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The electrical signals triggering the heart’s contraction are governed by non-linear
processes that can produce complex irregular activity, especially during or preceding
the onset of cardiac arrhythmias. Forecasts of cardiac voltage time series in such
conditions could allow new opportunities for intervention and control but would require
efficient computation of highly accurate predictions. Although machine-learning (ML)
approaches hold promise for delivering such results, non-linear time-series forecasting
poses significant challenges. In this manuscript, we study the performance of two
recurrent neural network (RNN) approaches along with echo state networks (ESNs) from
the reservoir computing (RC) paradigm in predicting cardiac voltage data in terms of
accuracy, efficiency, and robustness. We show that these ML time-series prediction
methods can forecast synthetic and experimental cardiac action potentials for at least
15-20 beats with a high degree of accuracy, with ESNs typically two orders of magnitude
faster than RNN approaches for the same network size.

Keywords: reservoir computing, recurrent neural network, echo state network, time series forecasting, cardiac
action potential

1. INTRODUCTION

Cardiac electrical signals, known as action potentials, exhibit complex non-linear dynamics,
including period-doubling bifurcations in their duration (Guevara et al., 1984; Watanabe et al.,
2001) and amplitude (Chen et al.,, 2017), along with higher-order period-doublings (Gizzi et al,,
2013) and chaotic behavior (Chialvo et al., 1990). Potentially life-threatening states like fibrillation
often are preceded by such long-short oscillations in action potential duration or amplitude
known as alternans in the medical literature (Nolasco and Dahlen, 1968; Pastore et al., 1999;
Gizzi et al.,, 2013; Chen et al., 2017). A number of methods for control of cardiac alternans
have been developed (Rappel et al., 1999; Christini et al., 2006; Berger et al., 2007; Garzén et al.,
2009; Garzon et al., 2014; Kulkarni et al., 2018), and while some have been demonstrated in
cardiac experimental preparations (Christini et al.,, 2006; Kulkarni et al., 2018), they have not
yet found clinical application in part because of the limited length scales over which control can
be accomplished (Echebarria and Karma, 2002; Garzon et al., 2014; Otani, 2017). An alternative
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FIGURE 8 | Noble dataset APD prediction results obtained for the five methods using a fixed network size of 100 neurons. APDs from data used for testing are shown
in black for reference and predicted APDs are shown in color. Absolute error in APD prediction is shown in the bottom subplot, with color corresponding to prediction
method.

prediction method. APD errors were typically less than 5 ms
for both the FK and experimental datasets, with larger typical
errors of around 20 ms (sometimes more) for the Noble dataset.
Over the measured interval, none of the methods exhibited any
long-term trend in the APD error, indicating that the methods
have seen sufficient training data to accurately model the real
action potential response to stimulation and the associated
APD distribution.

In addition, we demonstrated that the ESN approaches
achieved lower error than the RNN approaches for the synthetic

datasets and that the hybrid ESN achieved the best accuracy for
the experimental dataset. Furthermore, the accuracy obtained,
as measured by RMSE, was largely independent of network
size. The time required for training and prediction typically was
about two orders of magnitude lower for the ESN and clustered
ESN architectures compared to the LSTM and GRU approaches,
with the hybrid ESN timing in between. Computation time also
generally grew with the network size, with the exception of the
hybrid ESN, where computational time was essentially constant
across all network sizes considered. We expect this insensitivity
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FIGURE 9 | Comparison of RMSE (A) and computational time (B) for each method and network size tested for the Noble dataset.

Clustered ESN

Hybrid ESN

occurred because the time associated with solving the knowledge-
based model (essentially a set of differential equations describing
a cardiac cell), which is independent of network size, was more
expensive than the cost of the ESN itself and thus dominated the
total training and prediction time.

We investigated different types of dynamics, including those
influenced by underlying randomness and chaos. We found the
lowest RMSE values for the FK and experimental datasets and
the highest RMSE values for the chaotically-driven Noble dataset.
For the FK dataset, the hybrid ESN typically achieved the lowest
error for all but the smallest network size, with the other ESN
approaches achieving slightly less error than the LSTM and
GRU methods. The Noble dataset elicited a particularly poor
performance for the GRU method, with RMSE values typically
three or four times larger than for the other methods; also,
the hybrid ESN did not perform as well as the other ESNs.
However, it is possible that use of a univariate time series in
this case contributed to lower accuracy, rather than just the
chaotic dynamics alone. For the experimental dataset, which
likely has elements of both randomness and chaos, the hybrid
ESN generally achieved the lowest error, with the other methods
producing similar RMSE values. Overall, our results indicate that
the ESN architecture provides better performance than LSTM
and GRU approaches for the voltage forecasting task.

4.1. Effects of Algorithmic Choices

The action potential time series used in this work were highly
imbalanced. In this study, although we found the need to
downsample the original data for use with testing and training,
we did not perform systematic studies regarding how to optimize

this task. As a general observation, starting from the initial
highly imbalanced time series, by increasing the sampling spacing
and reducing the number of data points, the training and
testing errors were reduced. However, the information loss
caused by removing data points is the obvious side effect
if the spacing becomes too large. Our choice of tying the
time spacing to changes in voltage ensured good resolution
during rapidly changing parts of action potentials, including
the upstroke, but led to a lack of points during the rest and
plateau phases, contributing to apparent errors during these
times of slow changes in voltage. Further studies are required to
investigate various spacing and resampling strategies to propose
an optimal approach.

Although our results illustrate that ESNs provide the best
prediction accuracy together with the lowest computational times
in most cases for the methods and datasets considered, the ESN
approach shows the most sensitivity to the hyperparameter and
network parameter values. Our grid search results demonstrated
a wide variability in the prediction performance obtained by
various ESNs with very similar configurations. This motivates
more study to improve the robustness of this approach. Among
the three RC techniques used in this work, the hybrid ESN
showed the least sensitivity to the hyperparameter values. We
expect that the knowledge-based model promotes the predictive
ability of the network by generating an approximate action
potential, which the network perturbs to resolve the precise
AP shape.

Incorporating the pacing stimulus into a multivariate input
setup considerably improved the prediction performance of the
network over using a univariate voltage input and extended the
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FIGURE 10 | Experimental dataset action potential prediction results obtained for the five methods using a fixed network size of 100 neurons. Test data are shown in
black for reference and the predictions in color. (Left) All predicted APs. (Right) Zoomed view of the first two predicted APs.

forecasting horizon to a higher number of beats. In the absence
of the stimulus information, depending on the dynamics of the
system, the predictions remain accurate only for the first few
beats after the training.

4.2. Limitations and Future Work
Our study contains a number of limitations. First, we studied
a limited number of datasets. It is possible that different types
of dynamics (e.g., more strongly chaotic) could lead to different
results, and in particular experimental data from other sources
could prove more difficult to predict. In addition, we did not
study how much training data was needed to obtain good results.
Furthermore, it remains an important open question how long
the action potential predictions will remain accurate without
deteriorating, although in this case we have found lower bounds.
We also considered a small number of time series prediction
methods. There are many variations on these methods (Chandra
et al,, 2021; Han et al,, 2021) and it is possible that performance
improvements could be achieved. Even choosing different

settings for the methods considered, such as a different number
of clusters for the clustered ESNs, potentially could affect
performance. There are also different types of prediction methods
that we did not consider. For example, ESNs have been connected
to vector autoregression (VAR) (Bollt, 2021), thereby motivating
additional studies of VAR for prediction. It also would be
interesting to study the accuracy of predictions of APD obtained
by training on APD values only.

For the hybrid ESN, we only considered the use of one
knowledge-based model, the Corrado-Niederer update of the
Mitchell-Schaeffer model. It is possible that different model
choices could affect the accuracy or computational time of
the hybrid method; for example, an even simpler two-variable
model like the FitzHugh-Nagumo model could potentially make
the hybrid ESN approach more competitive with the other
ESNs considered here, while a knowledge-based model that is
matched to the data-generating model might present a near-
trivial prediction task. Additionally, more complex cardiac cell
models with detailed calcium dynamics may have an impact on
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long-term tissue memory. In practice, this long-term change in
the cardiac cell may lessen the predictive power of the presented
ML models over long time intervals.

We also note that there is a close connection between ML-
based methods and data assimilation. In the cardiac case, Kalman
filter-based methods including data assimilation have been used
thus far for reconstruction (Mufoz and Otani, 2010, 2013;
Hoffman et al., 2016; Hoffman and Cherry, 2020; Marcotte et al.,
2021), but they also can be used for forecasting, as is more typical
in data assimilation’s original weather forecasting context (Hunt
et al., 2007). It may be beneficial to pursue approaches that seek

to merge data assimilation and machine learning for this task
(Albers et al., 2018; Brajard et al., 2020; Gottwald and Reich,
2021).

Along with extensions of our present work to address the
issues discussed above, in the future we intend to consider
predicting cardiac voltage dynamics during the development
of arrhythmias. We expect this goal may necessitate the
use of spatially extended models of cardiac tissue as part
of the prediction process, although handling the information
from spatial neighbors requires very large networks that
will pose new computational challenges. The combination
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FIGURE 12 | Comparison of RMSE (A) and computational time (B) for each method and network size tested for the experimental dataset.

of ESNs and local states (Pathak et al, 2018; Zimmermann
and Parlitz, 2018) or specialized deep-learning architectures
(Herzog et al., 2018) may be useful in tackling such problems,
but these methods remain computationally demanding and
may require new approaches. In addition, we may need to
carefully consider the types of dynamics included in the
training data in order to accurately predict transitions between
different types of dynamics, such as the transition from normal
rhythm to tachycardia or the transition from tachycardia to
fibrillation. Accurate prediction of such transitions may lead to
advances in control designed to prevent the development of
fatal arrhythmias.
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