscript; available in PMC 2019 September 24.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Xiong et al.

Page 15

x L(x)+x
Convolutional Layer
Addition Operation
X
> > > —
L(x) +x L (LX) +x) +;(x) +x
Ii(x) Ii+1(1i(x)+x)
Figure 1.

A schematic to illustrate the basic operations for residual blocks. In residual blocks, the skip
connections provide an alternative pathway for information to be propagated without
introducing additional parameters. The original input data is merged with its respective
transformed version via the use of an element-wise sum.
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A. Recurrent Node B. Recurrent Node Unfolded
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Figure2.

A recurrent layer with a single node. A) A compressed representation of the recurrent node.
B) An unfolded version illustrating the cycling of weights inside a recurrent node at different
time steps. Note that the weights within each layer are shared but applied to different time

steps. The first node lizt _ 1 Simply inputs the information from the previous layer as there is

no previous time step.
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A. Example of ECGs from each class
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Figure 3.
The data used in this study. A) Typical examples of single-lead ECG recordings for each of

the four classes: normal rhythm (N), atrial fibrillation (AF), other rhythm (O) and noisy (~),
in the provided dataset in the 2017 CinC Challenge. B) An illustration of the distribution of
the four classes within the training set and within the test set hidden to the public.
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Figure 4.
The architecture of the proposed residual recurrent convolutional neural network

(RhythmNet). The ECG signal is inputted in windows of 5 seconds and then passed through

16 repeated residual blocks containing convolutions of different depth. The output of the

residual blocks is then flattened into a 1D vector, and fed through three recurrent layers to
process the successive windows sequentially, 5 seconds at a time. The output of the recurrent
layer is then mapped onto a fully connected layer with four nodes denoting the probabilities

of the four classes to predict for.
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A. Bar Plot of Prediction vs Ground Truth B. Confusion Matrix (in %)
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Figureb5:

Diagnostics of RhythmNet during cross-validation on the training set. A) A bar plot to
visualize the proportions of the predictions vs ground truths. B) The corresponding
confusion matrix with the proportions in %. The noisy class is in grey as it was not
considered in the score.
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