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Editorial on the Research Topic
Atrial Fibrillation: Technologies for Investigation, Monitoring and
Treatment, Volume II

Introduction

Following the great interest in the first edition of the Frontiers Research Topic devoted to
technology related to the understanding, management, and therapy of atrial fibrillation (AF),
we are glad to present a second collection of additional articles on the Research Topic. AF
remains the most common sustained clinical arrhythmia (Chugh et al., 2014; Zoni-Berisso
et al., 2014), the leading cause of embolic stroke, and an increased risk for heart failure and
mortality (Benjamin et al., 2017; Roth et al., 2017). AF is a major societal and financial
burden (Kowalski et al., 2022) likely due to its heterogenous, multifactorial, and progressive
nature as well as its suboptimal therapy (Heijman et al., 2018). It has been recently
demonstrated that early AF rhythm-control therapies of ablation or antiarrhythmic
drugs within the first year of AF diagnosis are beneficial (Eckardt et al., 2022; Dickow
et al., 2023) but come at a heavy financial cost (Gottschalk et al., 2023) that is calling for
further research and developments. This second volume of the Research Topic continues to
aim at the challenge of the burden of AF. It consists of 15 original papers that focus, as with
the first edition, on technological advances for the improved understanding of AF and better
diagnosis, management, and therapy of arrhythmia. A total of 95 students and faculty of
diverse scientific backgrounds have contributed to the papers and highlighted the
importance of multidisciplinary research for advancing the understanding and therapy
of AF. We are grateful to all the contributors to the first and present Research Topic articles
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for their time and efforts. The articles in this second volume of the
Research Topic can be grouped and are briefly summarized as
follows.

Mapping, characterizing, and
predicting atrial fibrillation

It has been proposed that high dominant frequency and rotor
regions play a significant role in perpetuating AF. Ehnesh et al.
analyzed non-contact recordings from inside the left atrium of
10 persistent AF patients and found that spatial correlation
between these two features at any given time is poor but they
colocalize in certain regions over time, mainly in the septum. In
patients in whom high-dominant frequency ablation terminated the
AF, there was some overlapping with longer-lasting rotor sites, but
the relationship was complex overall. The study by Jenkins et al.
focused on the accuracy of quantifying the lifetime of phase
singularity points representing AF re-entrant patterns. The paper
argues that the duration of the observation can affect the likelihood
of detecting long vs. short lifetimes and suggests that to minimize the
dependency on the observation duration, the individual lifetimes,
rather than averages of probability distributions, should be
considered.

Regions characterized by low voltage activity in atrial mapping
are considered to be arrhythmogenic and a target for ablation. Van
Schie et al. used a specialized multiple-electrode system to perform
intraoperative simultaneous unipolar and omnipolar voltage
mapping in opposing endocardial and epicardial right atrial
surfaces during sinus rhythm. The study found that the low
voltage regions frequently appeared exclusively on either one of
the surfaces and suggests that the addition of the omnipolar
mapping, where far field and directionality effects are minimized,
to the unipolar mapping adds fidelity to the localization of low
voltage regions.

The non-invasive electrocardiographic imaging (ECGi)
approach is proposed for an effective mapping of AF and
ablation guidance but is still a challenging technology.
Fambuena-Santos et al. used ECGi and a new rotor detection
algorithm to map AF in patients that underwent pulmonary vein
isolation. They found that the total rotor number was higher in
patients with follow-up arrhythmia recurrence than in those that
remained in sinus rhythm and in whom the phase singularity point
concentration was higher in the pulmonary vein region. The
consistency between the findings on re-entrant pattern
distribution and the expected mechanisms suggested the
technology could offer useful information.

Efforts to optimize the inverse problem solution at the center of
the ECGi approach by various time-frequency decomposition
techniques are presented in the article by Yadan et al. the
authors applied different mode decomposition algorithms on five
simulated and two AF patients datasets to rank the accuracy and
efficiency of their performance to hopefully improve the solution of
the inverse problem in the clinic.

Approximately 30% of patients undergoing cardiac surgery
develop AF post-operatively and predicting who will develop
arrhythmia on an individual basis could guide therapeutic
management. Kang He et al. developed a machine learning

method for the single-lead monitoring of patients after cardiac
surgery and concluded that their method could improve the
detection of postoperative AF in those patients. Ah Ran Oh et al.
also used a machine learning method in post-operative patients,
however with non-cardiac surgery, and found that including the top
five variables of age, lung operation, operation duration, history of
coronary artery disease, and hypertension results in the area under
the receiver operating characteristic curve for postoperative AF of 0.
80 that indicates the ability of prediction.

Body surface potential maps were processed by McCann et al. to
predict catheter ablation outcomes in persistent AF patients. The
investigators developed new indices based in part on a principal
component analysis to quantify the reconstruction of the full set of
the body surface signals with a subset of the signals, as well as a non-
dipolar component index. They then associated the levels of those
indices with restoring sinus rhythm or recurrence of arrhythmia
following single-procedure catheter ablation.

Atrial fibrillation ablation and drug
effects

Radiofrequency (RF) catheter ablation to terminate AF is
challenging in some, particularly persistent, AF patients, and
efforts are ongoing to increase its success rate. Successful catheter-
based RF ablation depends on adequate lesion formation. Alken et al.
analyzed contact force and local impedance in 730 RF applications of a
novel open-irrigated single-tip catheter in 20 repeat AF ablation
patients. A drop of more than 20Ω in local impedance following
the ablation was considered as an adequate lesion formation and was
found to be better predictable by the combined rather than a separated
force and baseline impedance quantification.

Machine learning methods have been proposed to improve the
guidance of ablation. Ogbomo-Harmitt et al. studied the feature
attribution of AF data subjected to deep learning algorithms to
interpret the results of the algorithms and enhance confidence in the
proposed ablation strategy. They used simplified computer models
based on patients’MRI data to suggest that the regions with the most
informative features colocalized with pro-arrhythmogenic regions.

In silico studies are also used to interpret and guide
pharmacological intervention to terminate AF. Dasi et al.
performed simulations on a population of human structurally
normal atrial computer models that suggest that AF depends on
the formation of discordant alternans. Cardioversion using
10 antiarrhythmic drugs applied to those models was found to be
optimal when refractoriness was maximized and was predictable
with 70% accuracy from either ionic or ECG properties. Machine
learning methods are also used in computer simulation studies to
better understand the relationships between pharmacological
treatments and the characteristics of the underlying atrial tissue.
Sanchez de la Nava et al. used artificial intelligence in a
computational proof-of-concept study with the ability to predict
susceptibility for conduction blocks in fibrotic atrial tissue and
antiarrhythmic drug regime. Simulations on a population of
simplified 2D atrial models suggest that fibrosis can alter the
expected behavior of several commonly used drugs and that the
model profile leading to the different effects might be predicted by
data analysis using artificial intelligence.
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In most patients, in addition to efforts to terminate AF,
concomitant pharmacological efforts are also made to decrease
the ventricular rate (Heijman et al., 2021) and would benefit
from a better understanding. Karlsson et al. studied the influence
of several β-blockers and calcium channel blockers on the atrio-
ventricular node conduction in a cohort of permanent AF patients
and found differential delays that could be important in treatment
selection. On a related topic, Plappert et al. demonstrated that the
incorporation of the effects of the autonomic nervous system on
conduction in a mathematical model of the atrio-ventricular node is
necessary to replicate ventricular rate changes in clinical tilt test data.
Abdollahpur et al. investigated respiratory modulation as a
surrogate for the autonomic nervous system modulation of the
atrial activity during AF by analysis of the f-wave frequency.
Their proposed orthogonal subspace projection approach (Varon
et al., 2019) showed robustness in detecting respiratory-induced
changes on simulated data but results on clinical data were
heterogeneous without significant differences between baseline
and deep breathing.

Conclusion

We are excited to present a second Research Topic collection of
technology-inclined articles describing recent experimental,
computational, and clinical studies on AF. The articles ultimately
apply to ablation and pharmacological therapies to restore sinus
rhythm or control of the ventricular rate and highlight the need for
improved comprehensive management of AF and its associated
symptoms (Kirchhof, 2017). We hope that scientists, engineers, and
clinicians, as well as patients, interested in the topic, will find this
overview of basic and translational research trends to be inspiring
and promoting a better understanding of the diagnosis and therapies
of AF.
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rotor sites and high dominant
frequency regions during
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Purpose: Several studies have emphasised the significance of high dominant

frequency (HDF) and rotors in the perpetuation of AF. However, the co-

localisation relationship between both attributes is not completely

understood yet. In this study, we aim to evaluate the spatial distributions of

HDF regions and rotor sites within the left atrium (LA) pre and post HDF-guided

ablation in PersAF.

Methods: This study involved 10 PersAF patients undergoing catheter ablation

targeting HDF regions in the LA. 2048-channels of atrial electrograms (AEG)

were collected pre- and post-ablation using a non-contact array (EnSite,

Abbott). The dominant frequency (DF, 4–10 Hz) areas with DF within 0.25 Hz

of the maximum out of the 2048 points were defined as “high”DF (HDF). Rotors

were defined as PSs that last more than 100 ms and at a similar location through

subsequent phase frames over time.

Results: The results indicated an extremely poor spatial correlation between the

HDF regions and sites of the rotors in pre-versus post-ablation cases for the

non-terminated (pre: CORR; 0.05 ± 0.17. vs. post: CORR; −0.030 ± 0.19, and

with terminated patients (pre: CORR; −0.016 ± 0.03. post: CORR; −0.022 ±

0.04). Rotors associated with AF terminations had a long-lasting life-span post-

ablation (non-terminated vs. terminated 120.7 ± 6.5 ms vs. 139.9 ± 39.8 ms),

high core velocity (1.35 ± 1.3 mm/ms vs. 1.32 ± 0.9 mm/ms), and were less

meandering (3.4 ± 3.04 mm vs. 1.5 ± 1.2 mm). Although the results suggest a

poor spatial overlapping between rotors’ sites and sites of AFCL changes in

terminated and non-terminated patients, a higher correlation was determined

OPEN ACCESS

EDITED BY

Juan Pablo Martínez,
University of Zaragoza, Spain

REVIEWED BY

Vijay S. Chauhan,
Peter Munk Cardiac Centre, Canada
Carlos Sanchez,
University of Zaragoza, Spain

*CORRESPONDENCE

Mahmoud Ehnesh,
me196@leicester.ac.uk

SPECIALTY SECTION

This article was submitted to Cardiac
Electrophysiology,
a section of the journal
Frontiers in Physiology

RECEIVED 17 May 2022
ACCEPTED 14 July 2022
PUBLISHED 05 August 2022

CITATION

Ehnesh M, Li X, Almeida TP, Chu GS,
Dastagir N, Stafford PJ, Ng GA and
Schlindwein FS (2022), Evaluating spatial
disparities of rotor sites and high
dominant frequency regions during
catheter ablation for PersAF patients
targeting high dominant frequency sites
using non-contacting mapping.
Front. Physiol. 13:946718.
doi: 10.3389/fphys.2022.946718

COPYRIGHT

© 2022 Ehnesh, Li, Almeida, Chu,
Dastagir, Stafford, Ng and Schlindwein.
This is an open-access article
distributed under the terms of the
Creative Commons Attribution License
(CC BY). The use, distribution or
reproduction in other forums is
permitted, provided the original
author(s) and the copyright owner(s) are
credited and that the original
publication in this journal is cited, in
accordance with accepted academic
practice. No use, distribution or
reproduction is permitted which does
not comply with these terms.

Frontiers in Physiology frontiersin.org01

TYPE Original Research
PUBLISHED 05 August 2022
DOI 10.3389/fphys.2022.946718

8

https://www.frontiersin.org/articles/10.3389/fphys.2022.946718/full
https://www.frontiersin.org/articles/10.3389/fphys.2022.946718/full
https://www.frontiersin.org/articles/10.3389/fphys.2022.946718/full
https://www.frontiersin.org/articles/10.3389/fphys.2022.946718/full
https://www.frontiersin.org/articles/10.3389/fphys.2022.946718/full
https://www.frontiersin.org/articles/10.3389/fphys.2022.946718/full
https://www.frontiersin.org/articles/10.3389/fphys.2022.946718/full
https://crossmark.crossref.org/dialog/?doi=10.3389/fphys.2022.946718&domain=pdf&date_stamp=2022-08-05
mailto:me196@leicester.ac.uk
https://doi.org/10.3389/fphys.2022.946718
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org/journals/physiology#editorial-board
https://www.frontiersin.org/journals/physiology#editorial-board
https://doi.org/10.3389/fphys.2022.946718


in terminated patients (spatial overlapping percentage pre: 25 ± 4.2% vs. 17 ±

3.8% vs. post: 8 ± 4.2% vs. 3.7 ± 1.7% p < 0.05, respectively).

Conclusion: Using non-contact AEG, it was noted that the correlation is poor

between the spatial distribution of HDF regions and sites of rotors. Rotors were

longer-lasting, faster and more stationary in patients with AF termination post-

ablation. Rotors sites demonstrated poor spatial overlapping with sites of AFCL

changes that lead to AF termination.

KEYWORDS

atrial fibrillation, cycle length, high dominant frequency, non-contact mapping, rotors

Introduction

Atrial fibrillation (AF) is the most common arrhythmia, with

a fivefold increased risk of stroke (Nattel, 2002) and affecting

more than 10% of people aged 65 and over (Freedman et al.,

2021).

Catheter ablation proved to be effective for Paroxysmal AF

(PAF) (Fichtner et al., 2015), however, as persistent AF (PersAF)

is a more complex arrhythmia, it is more difficult to treat (Jalife

et al., 2002; Nattel, 2002).

Studies have shown electrically remodelled tissue can

potentially host rapid ectopic activity, and single and multiple

circuit re-entry, perpetuating AF (Jalife et al., 2002; Nattel, 2002).

Atrial electrograms (AEG) characterised by short cycle length

(CL) and high-frequency activation (Mansour et al., 2001;

Ashihara et al., 2012) have been proposed to identify local

abnormal activations during AF (Mansour et al., 2001).

Studies suggested that AEG with high-dominant frequencies

(HDF) represent atrial regions with rapid ectopic activity

(Sanders et al., 2005; Jarman et al., 2012) and these regions

have been proposed as potential targets for AF ablation (Atienza

et al., 2009). Their ablation resulted in CL prolongation and AF

termination (Sanders et al., 2005). However, others argue that it

remains unclear whether these sites are spatiotemporally stable

(Habel et al., 2010; Jarman et al., 2012; Atienza et al., 2014).

Narayan et al., 2012; Spitzer et al., 2017 proposed

targeting re-entry circuits and focal impulse for treating

AF, other researchers reported contradictory findings

(Balouch et al., 2017; Steinberg et al., 2017) due to rotors

being spatiotemporally unstable, suggesting that these rotors

may not be associated with AF perpetuation (Yamabe et al.,

2016).

The co-localisation relationship study between DF and phase

singularity points (PSs) in AEG has revealed that most PSs are

located near DF areas, suggesting that wave breaks occur close to

those boundaries (Samie et al., 2001; Salinet et al., 2017).Whereas

with respect to non-contact AEG (NC-AEG), Salinet et al. (2017),

reported that clusters of paired PSs spatially correlate with DF

regions. Therefore, identifying ablation targets on NC-AEG

using spectral analysis or phase mapping has not been fully

understood yet.

AF cycle length (AFCL) has been shown to reflect local atrial

refractoriness in animals and humans and has been suggested as

a parameter to assess the effectiveness of AF ablation (O’Neill

et al., 2009; Rostock et al., 2011). Thus, the study of the co-

localisation relationship between HDF regions and rotors (re-

entrant activity) and its role in perpetuating AF is important. No

study to date has evaluated the spatial correlation between rotor

sites and sites of short AFCL that lead to AF termination in

NC-AEG.

The present study aims to evaluate 1) the spatial

distributions of HDF regions and rotor sites within LA

pre-/post- HDF-guided ablation in PersAF, 2) the response

of the rotors to HDF-guided ablation, 3) the spatial correlation

between rotor sites and sites of AFCL changes that lead to AF

termination.

Materials and methods

Electrophysiology study

Ethical approval was secured for the present study from

the local ethical committee at the University Hospitals of

Leicester, National Health Service (NHS) Trust. Their

guidelines were ascribed to and followed accordingly. Ten

patients undergoing catheter ablation of PersAF for the first

time, with no previous heart disease, were recruited (Bonow

et al., 2006). All individuals were in AF at the time the

procedure commenced. All antiarrhythmic medications

aside from amiodarone were discontinued 5 days prior to

the procedure. Routine blood sampling and a twelve-lead of

electrocardiogram (ECG) were collected from all participating

patients.

Non-contacting mapping

Under local anaesthetic, an ablation catheter was

introduced via the femoral vein into the right atrium (RA).

Then, with fluoroscopic guidance, an inflatable decapolar

catheter and a quadripolar catheter were positioned in the

Frontiers in Physiology frontiersin.org02

Ehnesh et al. 10.3389/fphys.2022.946718

9

https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://doi.org/10.3389/fphys.2022.946718


FIGURE 1
The methodological procedure used for data acquisition and signal processing. (A) Fluoroscopic image of the non-contact balloon catheters
deployed in both the left atrium (LA) and right atrium (RA) (white asterisks). The small white arrows heads point at the active electrodes of the body
surface mapping (BSM), and the white arrow points at the ablation catheter. The screenshot of the EnSite velocity mapping system illustrates the LA
geometry isopotential/voltage map. (B) Reconstructed 2D & 3D of left atrial geometry with a colour-coded phasemap; the colour bar indicates
that the phase varies from −π to +π and the colour coding represents this 2π phase range from blue to red. PSs are represented by red circles. (C) LA

(Continued )
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coronary sinus (CS) and his position, respectively. For all

cases, a single transeptal puncture technique was employed

to provide access into the patients’ left atrium (LA). This was

realised by using a non-steerable transeptal sheath channel

(Channel sheath, Bard Electrophysiology, United States).

Heparin anticoagulation was administered to maintain an

activated clotting time >300 s. Using a non-contact mapping

(NCM) system (EnSite, Abbott Laboratories, United States)

with multiple electrode array (MEA), high-resolution 3D

geometries were reconstructed for the LA and RA, using

the EnSite Velocity electro-anatomical mapping system

(Abbott laboratories; Figure 1A). Using the non-contact

MEA, 5-min intervals of intracardiac AEG were

simultaneously recorded in AF for 2048 points.

Radiofrequency ablation

Identification of the HDF regions was undertaken for

ablation as described in (Salinet et al., 2014). During the

ablation, certain criteria were followed to evaluate the

ablation response; after ablating each region of HDF, the

ablation catheter was used to measure AFCL change in the

left atrium appendage (LAA) over 10 cycles. A change in

AFCL by 10 ms or more was considered significant (Bezerra

et al., 2020). These steps were repeated until one of the pre-

determined endpoints was met:

• Conversion of AF to sinus rhythm (SR);

• Conversion of AF to a more organised LA rhythm, or;

• The operator decided to stop the ablation due to a lack of

target coverage or for patient safety concerns.

Further AEG recordings were collected post-procedure

for another 5 minutes. After the MEA was extracted, a

standard Pulmonary Veins isolation (PVI) was performed

targeting the Ostia of the Pulmonary Veins (PVs),

irrespective of the atrial rhythm. Multipolar Pulmonary

Vein Ablation Catheter (PVAC) (Medtronic, Fridley, MN,

United States) was used for this ablation in all patients. Four

out of the 10 patients had AF termination: One converted to

SR and three progressed to atrial Flutter (AFL). There were

no adverse events in any of the enrolled patients.

Data collection of atrial electrograms and
atrial fibrillation cycle length
measurement

A non-contact MEA balloon was used for all patients

(EnSite Velocity, Abbott Laboratories, United States). This

device collected 2048 points of AF AEG from the

endocardial surface of the LA over a period of 5 minutes.

These were collected with a sampling frequency of 2034.5 Hz

and subsequently exported using a 1–150 Hz band-pass filter set

by the Ensite system. The Surface ECG was band-pass filtered

(0.5–50 Hz). The collected data were analysed off-line using a

MATLAB (MathWorks, United States) in-house developed

program. Next, the AEG were resampled at 512 Hz using a

cubic spline interpolation technique to reduce the processing

time. This is noteworthy because the AEG were primarily

sampled at 2034.5 Hz. Down-sampling the electrograms to

512 Hz does not result in loss of information in the AEG

(Stevenson and Soejima, 2005). QRST subtraction was

performed on the AEG to remove the far-field ventricular

influence using the technique previously described in (Salinet

et al., 2013). The bipolar signal at the LAA is clearly defined,

allowing for an unambiguous manual assessment of AFCL,

which has been used as a surrogate for AF organisation in

several clinical studies (Haïssaguerre et al., 2004; Rostock et al.,

2011; Honarbakhsh et al., 2018a). In this study, the AFCL in

LAA was manually measured pre-and post- HDF-guided

ablation using the ablation catheter over ten cycles to

evaluate ablation response at the ablated site with a ±10 ms

change considered significant (Figures 1B, C) (Bezerra et al.,

2020).

Frequency domain analysis of the atrial
electrograms

The NC-AEG of 60 s-long recordings were then separated

into 4 s windows, with an overlap of 2 s. Accordingly, the

spectral resolution was 0.25 Hz. Fivefold zero-padding was

used and applied to improve the identification of spectral

peaks with a frequency step of 0.05 Hz. DF for each of the

2048 points was defined as the highest power between

4–10 Hz. To measure the regularity and variability of AEG

FIGURE 1
Geometry exported from EnSite non-contact mapping system, showing regions in the LA where ablations resulted in AFCL increase (red), AFCL
non-increase (blue). Anatomical marker points are indicated by (yellow) dots; and 3D geometry of LA was constructed using in-house software
USURP-AF (Understanding the electrophysiological SUbstRate of Persistent Atrial Fibrillation). The colour of the LA 3D geometry indicates a
histogram of regions that host rotors, with a colour gradient of red to blue representing the percentage of the most visited to the less often
visited region. (D) Phase mapping used reconstructed non-contact atrial electrograms (AEG). The aqua signal is the surface ECG (lead II) used as a
reference for QRST subtraction of atrial electrograms. The second (yellow) signal is the unipolar AEG. Third, (magenta signal) is the QRST subtracted
AEG, fourth (green signal) is the recomposed signal using sinusoidal wavelet reconstruction and fifth, the phase signal (yellow) is found using Hilbert
transform.
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in the spectrum, the regularity index (RI) and organisation

index (OI) of each DF were calculated. The RI is calculated by

dividing the area under the DF peak and its harmonics by the

entire spectra. The OI was calculated as the ratio of the area

under the curve of the DF peak to the total power of the

spectrum (Tuan et al., 2010). For more information regarding

the pre-processing steps of NC-AEG see Section 2.4.

Identification of the high dominant
frequency regions

For the 3D geometry of the LA, the area of HDF regions (the

10% top decile of DFs over the 2048 points of the LA) were

identified and a colour-scale HDF map was constructed for the

LA. The creation of HDF density maps was produced by

counting those HDF occurrences for every LA node.

Therefore, all atrial areas with HDF were accordingly

delineated for all frames regarding each of the 2048 AEG. A

recording was made of the number of occasions that the HDF

clouds superimposed on another. To achieve this a

representation of the 3D LA geometry was used. Such HDF

regions are thought of as representative of those locations

whereby PersAF arrhythmia is maintained. Accordingly, an

HDF “cloud” is formed by the HDF area that is presumed to

represent the region’s AF activity. An automated algorithm was

used to reconstruct the 2D (Figures 2B,D) and 3D HDF maps

for (Figures 5C,D,G,H).

FIGURE 2
(A) The correlation coefficient (CORR) of HDF binary maps versus rotors binary maps for non-terminated. (B) 2D rotors binarymaps on the right
and HDF-binary maps on the left for non-terminated patient pre-and post-ablation. In the middle is a combined map of rotor binary map and HDF-
binary map. (C) The CORR of HDF binary maps versus rotors binary maps for terminated patients pre-and post-ablation, respectively. (D) 2D rotors
binary maps on the right and HDF-binary maps on the left for terminated patient pre- and post-ablation; in the middle is a combined map of
rotor binary map and HDF-binary map. The yellow colour in combined maps indicates the HDF region, light blue indicates rotors, with the brown
colour indicating the overlapping area, and the bright red dots represent ablation lesions marked by the mapping system during the procedure. The
other maps are binary with brown indicating either HDF or rotors and blue representing areas that do not host either.
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Phase mapping of atrial electrograms

Phase analysis is a tool employed to track the progression of

the electrical activation of a region of the myocardium

(Umapathy et al., 2010). During the AF phase mapping, when

analysing spatiotemporal phase maps, there is particular interest

regarding points at which the phase goes through an entire cycle

(from–π to +π). These are referred to as “phase singularities” PSs.
The activation front thereby rotates around the PSs. Several

methodological stages are involved in this phase analysis when

converting the AEG into a phase map. The sinusoidal

decomposition approach was used for the current study, using

the following steps (Kuklik et al., 2016).

1). In the “sinusoidal decomposition method” used to

recompose the atrial AEG, the representation of the signal is

given as the total sum of the sinusoidal wavelets using a frequency

that equals the DF and by employing an amplitude that

corresponds (is proportional to) the atrial AEG negative

gradient. 2) As part of this pre-processing process, a

sinusoidal signal is generated that is suited to phase mapping

utilising the Hilbert Transform. 3). Phase maps are created by

calculating the instantaneous phase of each of the 2048 AEG

channels Figure 1D. The phase of all the AEG can be assessed at

every point in time over the entire surface of the recordings, thus

enabling the construction of the “movie” of the evolution of the

phase map. During organised activity, distinct phase patterns will

be identified, such as PSs, which are automatically identified

using an algorithm based on the topological charge method by

(Bray et al., 2001) at the points where the phase progresses

through a full cycle (from—π to + π). We tracked the recurrence

of PSs with consecutive phase frames with a spatial distance of

five nodes or less between consecutive frames. A rotor was

defined as a series of PSs lasting over 100 ms and detected at

a similar location (5 nodes or less) through subsequent time

FIGURE 3
Monitoring the effect of HDF-guided ablation in PersAF patients. Bars represent the mean ± SD for each group. (A) DF across LA, pre-versus
post-ablation for non-terminated and terminated patients. (B) HDF values change across LA, pre-versus post-ablation for non-terminated and
terminated patients. (C) OI values change across LA, pre-versus post-ablation for non-terminated and terminated patients. (D) RI values change
across LA, pre-versus post-ablation for non-terminated and terminated patients.
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frames. As described in (Li et al., 2020), rotor velocity was

calculated as the cumulative 3D geometry surface distance

divided by the time, whilst rotor displacement was calculated

as the surface distance between locations of the rotor appearing

and disappearing.

Assessing the spatial correlation between
the density maps of rotors’ sites and high
dominant frequency regions

In order to investigate the spatial correlation between the

HDF regions and the sites of rotors density maps, we initially

projected both HDF regions and rotors sites on 64 × 32 2D

rectangles. The density information was removed to help assess

the overlapping between the 2D maps. Figure 2B and D illustrate

the 2D binary maps of the HDF regions and rotors’ sites, where

the AEG of 2048 virtual electrodes were mapped onto a 64 ×

32 2D rectangular grid, as described in (Li et al., 2020), HDF

regions and rotors’ sites were marked as “ones” in a 64 ×

32 matrix when they appear and marked as “zeros” where

there were no HDF values or rotors at that specific “pixel.”

The similarity of each 2D HDF binary maps and rotors’ binary

maps were therefore measured using a 2D Pearson’s correlation

coefficient (CORR) (Pearson, 1897), similarity index (Eq. 1)

where A, B represent the 2D matrices; A�, B� represent their

respective average values, and i and j are the rows and

columns of the 2D matrices.

CORR � ∑(Aij − �A)(Bij − �B)������������������∑(Aij − �A)2(Bij − �B)2√ (1)

Secondly, to generate high-density maps of 3D LA geometry;

the 64 electrodes on the non-contact MEA catheter are used to

estimate AEG in 64 locations on the endocardium, which are

further interpolated to provide a total of 2048 AEG, each AEG

represented with a node on 3D LA geometry as described in (Li

et al., 2020). Next, a colour-scaled LA 3D geometry was

constructed, with HDF regions and rotors’ sites distributed

across the LA. Each node out of the 2048 nodes that

construct the 3D LA geometry was evaluated to determine

whether or not it contains a value for either HDF regions or

rotor sites or not at each time. The colour gradient of the LA

geometries indicates the most visited region as red, the less often

visited as yellow and the regions not visited at all as blue. IN these

maps the ablated areas are marked with light red circles. Finally,

up to 12 anatomical regions of the LA were manually marked on

the LA geometries (where visible) by expert clinicians using the

EnSite Velocity mapping system. Each anatomical region was

marked with multiple surface points to create a closed

representation of boundary points. The point number and its

coordinates were saved and exported for off-line reconstruction

showing the following: Roof; Septum (SEPT); MV isthmus

(MVI); LAA; Anterior (ANT); and Posterior (POS); Floor;

Right lower PVs (RLPV); Right upper PVs (RUPV); Left

lower PVs (LLPV); Left upper PVs (LUPV); and Mitral

Valve (MV).

This methodology enables the calculation of the spatial

correlation between the rotors’ sites and HDF regions across

the entire LA in both 2D and 3D scales. HDF and rotors’ density

maps produced from individual 60 s of AEG recordings may

highlight persistently dense regions and assist in identifying the

individual drivers, which sustain PersAF. Therefore, to

understand the co-localisation of rotors sites and the HDF

region, we produced a combined map of cumulative rotors

within the HDF region Figures 2B,D. This technique enabled

the quantitative analysis of the overlap between the HDF regions

and the rotors sites (or their non co-localisation) in a combined

map. Furthermore, we projected the atrial areas that were ablated

(red dots) on the same 2D combinedmap and 3D LA geometry to

evaluate the effects of ablation of the HDF region in the non-

termination patients and the termination group. A direct

comparison of the pre- and post-ablation maps of HDF

regions with rotor maps was carried out in both 2D and 3D

maps to assess the effect of the ablation of HDF regions and the

spatial distribution of rotors sites for both terminated and non-

terminated patients. The spatial correlation between the sites of

the rotors and the sites where the AFCL changed and led to AF

termination was assessed by high-density maps in both 2D and

3D. Because all nodes associated with AFCL changes and rotors

can be projected on 2D and 3D maps, the percentage of spatial

overlapping was calculated using an algorithm that automatically

reported the percentage of total rotors that coincide with AFCL

change sites with respect to the total size of sites where there was

AFCL change.

Statistical analysis

All continuous variables with normal distribution were

presented as (mean ± standard deviation). Wilcoxon matched-

pairs signed-rank tests were performed to analyse non-

parametric paired multiple data. Non-parametric unpaired

data were analysed by means of the Mann—Whitney test. The

pre- and post-ablation of the regional distribution of the sites of

the rotors and HDF regions across the LA were compared using

ordinary one-way ANOVA. A value of p < 0.05 was considered

statistically significant.

Results

Baseline characteristics

This study achieved a 40% level of AF termination. A total

number of lesion nodes (1,500, N = 4) in termination patients
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were ablated and (1970, N = 6) in non-termination patients. A

total of 40,960 AEG and 80 sequential density maps of HDF

regions and rotors’ sites were analysed to assess the effect of

catheter ablation on their spatial stability. The results exhibited a

very poor spatial correlation between the HDF regions and rotors

sites in pre-versus post-ablation for both the non-terminated

(pre: CORR; 0.0525 ± 0.17. vs. post: CORR; −0.0302 ± 0.19,

Figure 2A, and with terminated patients (pre: CORR; −0.016 ±

0.03. post: CORR; −0.022 ± 0.04, Figure 2C). Figures 2B,D reveal

a very low similarity between the HDF and rotors’ maps in non-

terminated and terminated patients pre-and post-ablation cases.

Monitoring the effect of left atrium high
dominant frequency regions guided
ablation in patients with PersAF

HDF-guided ablation prior to PVI has contributed to a slower

atrial arrhythmia by decreasing the DF across LA for both groups,

non-terminated and terminated patients (pre: 6.14 ± 0.7 Hz, vs.

5.50 ± 0.4 Hz, p < 0.001. vs. post: 5.57 ± 1.7 Hz, vs. 4.78 ± 0.7 Hz, p <
0.001, Figure 3A). The DF reduction was followed by a slight

decrease in global HDF values (Figure 6A), for non-terminated

and terminated patients (pre: 9.13 ± 0.7 Hz, vs. 8.85 ± 1.0 Hz, p <
0.001. vs. post: 8.25 ± 1.0 Hz, vs. 7.73 ± 0.7 Hz, Figure 3B).

Additionally, the frequency organisation and regularity of the

AEG of HDF regions as measured with OI and RI demonstrated

that OI was significantly higher in terminated patients compared to

non-terminated patients (pre: 0.31 ± 0.16 vs. 0.24 ± 0.12, p < 0.001,

vs. post: 0.21 ± 0.11 vs. 0.22 ± 0.11, p < 0.0001 Figure 3C). Also there

was statistical significance difference in RI values between non-

terminated and terminated patients (pre: 0.47 ± 0.10 vs. 0.47 ± 0.11,

vs. post 0.20 ± 0.07 vs. 0.23 ± 0.11, p < 0.001, Figure 3D).

The effect of left atrium high dominant
frequency-Guided ablation on rotor
characteristics

The average number of detected rotors in non-terminated

patients was higher than the terminated patients (pre: 39.50 ±

16.2 vs. 19 ± 15.6, vs. post: 11.7 ± 8.1 vs. 4.2 ± 2.4, Figure 4A).

Thus, HDF guided ablation significantly affects the number of

identified rotors in terminated patients, with a significant

reduction (non-terminated patients vs. terminated patients:

29.7 ± 5.2%. vs. 36.1 ± 5.5%, Figure 6B). In contrast, the life-

span of the tracked rotors was higher in the terminated group

compared to the non-terminated patients prior to ablation (pre:

151.3 ± 69.51 ms vs. 136.4 ± 38.2 ms vs. post: 120.7 ± 6.5 ms vs.

139.9 ± 39.8 ms, Figure 4B). Likewise, rotor core velocity was

higher in terminated patients than non-terminated group (pre:

2.8 ± 1.9 mm/ms vs. 0.7 ± 0.9 mm/ms vs. post: 1.35 ± 1.3 mm/ms

vs. 1.32 ± 0.9 mm/ms, Figure 4C). However, rotor core

displacement was higher in non-terminated compared to

terminated patients (pre: 5.6 ± 7.4 mm vs. 3.34 ± 2.7 mm vs.

post: 3.4 ± 3.04 mm vs. 1.5 ± 1.2 mm, Figure 4D). Figure 4E

denotes the percentage of rotors not ablated (non-terminated

patients vs. terminated patients: 70.2% ± 6.5 Vs. 63.1% ± 5.4).

Figures 5C,D,G,H show that detected stable rotors of AEG lack

spatial stability over pre-and post-ablation.

Spatial distribution of high dominant
frequency regions and rotors’ sites
through the left atrium

Despite the fact of AF termination, Figures 5A,B,E,F showed

that HDF regions and rotors’ sites appear to have a relationship with

the most visited anatomical regions of LA for pre and post-ablation.

Interestingly the septum is themost visited region—non-terminated

patients vs. terminated patients (mean± SDpre: 41 ± 12.4%. vs. post:

34 ± 9.07%), followed by floor (33 ± 2.30%. vs. post: 30 ± 1.4%),

anterior site (29 ± 1.31%. vs. post: 16 ± 2.3%), posterior site

(25% ± 1.5. vs. post: 11 ± 0.5%) and roof (18 ± 0.23%. vs. post:

9 ± 0.13%) respectively. Therefore, in 60 s segments of PersAF

recordings, the preferential areas visited by the HDF and

Rotors were the septum and the floor of the LA, with the

highest incidence of PSs compared with the remaining LA

areas. RUPV and the anterior wall of the LA presented almost

half the incidences of PSs. Figures 5C,D,G,H illustrate the

results of the projected HDF regions and rotors’ sites on 3D

geometries of LA’s surface for non-terminated and terminated

patients. Relying on a visual inspection, it is clear that rotor

sites are localised predominantly around or at the vicinity of

HDF regions in both groups. In non-terminated patients,

although the dense HDF region locations were targeted,

both rotors focal sites and HDF regions were widely

dispersed all over the surface of the LA post-ablation.

Conversely, with a terminated patient where there was

some spatial overlapping between rotors’ sites and the

targeted HDF region prior to ablation, rotors seemed to

have responded to ablation. Moreover, post-ablation

density maps appeared free of rotors in this particular

patient who converted to SR.

Change in AF cycle length during ablation

For ten patients a total of 3,206 nodes were ablated: AFCL

increase (≥10 ms, 947 nodes, 30%), AFCL non-increase (<10 ms,

2,259 nodes, 70%). Figure 6C shows the results of the AFCL

measured at all ablation sites pre-ablation for non-terminated

and terminated patients (Mean ± SD 170.9 ± 33.7 ms vs. 197.1 ±

15.5 ms, p < 0.001, respectively), where the mean of AFCL per

patient for non-terminated and terminated pre ablation is

(Mean ± SD 99.7 ± 35.4 ms vs. 78.8 ± 12.7 ms), However, the
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response of the ablation of the prolongation in AFCL during the

procedure was not significant between the two patients groups;

post-ablation: AF non-terminated patients vs. AF terminated

Figure 6D (Mean ± SD 3 ± 14 ms, vs. 5.5 ± 17.8 ms). Although the

results suggest a poor spatial correlation between rotors’ sites and

sites of the AFCL changes in terminated and non-terminated

patients, a higher correlation was found in terminated patients

(spatial overlapping percentage pre: 25 ± 4.2% vs. 17 ± 3.8% vs.

post: 8 ± 4.2% vs. 3.7 ± 1.7% p < 0.05, respectively, Figure 6E).

Discussion

This study provides further insight into the influence of HDF

ablation on the spatial stability of HDF regions and rotors’ sites.

For all patients, the NC-AEG shows that rotors’ sites are poorly

spatially correlated with HDF regions. High-density maps, HDF

and rotors sites appear to have a relationship with LA’s most

visited anatomical regions for both pre-and post-ablation,

interestingly with the septum being the most visited region.

FIGURE 4
The response of the rotors to HDF ablation; (A) The number of rotors in pre-versus post-ablation for non-terminated and terminated patients.
(B) The mean of the rotors life-span in pre-versus post-ablation for non-terminated and terminated patients. (C) The mean of the rotors’ velocity in
pre-versus post-ablation for non-terminated and terminated patients. (D) The mean of the rotor displacement in pre-versus post-ablation for non-
terminated and terminated patients. (E) The percentage of overall non-ablated and ablated rotors in non-terminated and terminated patients.
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FIGURE 5
Regional distribution of rotors and HDF across the LA region. (A) Spatial distribution of HDF and rotors for 12 anatomical regions in LA for non-
terminated patient pre-ablation. (B) Spatial distribution of HDF and rotors for 12 anatomical regions in LA for non-terminated patients post-ablation.
(C) 3D LA geometry of rotors density and map HDF density map for non-terminated patient pre ablation. (D) 3D LA geometry of rotors density map
andHDF density map for non-terminated patients post-ablation. (E) Spatial distribution of HDF and rotors for 12 anatomical regions in the LA for
terminated patients pre ablation. (F) Spatial distribution of HDF and rotors for 12 anatomical regions in the LA for terminated patients post-ablation.
(G) 3D LA geometry of rotors density map and HDF density map for terminated patients pre-ablation. (H) 3D LA geometry of rotors and density map
HDF density map for terminated patients post-ablation. The colour bars in (C,D,G,H) represent the percentage of rotors sites and HDF regions on the
3D LA geometry. The red dots on the surface of the geometry represent the ablation lesions marked by the mapping system during the procedure.
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HDF guided ablation significantly affects the number of tracked

rotors, particularly with a significant reduction in those where AF

was terminated. Rotor sites detected in terminated patients had

specific characteristics. They had a long-lasting life-span and

high core velocity, and they were less meandering than sites

detected in non-terminated patients. The rotors’ sites

demonstrated poor simultaneous spatial overlapping of the

location of the rotors and the sites of AFCL changes that lead

to AF termination.

Analysing spatial disparities of high
dominant frequency regions and rotors’
sites across the left atrium

Multiple studies have reported contradictory results

regarding the spatial distribution of HDF regions in PersAF

patients across LA. Elvan et al. (2009) found that HDF sites are

predominantly located in the posterior wall between the

pulmonary veins and at the roof across the LA. Sanders et al.

FIGURE 6
The overall percentage of rotors’ sites and HDF regions out of the entire LA area. (A) The ratio of the rotors’ sites through the LA pre-versus post-
ablation for non-terminated and terminated patients. (B) The ratio of the HDF regions through the LA pre-versus post-ablation for non-terminated
and terminated patients. (C) LA AFCL measured pre-ablation for non-terminated and terminated patients. (D) LA AFCL change was measured post-
ablation for non-terminated and terminated patients. (E) The spatial overlapping between rotors’ sites and AFCL change sites.
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(2005), reported the HDF regions are localised on other non-PV

regions of the LA and Suenari et al. (2011), reported that the

highest DF were primarily located inside the PVs ostia.

Conversely, our results showed that HDF dense regions

seemed to have the highest incidence at the septum followed

by the floor, anterior wall, and posterior wall of the LA and floor,

respectively.

On the other hand, using non-contact mapping during

human AF, Yamabe et al. (2016), reported that the rotor

activation sites tend to be observed around the roof, septum

and left superior PVs. Using a basket catheter, Swarup et al.,

reported that stable rotors and focal sources lay in multiple

locations across LA remote from the PV. The posterior wall was

the most visited region followed by the roof, anterior wall, near

left PVs, along with the near right side of the PVs. Our results

show that rotors were observed with the highest incidence within

the septum, followed by the floor, anterior wall, and the posterior

wall of the LA, respectively.

Using 3D human AF models, Hwang et al. (2016), reported

that the HDF regions were well-correlated with the rotor sites

and ablating such HDF sites resulted in slow atrial tachycardia.

Our results also suggest a hidden interaction between the rotors

and HDF regions. We observed that the HDF regions and the

sites of the rotors appear to have a relationship with the LA’s

most visited anatomical regions for both pre and post-ablation of

HDF regions, with the septum being the most visited region,

followed by the floor anterior site, posterior site and roof. This

interesting correlation could suggest a relationship between both

tracked phenomena. The key questions remain: are these active

drivers of fibrillation or just simply a passive phenomenon? And

is this phenomenon a consequence of the other? Therefore,

which is more likely to be the main driver of the overall

arrhythmia? The answers remain ambiguous and require

further investigation.

Ablation response of targeting high
dominant frequency regions

In the present study, ablating the HDF regions prior to

PVI coincided with the termination of AF in 4 out of the

10 patients with one patient converting to SR and three

patients converting to atrial flutter. In the other six AF

patients, the arrhythmia did not terminate even after PVI.

Interestingly, for the terminated AF patients, the ablation

resulted in a reduction in DF gradient throughout LA. This

result is consistent with the findings that suggest targeting

the HDF reduces the DF of AF electrograms (Lemola et al.,

2006; Takahashi et al., 2006; Tuan et al., 2011) and is

associated with an improvement in the ablation outcome

(Yoshida et al., 2010). The reduction in DF could be

explained as a result of decrease in overall atrial activation

rates (Yoshida et al., 2010).

Interestingly, our study also found that OIs were significantly

higher when compared between terminated vs. non-terminated

AF patients. This finding agrees with previous studies that

reported that an increase in OI prior to ablation can predict

sites of AF termination (Tuan et al., 2010).

The difference in RI values were also statistically significant

among the patient groups prior to ablation. Kalifa et al. (2006)

reported that the highest RI regions coincide with the region of

HDF region and vice versa. Lin et al. (2016) implied that higher

RI values means that the propagation of the waves rotates around

the rotor. For all patients, our results showed that the average RI

values were higher than 0.4 prior to ablation, and significantly

reduced to 0.2 post-ablation. This reduction could be due to the

shape of the impinging wavefront at the boundaries of the HDF

regions. Our finding agrees with studies stating that DF sites

selected by an RI threshold higher than 0.2 are potential

candidates for ablation (Traykov et al., 2012).

Rotors response during catheter ablation
for PersAF targeting high dominant
frequency regions

Literature reveals contradictory results regarding identifying

rotor sites during AF mapping using a non-contacting cardiac

mapping system. Yamabe et al. (2016), rotor sites were present in

only one patient out of the 15 PersAF patients enrolled.

According to them, rotors may not be the primary source of

perpetuating AF. Lee et al., 2015 have failed to detect rotors or

any sustained focal sources in 15 PersAF patients. Contrastingly,

in this study using NC-AEG, rotors were observed in all of the

10 recruited patients. Thus, our results are consistent with the

findings of (Kanemaru et al., 2016; Kaneko et al., 2019). Many

studies have demonstrated the importance of rotor parameters,

for instance, rotor life-span, rotor conduction velocity and rotor

core displacement (or “rotor meandering”) to reflect the

spatiotemporal stability of rotors during AF mapping (Hwang

et al., 2016; Lim et al., 2017). Lim et al. (2017) reported that in

Virtual ablation, using a homogeneous monolayer computer

model targeting a high DF area, the successful rate of AF

terminations was depended on rotors parameters, where AF

easily terminated spontaneously with a lower number of

rotors prior to ablation and rotors with a shorter rotors life-

span and a certain conduction velocity of ≥0.5 m/s. Nonetheless,

our results confirm that rotor sites detected in terminated

patients had specific characteristics. It was observed that they

have a long-lasting life-span and high core velocity, and they

were less meandering compared to sites detected in non-

terminated patients. Thereby, rotor sites play an important

role in driving or maintaining the AF with PersAF patients.

The change in rotor parameters could be explained as a result of

the fibrillation complexity in PersAF patients that is related to an

increase of spontaneous cell activation in cardiac tissue and atrial
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heterogeneity. This might be a consequence of multiple factors,

such as ion channel expressions and higher degrees of fibrosis in

cardiac tissues (Ashihara et al., 2012; Pandit and Jalife, 2013;

Climent et al., 2015). These phenomena affect the rotor

formation characteristics of the rotors’ parameters. Thus,

further studies are necessary to understand the effect of

different phenomena, such as ionic basis and fibrosis, on

rotors’ dynamics behaviour.

Relationship between the rotors’ sites and
the AF cycle prolongation sites

To improve the outcomes of catheter ablation and increase

the predictability of the long-term freedom of PersAF, many

studies have investigated the correlation between AF drivers’

sites and the site where the AFCL prolongation has occurred at

which the AF terminate (Haïssaguerre et al., 2004; Kochhäuser

et al., 2017). Honarbakhsh et al. (2018b), used a CARTO

Finder mapping system with basket catheter targeting

rotational or focal activity drivers for PersAF patients and

reported a strong correlation between rotational or focal

drivers and fastest AFCL. However, our study has shown

that when using NC-AEG during HDF-guided ablation for

ten PersAF patients, the rotors’ sites demonstrated poor

simultaneous spatial overlapping of the location of the

rotors and the sites of AFCL changes that lead to AF

termination. This discrepancy could be explained because

the spatial distribution of the PersAF drivers across the LA

may vary according to individual characteristics and

arrhythmia durations.

Limitations of the study

This study was conducted with a relatively small sample size

(N = 10). As our main aim was to investigate the spatial

distributions of the HDF regions and rotor sites using high-

density NC-AEG in PersAF, all NC-AEG analysis was restricted

to the LA, and the right atrium was not studied here. Also, all

analyses were performed retrospectively.

Despite the obvious advantage of providing AEG for the

entire chamber via non-contact mapping, there are some

limits. Virtual unipolar electrograms created using non-

contact electrical mapping were reported to be vulnerable

to inaccuracies during the AF recordings. These might be the

result of: 1) potential errors in the inverse problem solution

(Nakagawa et al., 2019); 2) inaccurate reconstruction of

endocardial geometry of LA (Earley et al., 2006); 3) the

assumption of electrical isotropic properties of the blood

in the cardiac chambers (Meng et al., 2022); and 4) aliasing

due to the limited spatial sampling (Zhao et al., 2013). These

constraints may also have an influence on defining NC-AEG

properties, such as DF and PSs, when compared to contact

AEG during AF recordings.

Conclusion

The complex dynamics of high-frequency regions

characterised by HDF were poorly spatially correlated with

rotors’ sites. However, the HDF regions and rotors do visit

the same anatomical regions of LA, with the septum being the

most visited region followed by the floor, anterior site, posterior

site and roof, respectively. Thus, this finding supports the theory

that the AF is initiated and maintained by multiple mechanisms

across LA. Our results have demonstrated the consistency of

using NC-AEG to investigate the re-entrant activity across the

LA for PersAF patients. Nevertheless, we discovered that HDF-

guided ablation does affect the characteristics of the rotors’ sites

in those patients where AF was terminated. Remarkably, rotors

associated with AF terminations were distinct with particular

parameters; they had a long-lasting life-span, high core velocity,

and were less meandering across LA compared to sites detected

in non-terminated patients. Thus not all rotors’ sites are

promising targets for PersAF ablation. Using NC-AEG, the

sites of the rotors demonstrated poor (simultaneous) spatial

overlapping with the sites of AFCL changes that lead to AF

termination. This suggests that if there is an interaction between

these two PersAF attributes, the dynamics of such interaction is

more complex than a simple simultaneous spatial correlation.
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Background and Objective: Renewal theory is a statistical approach to model

the formation and destruction of phase singularities (PS), which occur at the

pivots of spiral waves. A common issue arising during observation of renewal

processes is an inspection paradox, due to oversampling of longer events. The

objective of this study was to characterise the effect of a potential inspection

paradox on the perception of PS lifetimes in cardiac fibrillation.

Methods: A multisystem, multi-modality study was performed, examining

computational simulations (Aliev-Panfilov (APV) model, Courtmanche-Nattel

model), experimentally acquired optical mapping Atrial and Ventricular

Fibrillation (AF/VF) data, and clinically acquired human AF and VF.

Distributions of all PS lifetimes across full epochs of AF, VF, or

computational simulations, were compared with distributions formed from

lifetimes of PS existing at 10,000 simulated commencement timepoints.

Results: In all systems, an inspection paradox led towards oversampling of PS

with longer lifetimes. In APV computational simulations there was a mean PS

lifetime shift of +84.9% (95% CI, ± 0.3%) (p < 0.001 for observed vs overall), in

Courtmanche-Nattel simulations of AF +692.9% (95% CI, ±57.7%) (p < 0.001), in

optically mapped rat AF +374.6% (95% CI, ± 88.5%) (p = 0.052), in human AF

mapped with basket catheters +129.2% (95% CI, ±4.1%) (p < 0.05), human AF-

HD grid catheters 150.8% (95%CI, ± 9.0%) (p < 0.001), in opticallymapped rat VF
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+171.3% (95% CI, ±15.6%) (p < 0.001), in human epicardial VF 153.5% (95%

CI, ±15.7%) (p < 0.001).

Conclusion: Visual inspection of phase movies has the potential to

systematically oversample longer lasting PS, due to an inspection paradox.

An inspection paradox is minimised by consideration of the overall distribution

of PS lifetimes.

KEYWORDS

ventricular fibrillation, atrial fibrilation, renewal theory, inspection paradox, cardiac
fibrillation, phase singularity

Introduction

The repetitive creation and annihilation of spiral vortices is a

pattern observed in spatiotemporally turbulent nonequilibrium

systems throughout nature (Lechleiter et al., 1991; Cross and

Hohenberg, 1993; Ouyang and Flesselles, 1996; Cross and

Greenside, 2009; Tan et al., 2020). In physical (Morris et al.,

1993; Ouyang and Flesselles, 1996; Egolf et al., 2000), chemical

(Beta et al., 2006; Qiao et al., 2009), and biological systems

(Lechleiter et al., 1991; Tan et al., 2020), this motif, variously

known as defect-mediated turbulence (Coullet et al., 1989;

Ouyang and Flesselles, 1996) or spiral defect chaos (Morris

et al., 1993; Egolf et al., 2000), is characterised by the

repetitive creation and annihilation of topological defects

called phase singularities (PS), which are located at the pivot

of spiral waves (Winfree, 1980; Winfree, 1987).

A surprising finding is that the population dynamics of PS in

these diverse systems appear to be governed by common

statistical laws (Davidsen et al., 2008; Tan et al., 2020).

Specifically, theoretical studies have predicted that due to the

effective statistically independent nature of spiral nucleation and

annihilation processes under conditions of spatiotemporal

turbulence, PS populations should follow Poisson distributions

(Gil et al., 1990; Wang, 2004), with the corollary being that PS

lifetimes should be exponentially distributed (Tan et al., 2020;

Quah et al., 2021). These statistical properties have empirically

been subsequently demonstrated to apply to spiral vortex

regeneration in fluid mechanics (Ecke and Hu, 1997; Egolf

et al., 2000), chemical reactions (Beta et al., 2006), quantum

fluids (Abo-Shaeer et al., 2002; Tan et al., 2020), as well as

biologically in the brain (Huang et al., 2010) and cell membranes

of living cells (Tan et al., 2020).

There are strong reasons to suggest that a similar process of

regeneration of spiral vortices sustains fibrillation in the heart

(Christoph et al., 2018). Unstable re-entrant circuits, are at

present considered most likely to arise from spiral vortices,

(Comtois et al., 2005) which has been observed in cardiac

fibrillation for over a century (Comtois et al., 2005).

Exponential distributions of PS lifetimes are observed in pre-

clinical mapping data in both atrial (Chen et al., 2000a; Kuklik

et al., 2016; Child et al., 2018) and ventricular fibrillation (Rogers

et al., 1999; Chen et al., 2000b; Rogers, 2004; Kay and Rogers,

2006; Christoph et al., 2018) (AF/VF), computer simulations of

AF and VF and in humans mapped with extracellular

electrograms and optical mapping (Chen et al., 2000a; Chen

et al., 2000b; Rogers, 2004; Kuklik et al., 2016; Child et al., 2018;

Christoph et al., 2018; Schlemmer et al., 2018). Importantly, this

principle has been shown to apply to both short-lasting PS and

more sustained PS associated with rotors (Rogers et al., 1999; Kay

et al., 2006; Dharmaprani et al., 2019b). Collectively, these results

suggest, the statistical properties of PS in cardiac fibrillation are

similar to those observed to other forms of defect-mediated

turbulence in nature.

We have recently investigated spiral vortex regeneration

population dynamics in AF and VF (Dharmaprani et al.,

2019b; Dharmaprani et al., 2021; Dharmaprani et al., 2022).

These studies have shown in cardiac fibrillation, similar to other

natural systems, PS inter-formation times and lifetimes fit with

an exponential distribution, consistent with the notion that PS

creation and annihilation may be characterised as renewal

processes (Dharmaprani et al., 2019b; Dharmaprani et al.,

2021; Quah et al., 2021). By combining the renewal rate

constants for PS formation (λf—pronounced ‘lambda-f’) and

destruction (λd), we have shown that it is possible to explain the

Poisson distribution of PS that is observed in both AF and VF

(Dharmaprani et al., 2019b; Dharmaprani et al., 2021; Quah et al.,

2021) (Jenkins et al., 2022).

The finding that PS formation and destruction may be

characterised as renewal processes has important implications

in the experimental evaluation of cardiac fibrillation. In this

study, we consider the potential for an inspection paradox. The

inspection paradox is a common issue observed with renewal

processes (Angus, 1997; Ross, 2014). Inspection paradoxes occur

in scenarios when a renewal process is randomly observed in

time, giving rise for the tendency to observe an interval larger

than that of an average interval (Ross, 2014). To be specific about

what this would mean in AF or VF, this would give the tendency

for recordings to commence during longer periods of re-entry,

giving the potential to perceive that observed PS lifetimes are

longer than the actual average PS lifetime (Angus, 1997; Ross,

2014). The inspection paradox could have the potential to

influence the interpretation of mechanistic and clinical studies
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of cardiac fibrillation, by inadvertently emphasising the relative

temporal significance of more sustained re-entrant circuits

during the early stages of cardiac fibrillation recordings. This

may be relevant, by contributing to the cognitive perception of

temporal stability of re-entry.

In the following study, we sought to quantify the potential

effect of an inspection paradox on the perception of PS lifetimes

through sampling of the lifetimes at possible commencement

points for fibrillation recordings. This involved comparing the

statistical properties of PS lifetimes sampled across full epochs,

with PS lifetimes present during potential commencement

timepoints, and was performed across a wide range of

experimental and clinical datasets, including computational

simulations, animal, and human AF and VF.

FIGURE 1
(A) An example of a simple renewal process in which event lasts for a period of time, before a new occurs. (B) An example of a PS renewal
process, where at any given time either one event could be ongoing, multiple events can occur simultaneously or no events could be active. Each
event is sampled equally and individually. (C) The probability distribution of event lifetimes for a simulated sequence of event lifetimes (PS), consistent
with other renewal processes and our previous work. The mean PS lifetime is 112 ms. (D) An example where PS lifetimes are sampled according
to themoment of observation, rather than properly examining the full distribution of lifetimes around it. Due to an inspection paradox, it ismore likely
for longer lasting events to be observed rather than short lasting ones. (E) To demonstrate how an inspection paradox can lead to a bias in favor of
longer lasting events, 10,000 randomly chosen commencement timepoints where chosen, with the lifetimes of PS occurring at those timepoints
sampled. The probability distribution demonstrates suggests that longer lasting events had a higher probability of occurring, compared with the
overall distribution This is reflected in the mean lifetime of this distribution being 222 ms.
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Materials and methods

The potential influence of an inspection paradox is illustrated

and examined in two parts. In Part 1–Theory, we demonstrate

the effects of an inspection paradox on a simulated renewal

process, to demonstrate to readers the operation of an inspection

paradox. In Part 2, we simulate the effect of observations around

randomly chosen commencement timepoints on PS lifetime

distributions in a range of cardiac fibrillation data.

Part 1–theory

To illustrate how an inspection paradox works, we present

data from a simple simulated renewal process generated as

follows. Using MATLAB, two exponential probability

distributions were generated, each defined by a rate constant,

λf/ λd. Random draws from the probability distribution defined

by λf were used to simulate inter-formation timings of

theoretical events (theoretically identical to PS). Random

draws from the distribution defined by λd were used to define

event destruction timings. These timings were used to create a

data table of event formation and destruction times, as a

continuous sequence of events forming and being destroyed.

To demonstrate the effect of observation of events around

a commencement point, a random time-point in the data-

table between 0% and 90% of the final event formation time

was selected. The lifetimes of events existing at the randomly

chosen timepoint in the data selected were examined,

Figures 1A,C.

To demonstrate the potential for a distorting influence, this

was repeated many times to create a data set of sampled lifetimes,

of events existing at the commencement timepoint. This was

performed 10,000 times, to ensure that the distribution of

sampled (observed) lifetimes could have a distinct shape. The

justification for a 10,000-fold repetition was that a large sampling

would ensure characterisation of the shape of the potential

distribution developed by the inspection paradox.

In this example, the full distribution of lifetimes of all events

is presented in Figure 1B, showing the exponential distribution of

lifetimes, with a mean event lifetime of 112 ms. This

distributional shape was in keeping with those we have

previously identified with renewal processes (Dharmaprani

et al., 2019b; Dharmaprani et al., 2021; Dharmaprani et al.,

2022; Jenkins et al., 2022). Figure 1D presents the distribution

of observed lifetimes, all sampled events, including potential

repetitions of events. It can be seen that the mean lifetime in

the observed distribution is shifted to the right, with a mean of

222 ms (+99% shift). This demonstrates the disproportionate

likelihood of observing longer lifetime events, relative to the true

distribution of lifetimes, when examined across a full epoch.

TheMATLAB code used to perform this example is provided

in the Supplementary Material S1.

Part 2–the effect of an inspection paradox
in atrial and ventricular fibrillation

To examine the impact of an inspection paradox on the

observed lifetimes of PS, we examined PS lifetimes. A multi-

system, multi-modality study was performed in order to examine

the potential influence of an inspection paradox in cardiac,

independent of the mapping modality utilized. We first

examined it in computational models (a model of spiral-defect

turbulence; Aliev-Panfilov (APV) model, followed by more

detailed models of AF in 2D and 3D) and then subsequently

evaluated them in a range of experimentally and clinically

acquired AF and VF data.

An overview of the computational models, fibrillation data

used, and analytical approach is provided in Figure 2.

Computational models
Aliev-Panfilov model

A simulation of fibrillation-like spiral-defect chaos was

generated using the APV model (Aliev and Panfilov, 1996). In

this a spiral wave was generated on an map with an

inhomogeneous surface, leading to break up and additional

spiral waves and free wavelets. A 200 × 200-pixel simulation

was computed. Ten simulations were developed using identical

model parameters, but with different patterns of randomly

distributed inhomogeneities, μ1 . A full description of the

model details are provided in Supplementary Material S2.

Atrial fibrillation models

Computational models of AF were also used to examine the

influence of an inspection paradox. The computational models of

AF were based on the Courtemanche-Ramirez-Nattel cell model

(Courtemanche et al., 1998; Kneller et al., 2002; Aguilar et al.,

2017) These models were developed as described during a

previously published study (Dharmaprani et al., 2021) The full

details of these models are further detailed in Supplementary

Material S3.

Animal models of fibrillation
Optical mapping was performed as previously described in

rat AF and VF models (Aguilar et al., 2015; Xiong et al., 2015;

Nattel et al., 2017; Dharmaprani et al., 2019b).

For AF, the heart was excised and perfused with Krebs

solution at 30 ml/min and 37°C for 30 min. Following

electrical/mechanical decoupling with blebbistatin (15 μmol/L),

the heart was loaded with di-4-ANEPPS (Biotium, Inc, Hayward,

CA). RA free wall fluorescence was recorded at 1 kHz, using a

charge coupled device (CardioCCD, RedShirtImaging, LLC,

Decatur, Georgia). Recording duration was 1 s for n = 3 cases.

In VF, rat hearts were retrogradely perfused with oxygenated

Tyrodes solution (37°C, perfusion pressure 60 mmHg).

Recording duration was 2 s for n = 10 cases (Ilkan et al.,

2018; Dharmaprani et al., 2019b; Strauss et al., 2019).
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FIGURE 2
(A) The experimentally acquired data, clinically acquired data, and computational simulations utilized in this study. (B) Shows presents an
example of PS detected and tracked on a phase map. (C) Demonstrates the distribution of PS lifetimes when all PS are properly sampled from an
epoch of fibrillation. (D) Demonstrates the distribution of PS lifetimes when only PS present at a randomly chosen timepoint (such as the
commencement of a recording) are observed.
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Human fibrillation mapping
The study also included data from human AF and VF.

Human AF data was mapped from previously analysed basket

catheter and HD-grid recordings prior to AF ablation

(Dharmaprani et al., 2019a; Dharmaprani et al., 2019b;

Dharmaprani et al., 2021; Schopp et al., 2021) For the basket

data, 64-electrode basket catheters were used [Constellation,

Boston Scientific, 48 mm (4 mm spacing), 60 mm (5 mm

spacing)]. Unipolar electrogram recordings were obtained

from patient recordings [0.5–500 Hz, 2000 Hz sampling

frequency]. For basket catheter recordings, n = 11 patients for

the basket catheters (mean duration = 56.54 s, 95% CI = 1.74 s),

and for HD-grid recordings n = 10 patients. Ethics approval was

obtained (IRB approval number 110634). For HD-grid data, a 16-

pole Advisor™-HD grid catheter (3 mm electrodes, 3 mm

equidistant spacing) was used to obtain 1-min recordings

from the left inferior pulmonary vein.

The human VF data utilised in this study was acquired as

previously described (Nash et al., 2006) In brief, this data was

obtained from patients undergoing cardiac surgery. A 256-

electrode epicardial sock was placed around the ventricle, and

VF was induced by electrical stimulation after cross-clamping the

aorta. 2.5-min unipolar electrogram signals were recorded

[1000Hz sampling frequency] with a UneMap recording

system. Ethics approval was obtained (IRB approval number

REC 01/0130).

Signal processing and phase singularity
detection

Signal pre-processing was performed as in previous studies

(Nash et al., 2006; Dharmaprani et al., 2019b; Dharmaprani et al.,

2021). For human AF recordings, the unipolar electrograms and

surface electrograms were exported from NavX. QRS subtraction

was performed, followed by 4th order 1–30 Hz bandpass

Butterworth filtering, 8th order 10 Hz lowpass Butterworth

filtering, and sinusoidal recompositioning (Kuklik et al., 2014;

Dharmaprani et al., 2021). For human VF unipolar epicardial

signals from the 256 electrode epicardial sock were mapped onto

a 2D grid, with the instantaneous phase calculated using the

Hilbert Transform (Nash et al., 2006). Instantaneous phase was

calculated by applying the Hilbert transform to sinusoidally

reconstructed signals (Dharmaprani et al., 2021; Dharmaprani

et al., 2022). PS tracking was performed as previously described,

utilizing an algorithm to compare the locations of PS in order to

create a continuous data-table of when a new PS occurs and when

it has been destroyed (Dharmaprani et al., 2019b; Dharmaprani

et al., 2021; Dharmaprani et al., 2022). This data-table was used to

construct a distribution of PS lifetimes. This distribution was fit

to an exponential distribution using maximum likelihood as

previously described (Dharmaprani et al., 2021; Dharmaprani

et al., 2022). Signal processing and PS detection techniques are

further described in Supplementary Material S4 and S5

Simulating observation/recording at random
times

To model the effect of observing an inspection paradox,

10,000 randomly selected commencement timepoints were

selected across full recordings of fibrillation. These timepoints

represent an instance of observation and demonstrate the

potential impact of short-term observations around these

points. The start times and end times of all PS active at the

selected timepoints were used to create a list of lifetimes. The

means of the overall PS lifetimes and the 10,000 samples were

compared.

Statistical analysis
Distributional fitting was performed using maximum

likelihood estimation. Distributional parameters were

compared with a paired sample t-test, with significance α-
value set at p = 0.05. An important consideration in the

computational simulations is that of p-values, due to the fact

that these can be replicated many times (Liberos et al., 2017). In

the interests of interpretability to a wider scientific audience, we

have presented findings with p-values and specified the number

of replicates.

Sensitivity analysis
A sensitivity analysis was performed in order to confirm that

the different statistics between the observed vs. overall PS lifetime

distributions were due to an inspection paradox. To address this

several approaches were taken, including 1) adjustment of grid

sizes in the simulated data to confirm that the size of the observed

field of view did not induce an inspection paradox, 2) use of a 3D

model of fibrillation to confirm that it is not a feature of 2D

mapping techniques.

For the n = 10 simulations generated using the Aliev-Panfilov

computational simulations, the grid size was varied. The grid size

was varied from 50 × 50 pixels to 200 × 200 pixels. This was

performed through constraining the 200 × 200 grid, to 150 ×

150 pixels, 100 × 100 pixels, 80 × 80 pixels, 50 × 50 pixels, 30 ×

30 pixels, and 20 × 20 pixels.

A 3D computational simulation of AF using the

Courtmanche-Ramirez-Nattel model was also examined

(Courtemanche et al., 1998). The model was constructed

from cardiac MRI data of an AF patient. This model was

generated during a previously published study (Roney et al.,

2020).

Results

We examined the potential for an inspection paradox in seven

model systems: 1) two computational models; 2) two experimental

models of AF and VF examined with optical mapping; and 3) three

mapping modalities for human AF and VF data.
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Computational simulations

We first show the effect of an inspection paradox in the APV

model, Figures 3A–E. In Figures 3A–D, an example case is

presented with an observed mean PS lifetime increase of

+59.8 ms and overall lifetime shift of +115.3%. For n =

10 cases, the mean increase in PS lifetimes +19.7 ms (95%

CI, ± 0.1 ms) and an overall mean lifetime shift of +84.9%

(95% CI, ± 0.3%) (p < 0.001 for observed vs. overall).

The effect of an inspection paradox is next shown in 2D AF

simulations are shown in Figures 3F–J. In Figures 3F–I, an

example case is presented with an increase in mean PS

lifetime of +49.8 ms and an overall lifetime shift of +628.6%.

For n = 4 cases, there was an increase in mean PS lifetimes of

+45.9 ms (95% CI, ± 1.9 ms) and a mean PS lifetime shift of

+692.9% (95% CI, ± 57.7%) (p < 0.001 for observed vs. overall).

Atrial fibrillation

To examine the potential influence of an inspection paradox

in experimentally acquired AF, we first examined optically

mapped AF in rat models. A representative case is presented

in Figures 4A–D, with a PS lifetime increase of +120.5 ms and a

PS lifetime shift of +303.5%. For n = 3 cases, the mean increase in

observed PS lifetimes was +122.6 ms (95% CI, ± 27.5 ms) and a

mean PS lifetime shift was +374.6 (95% CI, ± 88.5%) (p =

0.052 for observed vs. overall).

The potential effect of an inspection paradox was next

examined in human AF. For basket catheter recordings, a

representative example case is shown in Figures 4F–I, with an

observed PS lifetime increase of +86.6 ms and a PS lifetime

shift of +126.0%. For n = 10 cases, the mean increase in PS

lifetimes was 82.6 ms (95% CI, ± 7.1 ms) and a mean PS

lifetimes shift of 135.3% (95% CI, ± 5.0%) (p < 0.04 for

observed vs. overall).

Human AF recorded using HD Grid Catheters was also

examined. From a sample of n = 10, a representative example

is presented in Figure 4K–N, with an increase in mean

observed PS lifetimes of +68.4 ms and an overall PS

lifetime shift of +135.2%. For n = 10 cases, the mean

increase in PS lifetimes was +64.3 ms (95% CI, ± 5.8 ms)

and a mean PS lifetime shift of +150.8% (95% CI, ± 9.0%) (p <
0.001 for observed vs. overall).

FIGURE 3
(A–D) Presents an example case of an APV simulation. (B,G) presents the overall distribution of PS lifetimes across a full epoch of their respective
model systems. (C,H)Demonstrate the distribution of observed PS sampled at the 10,000 commencement timepoints. (D,I) Presents the cumulative
distribution functions (CDF) of the overall and observed PS lifetimes. (E) shows the boxplot of mean lifetime shifts across n = 10 APV cases, with an
increase in themean PS lifetime of +19.7 ms (95%CI, ± 0.1 ms) and an overall lifetime shift of +84.9% (95%CI, ± 0.3%). (p < 0.001 for observed vs.
overall). (F–I) presents an example case of a 2D computational model of fibrillation. (J) For n = 4 cases, there was an increase in mean PS lifetimes of
+45.5 (95% CI, ± 1.9 ms) and an overall lifetime shift of +692.9% (95% CI, ± 57.7%). (p < 0.001 for observed vs. overall).
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In basket catheter, HD-grid catheter, and optical

recordings of AF, the probability distributions of observed

PS lifetimes were shifted towards a higher probability of

longer lifetimes.

Ventricular fibrillation

We next examined the influence of an inspection paradox in

VF data. Optically mapped VF from rat models were first used,

with an example case in Figures 5A–D. This example

demonstrated a mean PS lifetime increase of +36.8 ms and an

overall lifetime shift of +133.7% Across n = 10 cases, there was an

increase in the mean PS lifetime of +40.0 ms (95% CI, ± 5.1 ms)

and an overall shift in the mean PS lifetime shift of +171.3% (95%

CI, ± 15.6%) (p < 0.001 for observed vs. overall).

We next evaluated the potential effect of an inspection

paradox in human VF. A representative example is shown in

Figures 5F–I, from patients with human VF, As summary box

plot is shown in Figure 5D showing the range of mean PS lifetime

FIGURE 4
The influence of an inspection paradox on AF data. (A–D) Presents an example case of optically mapped rat AF, (F–I) presents an example case
of basket catheter recorded human AF, (K–N) Presents an example case of HD grid recorded human AF. (B,G,L) Presents the overall distribution of PS
lifetimes across full epochs of AF. (C,H,M) Demonstrates the distribution of observed PS sampled at the 10,000 commencement timepoints. (D,I,M)
Presents the cumulative distribution functions (CDF) of the overall and observed PS lifetimes. (E) In n = 3 cases of optical mapping, the increase
inmean PS lifetime was 122.6 ms (95% CI, ± 27.5 ms) and the overall mean PS lifetime shift was +374.6% (95%CI, ± 88.5%) (p= 0.052 for observed vs.
overall). (J) In n = 10 cases, the increase inmean PS lifetimewas 78.8 ms (95%CI, ± 9.2 ms) and the overall mean lifetime shift of PSwas +129.2% (95%
CI, ± 4.1%) (p=0.04 for observed vs. overall). (O) In n = 10 cases, the increase inmean PS lifetimewas 64.3ms (95%CI, ± 5.8 ms) and the overall mean
PS lifetime shift was +150.8 (95% CI, ± 9.0%) (p < 0.001 for observed vs. overall).
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shifts. In n = 8 cases examined, the increase inmean lifetime of PS

was +159.5 ms (95% CI, ± 15.2 ms) and an overall shift in the

mean lifetimes of PS +153.5% (95% CI, ± 15.7%) (p < 0.001 for

observed vs. overall).

Overall, in both epicardial electrogram recordings of human

VF and optically mapped rat VF, the probability distributions of

observed PS lifetimes were shifted towards a higher probability of

longer lifetimes.

Sensitivity analysis

As part of a sensitivity analysis, a 3D computational

simulation of fibrillation in a detailed geometry was also

examined. In this simulation, an inspection paradox could

result in an increase in observed PS lifetimes of +791.7 ms

and a mean lifetime shift of +691.7%.

An additional sensitivity analysis was performed examining

whether the size of the system influenced the computational

simulations. At different grid sizes, an inspection paradox led to

increases in the mean lifetime observed. At 20 × 20 pixels a

relative lifetime increase of +114.8% (+17.2 ms), at 30 × 30 pixels

a relative increase of +105.2% (+18.0 ms), at 50 × 50 pixels a

relative increase of +94.1% (+18.4 ms), at 80 × 80 pixels a relative

increase of +87.9% (+18.6 ms), at 100 × 100 pixels a relative

increase of +87.1% (+18.9 ms), at 150 × 150 = pixels a relative

increase of +85.5% (+19.3 ms), at 200 × 200 pixels a relative

increase of +84.9% (+19.7 ms).

Discussion

Spiral vortex regeneration is a feature of many

spatiotemporally turbulent systems in nature. The statistical

properties of topological defects known as phase singularities

(PS), located at the pivot of spiral wave vortices, appear to be

common, despite differences in underlying generating processes.

Specifically, the populations of PS have been shown to adopt

FIGURE 5
The Influence of an inspection paradox on VF data. (A–D) Show an example case of optically mapped rat VF, and (F–I) shows an example case of
human VF recording through a 256 electrode epicardial sock. (B,G) Show the overall distribution of PS lifetimes across full epochs of VF. (C,H) Show
the distribution of PS lifetimes observed across the 10,000 samples. (D,I) Presents the cumulative distribution functions (CDF) of the overall and
observed PS lifetimes. (E) In optically mapped rat VF, there was an increase in themean PS lifetime of +40.0 ms (95% CI, ±5.1 ms) and an overall
mean lifetime shift of +171.3% (95% CI, ± 15.6%) (p < 0.001 for observed vs. overall). (J) In human VF, in n = 8 cases, there was an increase in the mean
PS lifetime of +159.5 ms (95% CI, ±15.2 ms) and an overall mean lifetime shift of +153.5% (95% CI, ± 15.7%) (p < 0.001 for observed vs. overall).
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Poisson-type distributions, (Gil et al., 1990; Wang, 2004) and the

lifetimes of PS appear to be exponentially distributed (Tan et al.,

2020). These statistical properties are important because they are

consistent with a notion of effective statistical independence of

creation and annihilation events.

It appears that cardiac fibrillation may share these

statistical properties. A substantial body of evidence from

multiple laboratories using multiple mapping approaches in

AF and VF suggests that lifetimes of spiral vortices in AF and

VF (and the more sustained spirals lasting more than one

rotation) also adopt exponential-type distributions (Chen

et al., 2000a; Chen et al., 2000b; Kay et al., 2006; Kuklik

et al., 2016; Child et al., 2018; Christoph et al., 2018). We

recently confirmed these data, with these studies of AF and VF

suggesting the population dynamics of spirals in cardiac

fibrillation analogous to spiral vortex regeneration in

physical, chemical and biological systems in nature

(Dharmaprani et al., 2019b; Dharmaprani et al., 2021;

Dharmaprani et al., 2022).

Cardiac fibrillation is characterised by continuous

regeneration of spiral waves (Dharmaprani et al., 2019b).

Recently, we have shown that PS and wavelet regeneration

can be modelled as renewal processes (Dharmaprani et al.,

2019b; Dharmaprani et al., 2021). In a renewal process,

individual events are effectively statistically independent,

and over time may converge to a constant hazard rate

(Ross, 2014). We have shown that the formation and

destruction of PS and wavelets may adopt this property in

human, experimental and simulated cardiac fibrillation

(Dharmaprani et al., 2019b; Dharmaprani et al., 2021). The

renewal theory approach has a number of key strengths: 1) It

provides simple probabilistic models to analysing clinical and

experimental arrhythmias; (Qu, 2022) 2) It connects

fibrillatory dynamics to other spatiotemporally turbulent

natural systems characterised by regeneration of spiral

vortices—providing useful principles that may assist

understanding challenging problems in AF and VF, such as

the difficulty in reliable identification of driving rotors, and

the origin of the critical mass hypothesis (Zipes et al., 1975;

Kim et al., 1997; Vidmar and Rappel, 2019).

In this study, we sought to evaluate the impact of the renewal

process on PS lifetime observation. We hypothesised that if PS

lifetimes are modelled as renewal processes, there was a

possibility that PS occurring around the commencement of a

recording would have disproportionately longer lifetimes than

the true mean PS lifetime, due to an inspection paradox. In

periods of short observation, such as short recordings during

optical mapping studies, there would a relative increase in the

probability of oversampling prolonged PS lifetimes, in particular

at the initiation of a recording.

We illustrated that the inspection paradox could lead to a

relative emphasis on prolonged events in a theoretical

simulated renewal process. To date, the possibility of an

inspection paradox in recordings of cardiac fibrillation has

not to our knowledge previously been established in prior

published investigations. A strength of our study is the

comprehensive approach to validation and quantitation of

this effect in multiple settings. Specifically, we have shown that

an inspection paradox has the potential to occur in both AF

and VF, in simulated, and experimentally mapped AF and VF

in animal models and humans, and that it was independent of

the modality by which cardiac fibrillation is recorded. This

suggests that the possibility of inspection paradoxes is a

general property of fibrillatory dynamics that should be

considered in both mechanistic and clinical studies of AF

and VF.

The potential influence of an inspection paradox is

particularly noticeable in systems which have not undergone

long periods of recording, such as the optical mapping datasets

utilized here. The distributions of observed lifetimes lack the

distinctive shape present in systems with longer recordings (such

as the basket catheter, HD-grid catheter, epicardial VF sock, and

computational simulations utilized in this study), while still

demonstrating that longer lifetime events are more probably

to occur, as shown by the greater mean lifetime for observed PS

lifetimes. This suggests that an inspection paradox can have a

more distorting influence on shorter datasets, with a preference

for long lifetime PS.

An inspection paradox is a potentially important

consideration in efforts to ablate re-entrant circuits as

potential “drivers” of AF, because purely visual inspection

of AF recordings would tend to fall during periods of relatively

sustained re-entry. It would therefore be important to

examine the overall temporal distribution of re-entrant

circuit lifetimes to avoid inadvertent over-sampling of

longer lasting PS by chance.

Relationship to spatiotemporal turbulence
in other natural systems

A fundamental property of nonequilibrium spatiotemporally

turbulent systems throughout nature is the presence of the

regeneration of spiral wave type vortices (Cross and Hohenberg,

1993; Cross andGreenside, 2009). This property of repetitive creation

and annihilation of spiral defects have been shown to have common

statistical laws, with an exponential distribution of defect lifetimes

and Poisson distribution of PS population (Tan et al., 2020; Jenkins

et al., 2022). These properties have been shown to apply in a variety of

physical (Morris et al., 1993; Ouyang and Flesselles, 1996; Egolf et al.,

2000), chemical (Beta et al., 2006; Qiao et al., 2009), and biological

systems (Lechleiter et al., 1991; Tan et al., 2020) characterised by the

repetitive creation and destruction spirals. These properties have

recently been shown to apply to the comparably spatiotemporally

turbulent biological process of cardiac fibrillation in the heart

(Dharmaprani et al., 2019b; Dharmaprani et al., 2021;
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Dharmaprani et al., 2022). The consistency of these statistical

properties is evident in the visual distributions of PS lifetimes in

cardiac fibrillation published by multiple laboratories around the

world (Chen et al., 2000a; Chen et al., 2000b; Kay et al., 2006; Kuklik

et al., 2016; Child et al., 2018; Christoph et al., 2018).

Given the consistency of these statistical laws across

spatiotemporally turbulent systems in nature, their validation

in the context of cardiac fibrillation is to be expected. Further, it

would strongly suggest that the distributions of PS defect

lifetimes observed in this study, and previous investigations of

cardiac fibrillation, have not occurred due to the method of

sampling or mapping, but are a fundamental and generic

property of the spatiotemporal turbulence as a natural

phenomenon. We have recently shown that the origin of these

statistical properties arises in the effective statistical

independence of consecutive formation and destruction events

(Jenkins et al., 2022).

The current manuscript deals the inspection paradox in the

context of cardiac fibrillation as an example of natural biological

spatiotemporal turbulence, However, given the common

statistical properties of topological defect dynamics in cardiac

fibrillation and other systems in nature, the issue of an inspection

paradox has the potential to have a broader occurrence in each of

these other systems.

How to avoid the inspection paradox

The purpose of the current manuscript is to highlight the

importance of considering the possibility of an inspection

paradox arising in recordings of AF and VF. The keys to

avoiding the inspection paradox are: 1) Focus on the overall

distribution of PS lifetimes as opposed to the most-sustained

PS lifetimes; 2) As far as possible use continuous recording

modalities (e.g., with dyes that are resistant to

photobleaching, or continuous electrogram recording), to

enable the full distribution of PS lengths to be fully

characterised. To understand the fibrillatory process, it

may require a focus on the lifetimes of all lengths of PS,

rather than consideration of only the longest re-entrant

episodes. We would suggest in publications that examine

PS lifetimes the overall PS lifetime distribution should be

published, ideally not just the longest lasting re-entry

episodes. If possible, renewal rate constants for the rate of

formation and destruction of re-entrant circuits should be

examined, as these metrics have the potential to be more

statistically stable than the lifetime of individual re-entrant

circuits (Dharmaprani et al., 2019b; Dharmaprani et al., 2021;

Dharmaprani et al., 2022).

Conclusion

The inspection paradox can be a potential source of

inadvertent error when observing AF or VF. Visual inspection

of phase movies has the potential to systematically oversample

prolonged longer-lasting PS, giving the impression of sustained

rotors. The effect of the inspection paradox is minimised by

careful consideration of the overall PS lifetime distribution over

prolonged windows in cardiac fibrillation recordings.
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Atrial fibrillation (AF) inducibility, sustainability and response to

pharmacological treatment of individual patients are expected to be

determined by their ionic current properties, especially in structurally-

healthy atria. Mechanisms underlying AF and optimal cardioversion are

however still unclear. In this study, in-silico drug trials were conducted

using a population of human structurally-healthy atria models to 1)

identify key ionic current properties determining AF inducibility,

maintenance and pharmacological cardioversion, and 2) compare the

prognostic value for predicting individual AF cardioversion of ionic

current properties and electrocardiogram (ECG) metrics. In the

population of structurally-healthy atria, 477 AF episodes were induced in

ionic current profiles with both steep action potential duration (APD)

restitution (eliciting APD alternans), and high excitability (enabling

propagation at fast rates that transformed alternans into discordant). High

excitability also favored 211 sustained AF episodes, so its decrease, through

prolonged refractoriness, explained pharmacological cardioversion. In-silico

trials over 200 AF episodes, 100 ionic profiles and 10 antiarrhythmic

compounds were consistent with previous clinical trials, and identified

optimal treatments for individual electrophysiological properties of the

atria. Algorithms trained on 211 simulated AF episodes exhibited >70%
accuracy in predictions of cardioversion for individual treatments using

either ionic current profiles or ECG metrics. In structurally-healthy atria,

AF inducibility and sustainability are enabled by discordant alternans, under

high excitability and steep restitution conditions. Successful

pharmacological cardioversion is predicted with 70% accuracy from either

ionic or ECG properties, and it is optimal for treatments maximizing

refractoriness (thus reducing excitability) for the given ionic current

profile of the atria.
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1 Introduction

In-silico trials with human modeling and simulation

represent an effective means for drug safety and efficacy

assessment (Passini et al., 2017; Musuamba et al., 2021;

Margara et al., 2022). Besides yielding accurate predictions of

pro-arrhythmic toxicity, superior to that obtained through

animal studies (Passini et al., 2017), they provide mechanistic

explanations to potential adverse events. Accordingly, in-silico

trials constitute a central paradigm for drug safety (Passini et al.,

2021), with unexploited capabilities for drug efficacy evaluation

at higher dimensional levels (i.e., whole-organ scale) (Margara

et al., 2022). The latter could support the introduction of human-

based multiscale modeling and simulation into precision

medicine, as shown by Roney et al., 2022 for the prediction of

atrial fibrillation (AF) recurrence after catheter ablation.

Similarly, in-silico trials offer the possibility of identifying key

modulators of successful pharmacological treatment, that could

guide tailored AF therapies.

Recent studies of AF pathophysiology have highlighted the

low incidence (i.e., 3% of cases) of AF in the absence of heart

disease (Wyse et al., 2014). Newly identified forms of heart

disease, however, coincide with the absence of atrial structural

abnormalities. Channelopathies (Wyse et al., 2014), genetic

variants (Ragab et al., 2020) metabolic disorders, imbalanced

autonomic nervous system (Hanna et al., 2021), endocrine

control (Aguilar et al., 2021) or the inflammatory response

(Scott et al., 2021), might increase AF susceptibility by

transiently altering the electrical substrate (Heijman, Linz and

Schotten, 2021). These dynamic substrates, as opposed to static

structural inhomogeneities, might underlie the high variability

observed across AF paroxysms. While patients presenting the

above-mentioned disorders cannot be categorized as healthy,

they might have structurally-healthy atria, in which AF

inducibility has proven to be common, especially in males

(Kumar et al., 2012).

In-vivo studies conducted in human subjects (Kim et al.,

2002; Narayan et al., 2008; Krummen et al., 2012) observed that

dynamic substrates favoring AF initiation resulted from steep

action potential duration (APD) restitution (APDR). Steep

APDR favored APD alternans and dynamic heterogeneities in

repolarization when the atria were paced at rapid rates.

Simulation studies (Gong et al., 2007) showed that discordant

APD alternans (i.e., APD alternating in a beat-to-beat short-long

pattern, with opposing phase in neighboring regions) could

derive from steep APDR and preceded AF initiation. While

discordant alternans was only observed for elevated L-type

Ca2+ current, the authors did not analyze further alterations.

Thus, other ionic current properties, mechanisms or channel

dysregulation, resulting from genetic polymorphisms (Ragab

et al., 2020), imbalanced regulatory systems (Heijman, Linz

and Schotten, 2021) or natural inter-subject variability in

ionic densities (Muszkiewicz et al., 2018), may also engage

with steep electrical restitution and facilitate AF induction in

patients with structurally-healthy atria. The mechanisms are

however unknown.

Early detection of AF in patients with structurally-healthy

atria is crucial, given their higher eligibility for antiarrhythmic

drug treatment (Andrade et al., 2020; Hindricks et al., 2021).

Indeed, absence of structural heart disease and AF

duration <24 h are independent predictors of successful

pharmacological cardioversion to normal sinus rhythm

(Boriani et al., 2004). Restoring sinus rhythm limits the atrial

structural remodeling (Andrade et al., 2020) and reduces the risk

of stroke and cardiovascular death compared to rate control

strategies (Kirchhof et al., 2020). Nevertheless, the success rate of

pharmacological treatment is currently suboptimal (Heijman,

Linz and Schotten, 2021), and little is known about how inter-

subject variability in channel densities (Muszkiewicz et al., 2018)

determines the response of individual AF patients to

antiarrhythmic drugs (Capucci et al., 2018).

This lack of knowledge might be attributed to the unfeasible,

non-ethical and risky nature of studying the effect of inter-

subject variability in human electrophysiology on drug

efficacy. The latter would require the patient to undergo

multiple treatments and invasive screening procedures.

Modeling and simulation studies, on the other hand, can

provide strong evidence under high spatio-temporal resolution

and perfect control over the parameters of interest, avoiding all

three barriers and overcoming experimental limitations

(Heijman et al., 2021).

Therefore, the aim of this study is to exploit human-based

multiscale modeling and simulation to 1) identify the ionic

profiles that determine electrical restitution and excitability

properties, and favor AF in structurally-healthy atria, 2)

understand their relationship with pharmacological

cardioversion, and 3) quantify the prognostic significance for

successful pharmacological cardioversion of ionic current

densities versus electrocardiogram (ECG) metrics. To address

these goals, simulated AF episodes were induced in a population

of human-based whole-atria models with varying ionic densities

and steep electrical restitution properties, as observed in-vivo.

Pharmacological cardioversion was subsequently attempted by

simulating the effects of the antiarrhythmic drugs used clinically

for restoring sinus rhythm. Simulation results were consistently

evaluated against experimental and clinical data. Ultimately,

predictive algorithms for AF cardioversion, in the form of

clinical decision support systems, were built using the

information obtained from ECG metrics and ionic current

profiles.
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2 Methods

2.1 Population of human atrial
cardiomyocyte models

A population of human atrial cardiomyocyte models was

generated as described in Muszkiewicz et al., 2018. The CRN

model (Courtemanche, Ramirez and Nattel, 1998) was

considered as baseline, since it reproduces the long plateau

observed in paroxysmal AF patients with steep APDR

(Narayan et al., 2008; Krummen et al., 2012) and it has been

extensively used for developing and testing antiarrhythmic drug

modeling (Loewe et al., 2014, 2015; Sutanto et al., 2019). Effects of

drug modeling on the CRN model, moreover, were compared to

the effects on the Grandi-Bers (Grandi et al., 2011) and

Maleckar-Trayanova (Maleckar et al., 2009) models to assess

model independence of key results.

Key conductances and permeabilities were sampled up

to ±70% of their control ranges using Latin Hypercube

sampling, including the ultrarapid, rapid and slow delayed-

rectifier K+ current density (GKur, GKr and GKs), transient

outward K+ current density (Gto), inward rectifier K+ current

density (GK1), L-type Ca2+ current density (GCaL), fast Na+

current density (GNa), Na+/K+ pump (GNaK), Ca2+/Na+

exchanger (GNCX) and the sarcoplasmic reticulum Ca2+ release

(Grel), leak (Gleak) and uptake (Gup) currents. Experimental

calibration was subsequently applied using action potential

characteristics obtained from human cells of patients in sinus

rhythm (dataset and further explanation available in Sánchez

et al., 2014; Table 1). No AF remodeling was applied to the

calibrated population of atrial cardiomyocyte models.

The APDR curves of the experimentally-calibrated population

were computed by both standard S1S2 and dynamic restitution

protocols. The standard S1S2 protocol consisted of a train of stimuli

applied at a fixed S1 cycle length (CL), followed by a single

extrastimulus with coupling interval S2. For the dynamic

restitution protocol, the train was applied until steady-state at

constant S1, for decreasing CLs. Conduction velocity (CV)

restitution (CVR) was measured for models yielding APDR slope

greater than unity for both restitution protocols (Koller, Riccio and

Gilmour, 1998; Watanabe et al., 2001), and an APDR slope greater

than unity over a diastolic interval range (Qu, Weiss and Garfinkel,

1999) of at least 30 milliseconds (ms). A detailed explanation of the

APDR and CVR calculation can be found in the Supplementary

Material.

2.2 Populations of whole-atria models
with homogeneous vs. heterogeneous
ionic current properties

Ninety-seven atrial cardiomyocyte models presenting

steep APDR and CVR were used to populate two human-

based whole-atria models, one with homogeneous and one

with heterogeneous ionic current properties (Supplementary

Figure S1). The population of 97 homogeneous whole-atria

models was constructed by assigning one atrial cardiomyocyte

model to all regions of the atria (to isolate the contribution of

ionic densities to AF). The population of 97 heterogeneous

models was similarly constructed with each atrial

cardiomyocyte model, but in this case, the ionic profile was

modified in specific atrial regions, as previously detailed

(Seemann et al., 2006; Tobón et al., 2013; Sánchez et al.,

2017). Specifically, the single-cell properties of the

cardiomyocyte model were assigned to the left atrial tissue,

so that the restitution properties interfered with burst pacing

at the pulmonary veins (see below), and scaled in the right

atrium, crista terminalis, pectinate muscles, left atrial

appendage and atrio-ventricular rings, as detailed in

Supplementary Table S1.

Regional heterogeneities in CV and anisotropy ratio were

included in both populations of whole-atria models as in (Tobón

et al., 2013; Sánchez et al., 2017) (Detailed in Supplementary

Table S1). Simulations of electrical propagation were conducted

using the monodomain equation with the MonoAlg3D software

(Sachetto Oliveira et al., 2018; available at https://github.com/

rsachetto/MonoAlg3D_C).

2.3 Atrial fibrillation inducibility

The protocol for simulated AF induction mimicked the

spontaneous ectopic beats reported in human patients with

frequent episodes of AF (Haïssaguerre et al., 1999). As such, a

burst of five periodic stimuli was applied at the left pulmonary

veins, the most common foci origin site. To account for

repetitive discharges with irregular CL, different CLs,

ranging from 170 to 260 ms (Haïssaguerre et al., 1999;

mean CL of focal discharges 175 ± 30 msec) with 10 ms

increment, were tested for the burst. AF episodes longer

than 3 s were considered sustained.

2.4 Atrial fibrillation pharmacological
management: Drug modeling

Sustained AF episodes were subjected to 10 simulated

pharmacological treatments: five drugs currently approved

for restoring sinus rhythm (i.e., flecainide, propafenone,

vernakalant, amiodarone, and ibutilide; Hindricks et al.,

2021), dronedarone (an analogue of amiodarone),

ranolazine (as a promising compound for sinus rhythm

maintenance; Capucci et al., 2018) and digoxin (a rate

control agent previously used for rhythm control; The

Digitalis in Acute Atrial Fibrillation (DAAF) Trial Group,

1997). Drug action was simulated as simple pore-block models
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according to previously reported effective plasma drug

concentration, and their 50% inhibitory concentration and

hill coefficient profiles (Supplementary Table S2,

Supplementary Figure S2). For computational feasibility,

considering the large number and complexity of the

simulations and the deterministic nature of the models,

drug administration was modelled 3 s from AF induction

(Sánchez et al., 2017), and the episode was recorded for

another 4 s. AF was considered successfully cardioverted by

the drug if the atria were free of arrhythmic activity before the

completion of the 7 s (Matene and Jacquemet, 2012). Drug

efficacy was defined as the number of AF episodes cardioverted

by a given drug over the total number of AF episodes.

Moreover, to evaluate whether pharmacological AF

prevention and cardioversion followed the same restitution

mechanisms, the AF-induction protocol was repeated in sinus

rhythm after drug application. For this, only the two drugs that

steepened/flattened the APDR curve the most were

considered.

2.5 Simulated electrocardiogram

Simulated 8-lead (leads I, II, V1-V6) ECGs were computed for

sustained fibrillation as in Gima and Rudy, 2002. The ECG was

recorded during the 3-s AF episode prior to drug application. The

resulting signals were standardized and processed using pass-band

filtering with cut-off frequency of [0.5–50] Hz (Alcaraz et al., 2011).

Five biomarkers, namely, dominant frequency, organization index,

Shannon’s spectral entropy, sample entropy and relative harmonic

energy, were extracted from each lead as in (Alcaraz et al., 2011;

Zeemering et al., 2018). These biomarkers provided a

characterization of AF complexity in the frequency and temporal

domain.

2.6 Clinical decision support systems

An algorithm for predicting the likelihood of

pharmacological cardioversion (equivalent to a clinical

decision support system) was built using ECG metrics,

ionic current profiles and cellular electrophysiological

properties as input. For this, a dataset was constructed for

each antiarrhythmic drug, combining the information of the

AF episodes and the outcome of drug application. Every AF

episode was characterized by M = 55 features, including

15 derived from the electrophysiological properties of the

atria (i.e., baseline CV, APD90, resting membrane

potential (RMP) and 12 ionic current densities)

and 40 from the ECG analysis (i.e., 5 biomarkers

from each lead, 8-lead ECG). Each episode was

labelled either as 1, if AF was successfully cardioverted, or

0, otherwise.

The whole dataset was partitioned in sub-datasets

to determine the predictive power of each set of

biomarkers. Clinical decision support systems were built

with each sub-dataset by elastic-net logistic regression

(Zeemering et al., 2018), using the Glmnet toolbox

(available at http://hastie.su.domains/glmnet_matlab/).

Parameter selection was done by stepwise logistic regression

with alpha equal 0.5 and 100 values for lambda. The

performance of the predictive models was validated through

5-fold cross-validation, repeated 20 times, randomly

allocating 70–30% of data for training and testing,

respectively. Further details of the algorithms and the

different sub-datasets can be found in the Supplementary

Material.

3 Results

3.1 Evaluation of human atrial
cardiomyocyte action potential models
shows that steep restitution is associated
with low triangulation and high cellular
excitability

A calibrated subpopulation of human atrial cardiomyocyte

models, matching experimental action potential

characteristics, was selected from the initial candidate

population. Four hundred fifty-one cardiomyocyte models

in the calibrated subpopulation showed steep APDR for

both restitution protocols, and 97 additionally presented

steep CVR. Figure 1 illustrates action potential

morphologies (Figure 1A), representative APDR and CVR

curves of steep restitution properties (Figures 1B–E) and

ionic density distribution (Figure 1F) of the subpopulations

of atrial cardiomyocyte models considered.

Steep APDR curves occurred for longer plateau phases

(triangulation (APD90-APD50) 72.6 ± 18.1 vs 126.9 ± 61.3 ms,

steep vs flat APDR curves). Models additionally yielding steep

CVR curves had a more negative resting membrane potential

(RMP: 82.4 ± 1.7 vs. -74.5 ± 3.3 mV; steep APDR and CVR vs

steep APDR alone) (Figure 1A, pink versus blue traces). The

hyperpolarization of the RMP allowed propagation for shorter

CLs (307 ± 15 vs 538 ± 152 ms; steep APDR and CVR vs steep

APDR alone), increasing the magnitude of APD alternans

(Figure 1B) and favoring a greater modulation of CV (Figure 1D).

Steep APDR alone was found in models with significantly

high GCaL and low GKur compared to flat restitution (Figure 1F,

blue vs green boxes). Steep APDR and CVR curves (Figure 1F,

pink boxes) were associated with even greater GCaL, elevated GNa,

and high density of repolarization currents, especially GNaK, GK1,

GKr and Gto. The 97 atrial cardiomyocyte models exhibiting steep

APDR and CVR were used to develop the populations of human

whole-atria models (Supplementary Figure S1).
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3.2 Atrial fibrillation is facilitated by
discordant APD alternans enabled by
propagation at fast rates due to high
excitability, for high L-type Ca2+ and
inward rectifier K+ currents

212 and 265 AF episodes were induced in 75 out of the

97 homogeneous and heterogeneous whole-atria models,

respectively, following burst stimulation at 10 different CLs.

Whole-atria models with 22 ionic profiles failed to induce AF for

both homogeneous and heterogeneous ionic current properties.

Figure 2 illustrates a representative AF episode, showing multiple

rotors in the whole-atriamodel (Figure 2A, left), the transmembrane

voltage from 1 cell (Figure 2A, right), and similarities between the

simulated ECG (atrial activity, Figure 2B) and the clinical ECG

(atrial activity) obtained from a human AF patient (Figure 2C).

More AF episodes were induced with the heterogeneous ionic

substrate, but the 75 ionic profiles of the models ensuring AF

inducibility were the same in both populations.

Figure 3 illustrates the distribution of ionic densities

(Figure 3A), effective refractory period (ERP) (Figure 3B), and

APDR curves (Figure 3C) between the 75 atrial cardiomyocyte

models favoring AF and the 22 non-inducible models. The dynamic

restitution curves in Figure 3C are plotted against the CLs used for

FIGURE 1
(A) Simulated action potential traces for human atrial cardiomyocyte models in the population before (grey) and after (green) experimental
calibration. (B–E) Comparison of the electrical restitution between a representative cardiomyocyte model characterized by steep action potential
duration restitution (APDR) alone (blue) and additional steep conduction velocity restitution (CVR, pink). (B) Dynamic APDR plotted against the cycle
length, showing transient alternation, and (C) against the diastolic interval. (D)CVR. (E) Standard S1S2 APDR. (F) Ionic density distribution (color-
code as per panel (A). Data analyzed using Wilcoxon test. *p < 0.05, **p < 0.01, ***p < 0.001.
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burst pacing (170–260 ms), for two consecutive beats to show

magnitude of APD alternans (i.e., difference between long and

short APD). Figures 3D,E compare the response of the whole-

atria models to burst stimulation between AF inducible (Figure 3D,

top and Figure 3E) and non-inducible models (Figure 3D, middle

and bottom), to illustrate the dynamics underlying AF initiation.

The analysis presented in Figure 3 considers the population with

homogeneous ionic current properties.

Analysis of whole-atria simulations revealed AF inducibility for

ionic profiles presenting high GCaL, which increased APD alternans,

FIGURE 2
Representative atrial fibrillation (AF) episode. (A) Simulated AF in thewhole atria model (left), and time course of the transmembrane voltage (Vm)
in 1 cell (right). (B) Simulated atrial electrocardiogram (normalized ECG; no units). (C) Clinical ECG obtained in AF patient (adapted from Lankveld
et al., 2016 under permission).
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FIGURE 3
Ionic properties of AF-inducible (black) and non-inducible models (grey): (A) Ionic density distributions. (B) Effective refractory period (ERP). (C)
Dynamic action potential duration (APD) restitution curves plotted against the cycle length used for burst pacing (170–260 ms). Two consecutive
beats are considered (i.e., long and short APD), showing magnitude of APD alternans. Number (N) of models able to propagate all stimuli. (D)
Comparison of propagation dynamics between an AF-inducible model (top), and two non-inducible models: one showing a 1:2 conduction
pattern (middle row), the other propagating all stimuli without AF induction (bottom row). Burst stimulus applied at a cycle length of 190 ms. The blue
star represents the location of the burst. (E)Discordant alternans favoring conduction block and re-entry. The snapshots in (E) are an expansion of the
red box in (D). Abbreviations. S-ICV: Superior and inferior cava vein; ri-rs-li-ls-PV: Right inferior, right superior, left inferior and left superior
pulmonary veins. Data are expressed as medians and IQR and analyzed using Wilcoxon Test. *p < 0.05, **p < 0.01. ***p < 0.001.
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and GK1, which conferred high cellular excitability (Figures 3A–C).

Indeed, all whole-atria models susceptible to AF exhibited

propagation at CL = 260 ms, while this only occurred in

11 models (50%) free of arrhythmia (Figure 3C). Likewise, 56

(75%) AF inducible and 5 (23%) non-inducible whole-atria

models enabled propagation at 170 ms (i.e., the shortest CL

tested in the burst).

Figure 3D compares the response to burst stimulation

between one whole-atria model susceptible to AF (top row)

and two non-inducible models (one of them belonging to the

11 models that failed to propagate burst stimulation at CL =

260 ms (middle row), the other belonging to the 5 models that

propagated at 170 ms without inducing AF (bottom row)).

Whole-atria models unable to propagate all stimuli in the

burst exhibited a 1:2 conduction pattern (i.e., propagation of

one every two stimuli), which prevented engagement with the

steep restitution properties, as illustrated in Figure 3D (middle):

the stimulus at t = 190 ms propagates following propagation

failure at t = 0 ms.

However, even when all burst stimuli propagated, some models

were resistant toAF (Figure 3D, bottom). Analysis of their associated

APDR curves revealed that AF-inducible models presented greater

magnitude of APD alternans (67.3 ± 92.5 vs 8.9 ± 6.6 ms, AF-

inducible vs non-inducible models) (Figure 3C). The latter

developed into discordant alternans (i.e., APD alternating in a

beat-to-beat short-long pattern, with opposing phase in

neighboring regions) during the application of rapid burst

stimulation, causing unidirectional block and re-entry at different

sites of the left atrium (Figure 3E). An extensive explanation of

discordant alternans formation after burst pacing is provided in the

Supplementary Figure S3. Discordant alternanswere not observed in

whole-atria models free of AF.

Restoring the baseline density (i.e., ionic conductance) of the

L-type Ca2+ current in AF-inducible models recapitulated the

magnitude of APD alternans observed in non-inducible models

(67.3 ± 92.5 vs 8.3 ± 6.0 ms, AF-inducible models with elevated vs

control L-type Ca2+ current density). Similarly, alternans magnitude

was reduced after decreasing the inward rectifier K+ current density

to control conditions (67.3 ± 92.5 vs 18.2 ± 12.1; AF-inducible

models with elevated vs control inward rectifier K+ current). The

latter effect was due to a reduction in the number of models

propagating at short CLs (explanation given in the

Supplementary Figure S4).

3.3 Analysis of 477 AF episodes reveals
atrial fibrillation sustainability supported
by high excitability, with enhanced up-
regulation of the inward rectifier K+

current and elevated Na+/K+ pump

AF sustainability was evaluated in the 75 whole-atria models

ensuring AF inducibility considering homogeneous versus

heterogeneous ionic current properties, to compare the role of

the ionic profile and spatial gradients. The heterogeneous ionic

substrate favored AF maintenance: 154 (58%) of the 265 AF

episodes induced in heterogeneous models were sustained for

over 3 s, versus 57 (27%) of 212 AF episodes induced in

homogeneous models. In the former, the left atrial appendage

and atrioventricular rings had a shorter APD90 than the bulk

tissue, which favored rotor stabilization. Together with the APD

heterogeneities within the right atrium (i.e., crista terminalis,

pectinate muscles and bulk tissue) and between the right and left

atrium, the heterogeneous ionic substrate presented

inhomogeneous restitution properties that reinforced AF

maintenance.

Overall, 211 (44%) AF episodes sustained in both

populations of whole-atria models. In order to isolate the role

of ionic profile rather than gradients in AF sustainability, the

properties of the homogeneous models yielding sustained (>3s)
and un-sustained fibrillation were analyzed. Thus, Figure 4 shows

ionic density distribution (Figure 4A), ERP (Figure 4B), APDR

curves (Figure 4C), and Na+ current dynamics (Figure 4D).

Higher GNaK and GK1, and lower GNa were associated with

models sustaining AF. Analysis of Na+ inactivation gates

revealed that, in spite of a lower GNa, Na+ availability was

higher in the sustained AF group (Figure 4D, right). This was

accentuated as the pacing rate increased: the maximum Na+

current peak, which was greater in the un-sustained AF group

for lower rates, became higher in models yielding sustained AF

when stimulated at short CLs (Figure 4D, left). This was due to

the higher GNaK and GK1, which hyperpolarized the RMP

(-82.6 ± 0.7 vs. -81.5 ± 0.6 mV, sustained and un-sustained AF,

respectively). Accordingly, these atrial cardiomyocyte models

had higher cellular excitability (and shorter effective refractory

period, Figure 4B).

At slow rates (CL = 700 ms), lower CVs were found in

whole-atria models leading to sustained AF (60.3 ±

5.7 vs 62.5 ± 4.5 cm/s), as a result of lower GNa. At fast

rates (CL = 260 ms), however, the opposite trend was

observed (56.4 ± 9.8 vs 50.7 ± 5.7 cm/s; sustained vs

unsustained AF). The magnitude of APD alternans was

similar across groups.

3.4 In-silico drug trials in over 200 atrial
fibrillation episodes consistently
reproduce cardioversion efficacy
observed in clinical trials and identify key
properties determining treatment success

Pharmacological cardioversion with 10 compounds was

attempted in the 211 sustained AF episodes induced in both

whole-atria populations (homogeneous, 58 episodes;

heterogeneous, 153 episodes). Figure 5 displays the efficacy

(Figure 5A) of each treatment obtained in-silico and reported
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in human clinical trials. In-silico antiarrhythmic drugs are

displayed according to their preferential ionic channel target.

Cardioversion efficacy was higher for homogeneous versus

heterogeneous whole-atria models as illustrated by dashed and

solid bars, respectively in Figure 5A (described below). Figure 5B

compares the percentage (%) of APD90 variation obtained after drug

action with respect to control conditions in-silico and in-vitro.

Corresponding results were obtained for APD90 change between

simulated drug action and experimental data (Figure 5B), with

further validation, illustrating rate-dependence alterations in

APD, CV, and maximum upstroke velocity, provided in

Supplementary Table S3.

Moreover, a comparison of APD90 variation after drug

action between the CRN, Grandi-Bers and Maleckar-

Trayanova models can be found in the Supplementary

Figure S5). The latter models showed a higher sensitivity to

IKur inhibition than the CRN model, which presented a greater

APD prolongation after IKr block. Thus, repeating the whole-

atria simulations with the Grandi-Bers or Maleckar-

Trayanova models is expected to produce even

FIGURE 4
Comparison between atrial cardiomyocyte models favoring sustained vs un-sustained fibrillation in homogeneous whole-atria models. (A)
Ionic density distribution. (B) Effective refractory period (ERP). (C)Dynamic action potential duration (APD) restitution (as in Figure 3C). Number (N) of
models able to propagate all stimuli. (D) Normalized fast Na+ current (INa) peak and normalized product of INa inactivation gates. Data are expressed
as medians and IQR and analyzed using Wilcoxon Test. *p < 0.05, **p < 0.01, ***p < 0.001.
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FIGURE 5
(A) Comparison between the cardioversion efficacy (Eff.) obtained in-silico (color bars) in whole-atria models with homogeneous (Homo.) and
heterogeneous (Hete.) electrophysiology (EP) and human clinical trials (black bars). Drugs are grouped according to the ionic channels they target. A
threshold of 25%block at therapeutic plasma concentration has been considered to denote ion current block. The arrows point towards greater ionic
density block. (B) Percentage (%) of APD90 variation after drug modeling or administration with respect to control conditions, in-silico (color
bars) and in-vitro (black bars, error bars in-vitro not available, see Supplementary Table S3). The animal silhouettes represent the species analyzed in-
vitro.
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higher efficacy for IKur blockers than that already shown in

Figure 5.

Higher cardioversion efficacy derived from class III

(i.e., dronedarone and vernakalant) and class V

(i.e., digoxin) antiarrhythmic drugs. Targeting IKr, IKur, INaK

and IK1 yielded a greater prolongation of refractoriness than

inward current block (Supplementary Figure S6).

Antiarrhythmic drugs resulting in IKr inhibition (i.e,

ranolazine, ibutilide, and dronedarone) showed an increase

in cardioversion efficacy proportional to the extent of IKr
block. However, higher success rates resulted from blocking

multiple K+ channels, even for lower percentages of IKr
inhibition. For instance, a 25% INaK and 40% IKr block

(i.e., digoxin) was far more effective than 45% IKr
(i.e., ibutilide, efficacy in-silico matching clinical trials) or

70% IKr block (i.e., dronedarone).

The high efficacy of digoxin, in agreement with some clinical

trials, owed to INaK inhibition. Blocking INaK or IK1 alone raised

the RMP and decreased INa availability. The subsequent

prolongation of post-repolarization refractoriness was

sufficient to terminate AF regardless of a subtle APD change

(Supplementary Figure S6). Indeed, single IK1 block and digoxin

were the pharmacological approaches that provided the highest

cardioversion rates.

Combined IKr and IKur block (i.e., flecainide and

vernakalant, whose cardioversion efficacies matched the

efficacy reported in clinical trials) was also more effective

than IKr inhibition alone, especially in the population with

heterogeneous ionic current properties. In general, the

heterogeneous substrate hampered pharmacological

cardioversion, since it facilitated AF maintenance (Section

3.3) and antiarrhythmic drugs had an inhomogeneous effect

on different atrial regions. In particular, the heterogeneous

ionic substrate was characterized by a lower GKr in the right

atrium compared to the left atrium (Supplementary Table S1),

so that IKr inhibition lost cardioversion efficacy in this setting.

Thus, the efficacy of flecainide and dronedarone, but not of

vernakalant, dropped significantly in the heterogeneous ionic

substrate.

Low cardioversion rates stemmed from targeting the

inward currents, as a result of drug-induced APD reduction

(Figures 5A,B). INa block was effective when complemented

with IKur and IKr inhibition (i.e., flecainide and vernakalant).

However, combined INa and ICaL block (i.e., amiodarone and

propafenone) shortened the APD, yielding the formation of

focal re-entrant sources (Supplementary Figures S7, S8). The

cardioversion efficacy decreased proportionally to ICaL block

(equivalently, resulting in larger APD abbreviation,

Figures 5A,B), with amiodarone (i.e., 50% ICaL and 30% INa

block) showing the lowest cardioversion rate. The

efficacy of amiodarone, and especially of propafenone,

differed from the efficacy reported in clinical trials (see

Discussion).

Nevertheless, amiodarone-induced APD shortening

significantly flattened the APDR curved (Supplementary

Figure S6). Investigations on cardio-protection instead of

cardioversion (i.e., inducing the AF-initiation protocol after

in-silico drug application) showed that amiodarone prevented

100% of recurrent AF episodes, with only atrial flutter

(i.e., regular and periodic activation) remaining in 2% of

cases. In contrast, dronedarone prolonged the APD,

steepening the APDR. Therefore, while effective in preventing

AF induced at very short CLs (i.e., 170–200 ms), 49% of AF

episodes were still inducible in dronedarone-pretreated

substrates.

3.5 Optimal pharmacological treatments
for individual ionic profiles are those that
maximize prolonged refractoriness thus
minimizing excitability

Forty-nine AF episodes, sustained by 40 whole-atria models,

were only successfully cardioverted by a single drug. Eleven

episodes sustained in 9 models were only cardioverted by

dronedarone, 14 episodes in 13 models by flecainide, and

24 episodes in 18 models by vernakalant. Figure 6 illustrates

the ionic density distribution of the whole-atrial models that only

responded favorably to dronedarone, flecainide, or vernakalant,

and how the ERP of these models, grouped according to

successful treatment, was modified after applying each drug.

The extent of ERP prolongation caused by each treatment in

a particular model explained the ability for AF cardioversion.

Thus, models showing a favorable response to dronedarone (N =

9) also presented a greater ERP prolongation after dronedarone

application. Similarly, flecainide prolonged the ERP more than

dronedarone or vernakalant in whole-atria models only

cardioverted by flecainide (N = 13), and the same applied for

vernakalant (Figure 6B).

Analysis of the ionic current profiles revealed that atrial

cardiomyocyte models showing greater ERP prolongation and

thus, successful cardioversion after vernakalant application, had

high GKur and low GKr. This agrees with vernakalant action, with

the strongest IKur inhibitory profile within the tested

antiarrhythmic drugs. By contrast, dronedarone cardioverted

AF in models presenting the opposite situation: higher GKr

and lower GKur. Flecainide resulted more effective for an

intermediate scenario, since it blocked GKur and GKr, but to a

lesser extent than vernakalant and dronedarone, respectively

(Figure 6A). Whole-atrial models presenting high GK1 and

GNaK, and therefore high excitability (Figure 4), responded

better to vernakalant and flecainide than to dronedarone.

While none of them caused INaK or IK1 inhibition, the former

yielded greater inward current block (Supplementary Table

S2, Supplementary Figure S2). Thus, vernakalant- and

flecainide-induced INa and ICaL inhibition facilitated
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pharmacological cardioversion in those models presenting

higher excitability.

3.6 Accuracy of prediction of AF
cardioversion with specific treatments is
70%using both electrocardiogrammetrics
and ionic current profiles

Clinical decision support systems were built based on the

information of the atrial model sustaining AF (i.e., ionic current

properties) and the ECG metrics obtained during AF. Figure 7

and Table 1 show the prediction accuracy and receiver operating

characteristics (ROC) curves of successful cardioversion for the

drugs illustrated in Figure 6.

Both the information of the ionic densities and the ECG

biomarkers yielded high-accuracy predictions of successful

AF cardioversion, with the former being slightly superior to

the latter. Higher accuracies were obtained for dronedarone,

due to a higher specificity (Figure 7). Dronedarone

cardioverted around 50% of episodes, so that the dataset

was more balanced (i.e., similar proportion of episodes

cardioverted and not cardioverted). By contrast, the lowest

specificity was obtained for vernakalant (70% cardioversion

efficacy), with random oversampling slightly improving the

prediction.

Three ionic densities were consistently selected as relevant

features: GK1, GKur, and GNaK. As illustrated in Figure 6, these

ionic densities differed to a greater extent in atrial cardiomyocyte

models that responded better to flecainide, vernakalant or

dronedarone, and thus, were revealing of the most favorable

treatment for each episode. Conversely, the dominant frequency,

sample entropy and the relative harmonic energy (directly related

to the dominant frequency) were selected as relevant ECG

FIGURE 6
(A) Comparison of the ionic density distribution between atrial cardiomyocyte models showing favorable response only to dronedarone,
flecainide or vernakalant. (B) Effect of the three antiarrhythmic drugs on the effective refractory period (ERP), stratifying the atrial cardiomyocyte
models according to the pharmacological treatment that produced successful cardioversion. Colors on the bars as in (A). Data are expressed as
medians and IQR and analyzed using Wilcoxon Test. *p < 0.1, **p < 0.05, ***p < 0.01. ****p < 0.001.
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metrics, suggesting that AF dynamics also had a crucial role on

cardioversion efficacy.

4 Discussion

Key features underlying AF inducibility, maintenance and

pharmacological cardioversion are identified in a population of

structurally-healthy atria with varying ionic current properties.

In-silico trials for 10 antiarrhythmic treatments are consistent

with previously-reported clinical trials, and identify mechanisms

and predictors of successful cardioversion. Specific findings are:

1) AF inducibility in structurally-healthy atria might be explained

by discordant APD alternans resulting from steep electrical

restitution and high excitability (occurring for elevated L-type

Ca2+ and inward rectifier K+ currents); 2) AF maintenance is also

enabled by high excitability, for profiles with high inward rectifier

K+ and Na+/K+ pump currents; 3) pharmacological cardioversion

is optimal for treatments minimizing excitability, through

maximal prolongation of refractoriness, which is dependent

on individual ionic profiles; 4) successful pharmacological

cardioversion is predicted in virtual human atria with >70%
accuracy using both ionic current profiles or ECG metrics.

Methodologically, our study demonstrates the power of in-

silico drug trials conducted in human whole-atria models

constructed based on hundreds of ionic current profiles, with

perfect control over the parameters studied and high spatio-

temporal resolution.

FIGURE 7
Receiver operating characteristics (ROC) curves for the prediction of successful cardioversion with dronedarone, flecainide and vernakalant
using the ECG, ionic properties and both. The confidence interval around each ROC is obtained repeating 5-fold cross-validation 20 times.
Abbreviations: AUC: Areas under the curve.

TABLE 1 Prediction accuracy (mean and confidence interval). Most relevant features selected by the elastic-net logistic regression. Abbreviations: DF:
Dominant frequency; SaE: Sample entropy. RHE: Relative harmonic energy.

Drug Data Best predictive biomarkers Accuracy (%)

Dronedarone ECG DF (Leads V2–V6), SaE (Leads V2, V6) 0.72 [0.70, 0.74]

Ionic properties GK1, GKur, GNaK, GNa, GKr, GCaL 0.76 [0.74, 0.78]

ECG + Ionic CV, DF (Leads V2, V4) 0.77 [0.75, 0.79]

Flecainide ECG SaE (Lead V1), RHE (Lead III), SaE (Lead III) 0.69 [0.67, 0.71]

Ionic properties GNaK, GK1, GKs, Gto 0.71 [0.69, 0.73]

ECG + Ionic Gto, GK1, GNaK, GKs, SaE (Lead V1) 0.72 [0.70, 0.74]

Vernakalant ECG RHE (Lead V4, V5), SaE (V6) 0.68 [0.66, 0.70]

Ionic properties Gto, GKur, GNaK 0.70 [0.68, 0.72]

ECG + Ionic Gto, GKur, SaE (Lead V6), RHE (Lead V4, V5) 0.70 [0.68, 0.72]
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4.1 Precision medicine for atrial fibrillation
management: In-silico drug trials

Currently, rhythm control therapy for AF follows a “one-

size fits all” approach (Kany et al., 2021). However, the

response of individual patients to rhythm control therapy is

highly variable, and predicting its success is still a challenge

(Kany et al., 2021). Previous studies have demonstrated that

analyzing AF complexity through the ECG might help

predicting flecainide cardioversion efficacy (Zeemering

et al., 2018). Others assert that pharmacogenetics would

bring the best tailored approach (Capucci et al., 2018). In

our study, we have shown that pharmacological cardioversion

can be predicted with over 70% accuracy using either ionic or

ECG metrics in virtual human atria. This is important as it

points towards the possibility of predicting the response of

pharmacological treatment using both non-invasive markers

and ionic current properties. Moreover, it highlights the

integral part of multi-scale modeling and simulation for AF

treatment personalization (Roney et al., 2022).

In our in-silico drug trial, GK1 was selected as one of the

most informative properties for predicting AF cardioversion,

together with GNaK and GKur. Inhibiting the Na+/K+ pump

reduced the cellular excitability and hampered AF

maintenance, consistent with its potential for rhythm

control (Bueno-Orovio et al., 2014) and rate control

strategy (i.e., digoxin; Hindricks et al., 2021). Similarly, the

importance of the inward rectifier K+ current in regulating AF

inducibility and maintenance has been proven by previous

experimental and computational studies (Noujaim et al., 2007;

Sánchez et al., 2017). Results obtained with the cellular model

used, however, should be carefully interpreted, given the

strong model-dependent effects. This is especially important

when evaluating the antiarrhythmic efficacy of IK1 inhibition,

since a higher sensitivity for IK1 block is reported for

Courtemanche compared to other ionic models (Sánchez

et al., 2014; Sutanto, 2022). Moreover, IK1 inhibition might

have opposing effects on triggers and substrates. While

effective in terminating fibrillatory activity, as shown in this

study, blocking IK1 might promote triggered activity and focal

excitations (Filgueiras-Rama et al., 2012). In this sense, safe

restoration of sinus rhythm (i.e., absence of ventricular

arrhythmias) resulted from IK1 inhibition in goats with

persistent AF (Ji et al., 2017). Moreover, as in our

simulations, higher cardioversion efficacies resulted from

applying chloroquine (IK1 blocker, among others) than

flecainide in sheep models (Filgueiras-Rama et al., 2012).

Flecainide cardioverted 56% of the simulated AF episodes,

matching the efficacy observed in clinical trials with AF patients

(Boriani et al., 1998; Reisinger et al., 2004). Compared to

flecainide, a higher proportion of AF episodes (i.e., 65%) were

terminated for vernakalant simulation. Similarly, a non-

randomized retrospective study (Pohjantähti-Maaroos et al.,

2019) observed higher number of patients cardioverted to

sinus rhythm with vernakalant than flecainide (67 vs 46%,

respectively).

Dronedarone also proved to be effective in terminating a

great number of simulated AF episodes. Dronedarone has shown

a positive impact on clinical endpoints for paroxysmal AF

patients and compared to amiodarone, it delays and reduces

AF occurrence (Singh et al., 2008). However, amiodarone has

proven more effective than dronedarone in rhythm control

(Hindricks et al., 2021).

In our study, amiodarone showed the lowest cardioversion

efficacy. Nevertheless, cardioversion rates as high as 87% are

observed after 24 h from its administration (Bash et al., 2012).

Amiodarone inhibits multiple ionic channels, including ICaL and

INa. Blocking both channels reduces cellular excitability (Loewe

et al., 2014; Liberos et al., 2016) and amiodarone-induced INa
inhibition has been suggested as the main mechanism underlying

rotor termination (Wilhelms et al., 2013). In our study, however,

the baseline atrial cardiomyocyte models yielding AF presented

increased GNa and GCaL compared to the baseline model.

Consequently, the inward current block induced by

amiodarone was not sufficient to reduce excitability and

terminate AF. This is in agreement with previous simulations

studies, that showed that the antiarrhythmic effects of INa and

ICaL block depended on their basal ionic densities (Liberos et al.,

2016). Of note, amiodarone is primarily recommended in the

context of severe heart failure (Andrade et al., 2020), in which

ICaL is expected to be down-regulated (Denham et al., 2018).

Thus, amiodarone-induced ICaL inhibition might have a lower

impact on the APD and higher on excitability than in our study.

It has been also suggested that amiodarone metabolites, such as

desethylamiodarone, which accumulates after long-term therapy

with amiodarone, might be the actual responsible for the

increased atrial refractory period (Talajic, DeRoode and

Nattel, 1987).

Furthermore, amiodarone-induced ICaL inhibition flattened

the APDR curve, reduced the frequency and amplitude of APD

alternans and prevented AF inducibility in the structurally-

healthy atria. Therefore, while ineffective for AF termination,

amiodarone hindered the formation of dynamic substrates

derived from steep electrical restitution.

4.2 Ionic current dysregulation and
dynamic electrophysiological substrates
in structurally-healthy atria

Steep electrical restitution was the mechanism adopted in

this study to trigger dynamic substrates that facilitate AF, as

observed in human AF patients (Narayan et al., 2008; Krummen

et al., 2012). Unlike previous simulation works that changed

single ionic currents (Garfinkel et al., 2000), steep electrical

restitution in our study resulted from specific multivariate
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ionic density distributions. These distributions were obtained by

scaling uniformly all ionic densities of the cellular model, which

mimicked inter-patient variability in ionic densities and

preserved the high non-linearity between ion channel

conductances and the action potential morphology (Elliott

et al., 2021). Moreover, we considered a detailed atrial

geometry with realistic anisotropy ratios and CV, as opposed

to using monolayers (Virag et al., 2002) or isotropic conduction

(Gong et al., 2007), and replicate accurate AF-initiation

conditions.

As such, we observed that increased GCaL, GK1 and GNaK

characterized those atrial cardiomyocyte models favoring AF

inducibility and maintenance in structurally-healthy atria.

Previous simulation studies observed that increasing GCaL

steepens the APD restitution slope, potentially leading to wave

break-up and fibrillation (Garfinkel et al., 2000). In our study,

however, we found that steep restitution was only engaged for

high cellular excitability. The latter was enabled by GK1 up-

regulation, and could be aggravated by increased acetylcholine-

activated inward rectifier K+ (IK,ACh) current, not considered in

the present study.

Likewise, elevated GK1 and GNaK ensured AFmaintenance. In

agreement with our simulations, increased Na+/K+ pump was

linked to higher susceptibility to postoperative AF (Tran et al.,

2009). Increased inward rectifier K+ current has been extensively

associated with the AF-induced electrophysiological remodeling

(Dobrev and Ravens, 2003) and proven essential for rotor

stabilization in the electrically remodeled atria (Pandit et al.,

2005). In our population of structurally-healthy atria, however,

high GK1 was additionally required for AF inducibility. Similarly,

other computational studies have observed that in the absence of

fibrosis, the inhibition of the inward rectifier K+ current

considerably hindered AF initiation (Gharaviri et al., 2021). A

genetic analysis performed in a population of kindreds (Xia et al.,

2005) identified a gain-of-function mutation in KCNJ2, encoding

the Kir2. x channels of the inward rectifier K+ current, underlying

familial AF. Missense mutations in KCNJ2 were also reported in

human patients with paroxysmal AF (Deo et al., 2013).

Therefore, as shown in this study, increased inward rectifier

K+ current constitutes an AF predisposing condition that

additionally favors AF perpetuation.

4.3 Limitations and future perspectives

Drug action was simulated as simple pore-block models as

the data required were available for the compounds investigated.

However, it is possible that this might have increased the model

sensitivity to repolarization prolonging effects, explaining the

grater efficacy of class III antiarrhythmic drugs compared to class

Ic. Neglecting the rate dependence of class Ic agents and thus,

potentially underestimating INa inhibition, might explain the

different results obtained for propafenone and flecainide.

Similarly, increasing the resting membrane potential through

IK1 inhibition, therefore hampering INa (in)activation, resulted

more effective than direct INa block. This might reflect the

importance of class Ic agents for binding with different

affinities to the different states of the Na+ channel, which was

not considered in this study.

Moreover, pharmacological treatment and the

performance of the predictive model should be further

evaluated considering, not only electrophysiological, but

also anatomical and structural variability. Even the

electrophysiological variability considered was small. The

97 models selected, which presented the ionic current

properties required to induce AF in structurally-healthy

atria, had similar morphologies (i.e., a rapid phase

3 repolarization and relatively hyperpolarized resting

membrane potential). Therefore, a wider range of action

potentials has to be taken into account in future studies.

Restricting the study to similar action potential morphologies

could also explain why the accuracy of the clinical decision

support system was not higher than 70%. A better

stratification of the ionic current properties that respond to

specific antiarrhythmic drugs would result from considering a

wider ionic current distribution in the first place (i.e., wider range

of action potential morphologies). The latter could improve the

prediction accuracy and boost associated prediction metrics. In

this sense, employing other machine learning algorithms might

also add extra predictive power.

In the clinic, obtaining the ionic density of the patient

presents a challenge, especially without undertaking an

invasive procedure (i.e., biopsy during surgery). However, the

finding that similar accuracies are obtained with the ECG and

ionic metrics for predicting successful AF cardioversion, suggests

that the ECG already contain information of the ionic current

properties. Thus, further studies should investigate whether the

atrial ionic profile of a patient could be characterized non-

invasively through the ECG.

5 Conclusion

In structurally-healthy atria, AF inducibility and

sustainability are enabled by high excitability and steep

restitution, due to elevated L-type Ca2+ and inward rectifier

K+ currents. Accordingly, decreasing excitability, through

prolonged refractoriness, results in pharmacological

cardioversion. However, maximal prolongation of

refractoriness depends on the interaction between the ionic

distribution of the atria and the ionic currents targeted by the

antiarrhythmic drug, highlighting optimal pharmacological

treatments for individual ionic current profiles. Therefore,

successful cardioversion is predicted in virtual human

atria with 70% accuracy from both ionic current and ECG

properties.
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An atrioventricular node model
incorporating autonomic tone
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The response to atrial fibrillation (AF) treatment is differing widely among

patients, and a better understanding of the factors that contribute to these

differences is needed. One important factor may be differences in the

autonomic nervous system (ANS) activity. The atrioventricular (AV) node

plays an important role during AF in modulating heart rate. To study the

effect of the ANS-induced activity on the AV nodal function in AF,

mathematical modelling is a valuable tool. In this study, we present an

extended AV node model that incorporates changes in autonomic tone. The

extension was guided by a distribution-based sensitivity analysis and

incorporates the ANS-induced changes in the refractoriness and conduction

delay. Simulated RR series from the extended model driven by atrial impulse

series obtained from clinical tilt test data were qualitatively evaluated against

clinical RR series in terms of heart rate, RR series variability and RR series

irregularity. The changes to the RR series characteristics during head-down tilt

were replicated by a 10% decrease in conduction delay, while the changes

during head-up tilt were replicated by a 5% decrease in the refractory period

and a 10% decrease in the conduction delay. We demonstrate that the model

extension is needed to replicate ANS-induced changes during tilt, indicating

that the changes in RR series characteristics could not be explained by changes

in atrial activity alone.

KEYWORDS

atrial fibrillation, atrioventricular node, autonomic tone, tilt test, mathematical
modeling, ECG, RR series characteristics, sample entropy

1 Introduction

Atrial fibrillation (AF) is the most common supraventricular tachyarrhythmia

(Hindricks et al., 2020). Characteristic for AF is an increased and irregular atrial

activity that results in a rapid and irregular ventricular activation. Atrial fibrillation is

linked to substantial morbidity and mortality, and is a significant burden to patients,

physicians, and healthcare systems globally. Twomain strategies of AF treatments are rate

control and rhythm control. Rate control is one of the corner stones of AF management,

however the effect of individual rate-control drugs are difficult to predict in advance. This

is why the choice of a rate-control drug today remains empiric and driven largely by their
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safety profile and contraindications rather than predicted

efficacy. Therefore, the complex mechanisms of AF have to be

better understood to personalize the treatment and reduce the

burden of AF on the healthcare system.

It has been shown that the autonomic nervous system (ANS)

is contributing to the initiation andmaintenance of AF (Shen and

Zipes, 2014). Either a predominance in sympathetic or in

parasympathetic modulation has been observed to initiate an

episode of paroxysmal atrial fibrillation (PAF); and in some

patients, both the sympatho-vagal and vagal predominances

have been observed to initiate PAF episodes (Lombardi et al.,

2004). Hence, differences in the ANS activity among patients

may be an important factor behind the inter-patient differences

in response to treatment. To investigate the ANS-induced

changes to the pathophysiology of AF, the effect of the ANS

has to be quantified. One common method to quantify the

autonomic tone during normal sinus rhythm (NSR) is by

heart rate variability (HRV) (Sassi et al., 2015). In sinus

rhythm, HRV can be used to obtain information about the

function of the sinoatrial (SA) node. This information is

valuable for the quantification of the autonomic tone, because

the SA node is densely innervated by the ANS (Shen and Zipes,

2014; George et al., 2017). In AF, however, HRV cannot be used

to quantify the autonomic tone, because the heart beats are not

initiated in the SA node.

Instead, the ventricular rhythm during AF is determined by

the atrial electrical activity and the subsequent AV nodal

modulation. Since the AV node is densely innervated by the

ANS, characterizing the AV nodal behavior during AF may give

valuable information about the autonomic tone. Results from

previous studies suggest that the heart rate, as well as the heart

rate variability, quantified by RR rmssd, and heart rate

irregularity, quantified by RR sample entropy, are affected by

β-blocker induced changes in sympathetic response (Corino

et al., 2015). We hypothesize that such changes in the heart

rate and its variability and irregularity reflect ANS-induced

changes in the AV node. The ANS-induced changes on the

cardiac electrophysiology can be studied using head-up and

head-down tilt test, which in a previous study was shown to

affect electrophysiological properties of atrial myocardium

during AF (Östenson et al., 2017). It is unclear if the changes

in the heart rate and its variability and irregularity are explained

by the changes in the atrial electrophysiology alone or also by

changes in the AV nodal properties. Investigating how the ANS is

modulating the heart rate during AF is a complex task and

requires a model based analysis.

Previously, several AV node models have been proposed that

incorporate important characteristics of the AV nodal structure

and electrophysiology in their design. Characteristic for the AV

node is its dual-pathway physiology enabling a parallel excitation

propagation of impulses with different electrophysiological

properties (George et al., 2017). For example, the slow

pathway (SP) has a longer conduction delay and shorter

refractory period compared to the fast pathway (FP) (George

et al., 2017). Furthermore, the refractory period and conduction

delay are dynamic and depend on the recent history of the

conducted and blocked impulses in the AV nodal tissue

(George et al., 2017; Billette and Tadros, 2019). Early models

of the AV node did not account for the dual-pathway physiology

(Cohen et al., 1983; Jørgensen et al., 2002; Rashidi and

Khodarahmi, 2005; Mangin et al., 2005; Lian et al., 2006).

Later models have incorporated this feature, represented by

separate refractory periods (Corino et al., 2011; Henriksson

et al., 2016; Inada et al., 2017; Wallman and Sandberg, 2018)

and separate conduction delays (Climent et al., 2011b; Inada

et al., 2017; Wallman and Sandberg, 2018). However, no models

have explicitly incorporated ANS-induced changes in their

model description.

Therefore, the aim of the present study is to incorporate

ANS-induced changes into the AV node network model

previously proposed by Wallman and Sandberg, (2018). The

extension of the AV node model was guided by a distribution-

based sensitivity analysis (Pianosi and Wagener 2018) and

incorporates ANS-induced changes in the computation of the

refractoriness and conduction delay. The extended model is

evaluated with respect to its ability to replicate changes in

heart rate and RR series variability and irregularity observed

during head-up and head-down tilt test.

2 Materials and methods

First, the clinical tilt test data is described in Section 2.1. The

RR series characteristics are defined in Section 2.2, followed by

the description of a network model of the AV node (Section 2.3).

A sensitivity analysis on the AV node model is described in

Section 2.4, that identifies the influence of changes in model

parameters on the RR series characteristics. Based on the

sensitivity analysis, the AV node model is modified to account

for ANS-induced changes in AV node characteristics (Section

2.5). The ability of the modified AV node model to replicate ANS

induced changes in RR series characteristics observed during tilt-

test is assessed in Section 2.6. Finally, the statistical analysis is

described in Section 2.7, that is used to determine significant

differences in AFR and RR series characteristics between tilt

positions.

2.1 Tilt test study

The autonomic influence on the RR series characteristics was

analysed using ECG data recorded during a tilt test study

performed by Östenson et al. (2017). Recordings from

24 patients with persistent AF were considered of sufficient

quality for analysis and were included in the present study;

their age was 66 ± 9 (mean ± std), and 63% were men. None
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of the patients had abnormal levels of thyroid hormones, severe

renal failure requiring dialysis, or heart valve disease. None of the

patients were ablated for AF or on any of the Class I or Class III

antiarrhythmic drugs. The tilt test was performed between 1 and

3 p.m. in a quiet study room. Standard 12-lead ECGwas recorded

during supine position, followed by head-down tilt (HDT, -30°)

and then head-up tilt (HUT, +60°). The tilt table was manually

operated and had hand grip and ankle support for HDT and foot

board support for HUT; the patients remained in each position

approximately 5 min. ECG preprocessing and R-peak detection

was performed using the CardioLund ECG parser (www.

cardiolund.com).

2.2 RR series characteristics

The RR series consists of the intervals between consecutive

heartbeats, where the time of a heartbeat is determined by the

corresponding R peak in the ECG signal. In this work, three

statistical measures of the RR series characteristics were used,

quantifying heart rate, heart rate variability and heart rate

irregularity, respectively, defined according to Eqs. 1–3. The

mean of the RR intervals (RR) is computed as

RR � 1
N

∑N
i�1

RRi, (1)

where RRi denotes the i:th RR interval in the RR series. The

root mean square of successive RR interval differences (RRV,

variability) is computed as

RRV �

��������������������
1

N − 1
∑N−1

i�1
RRi+1 − RRi( )2

√√
. (2)

The sample entropy of the RR series (RRI, irregularity) is

computed as

RRI � −ln ∑N−m
i�1 ∑N−m

j�1,j≠ib
m+1
i,j r( )

∑N−m
i�1 ∑N−m

j�1,j≠ib
m
i,j r( )

⎛⎝ ⎞⎠, (3)

where the binary variable bli,j(r) with l ∈ m{ , m + 1} has the
value 1 if the maximum absolute distance between corresponding

scalar elements in the vectors Vl
i � RRi{ , RRi+1, . . ., RRi+l−1} and

Vl
j is below the tolerance r times the standard deviation of the RR

interval series, otherwise the value is zero (Richman and

Moorman, 2000). In this study, the parameters were set to

m = 2 and r = 0.2.

2.3 Network model of the human
atrioventricular node

The AV node is modelled by a network of 21 nodes (cf.

Figure 1) (Wallman and Sandberg, 2018; Karlsson et al., 2021).

The AV nodal dual-pathway physiology with a slow pathway

(SP) and a fast pathway (FP) is represented with two chains of

10 nodes each. The last nodes of the two pathways are connected

to each other and to an additional coupling node (CN). Impulses

enter the AV node model simultaneously at the first node of each

pathway and leave the model over the CN. Retrograde

conduction is possible due to the bidirectional conduction

within the pathways and between the last nodes of SP and FP.

Each node represents a section of the AV node and is

described with an individual refractory period RP(Δtk) and

conduction delay DP(Δtk) defined as

RP Δtk( ) � RP
min + ΔRP 1 − e−Δtk/τPR( ), (4)

DP Δtk( ) � DP
min + ΔDPe−Δtk/τPD , (5)

where P ∈ {SP, FP, CN} denotes the association to a pathway.

The electrical excitation propagation through the AV node is

modelled as a series of impulses that can either be passed on or

blocked by a node. This decision is based on the interval Δtk
between the k:th impulse arrival time tk and the end of the (k–1):

th refractory period computed as

Δtk � tk − tk−1 − RP Δtk−1( ). (6)

If Δtk is positive, the impulse is conducted to all adjacent

nodes, otherwise the impulse is blocked due to the ongoing

refractory period RP(Δtk−1). The conduction delay DP(Δtk)
describes the time delay between the arrival of an impulse at a

node and its transmission to all adjacent nodes. If an impulse is

conducted, RP(Δtk) and DP(Δtk) of the current node are updated
according to Eqs. 4–6. For the computation of RP(Δtk) and

DP(Δtk), the nodes in each pathway are characterized by six

parameters, defining minimum refractory period, RP
min;

maximum prolongation of refractory period, ΔRP; time

constant τPR; minimum conduction delay, DP
min; maximum

prolongation of conduction delay, ΔDP; and the time constant

τPD. The SP, FP and CN are modelled with separate vectors

θP � [RP
min, ΔRP, τPR, D

P
min, ΔDP, τPD], all with fixed values.

FIGURE 1
A schematic representation of the AV node model. Note that
retrograde conduction is possible within the AV node model. For
simplicity, only a subset of the ten nodes in each pathway is shown.
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The AV node model processes the impulse propagation

chronologically and node by node, using a priority queue of

nodes, sorted by impulse arrival time; details can be found in

Wallman and Sandberg (2018). The input to the AV node model

is a series of atrial impulses that is used to initialize the priority

queue. As the impulses are conducted to adjacent nodes, new

entries are added to the priority queue. The output of the AV

node model is a series of impulses activating the ventricles.

In this study, the series of atrial impulses during AF is

modelled as a point-process with independent inter-arrival

times according to a Pearson Type IV distribution (Climent

et al., 2011a). Hence, the atrial activation (AA) series is

completely characterized by four parameters, namely the

mean μ, standard deviation σ, skewness γ and kurtosis κ.

2.4 Distribution-based sensitivity analysis

The sensitivity of the three RR series characteristics y �
[RR, RRV, RRI]T to the AV node model and AA series

parameters x � [θSP, θFP, μ, σ]T is evaluated by applying a

distribution-based sensitivity analysis, based on the work of

Pianosi and Wagener, (2018). For the sensitivity analysis,

cumulative distribution functions (CDF) are estimated using a

dataset of K = 250 000 randomly generated model parameter sets

x and the characteristics y of the corresponding simulated RR

series. For each simulation, an atrial impulse series with

60 000 AA intervals was generated using the Pearson Type IV

distribution, with μ randomly drawn from U[100, 250]ms, σ

randomly drawn from U[15, 30]ms, and γ and κ kept fixed to

1 and 6, respectively. The γ and κ were kept fixed since they

cannot be estimated from the f-waves of the ECG. Negative AA

intervals were excluded from the impulse series. The model

parameters θSP and θFP were randomly drawn from bounded

uniform distributions given in Table 1, as previously done in

Karlsson et al. (2021). The θCN were kept fixed according to

Table 1, corresponding to RP(Δtk) andDP(Δtk) of the CN equal to

250 ms and 0 ms, respectively.

The RR series characteristics were computed using a series of

4000 RR intervals corresponding to the first impulses that left the

AV nodemodel through the CN. Two selection criteria were used

to remove non-physiological parameter sets. First, a model

parameter set was only included if the slow pathway had a

lower refractory period RSP(Δtk) < RFP(Δtk) and higher

conduction delay DSP(Δtk) > DFP(Δtk) than the fast pathway

for all Δtk. Second, the resulting RR was required to be in the

range 300 ms ≤RR≤ 1000 ms, corresponding to heart rates

between 60 bpm and 200 bpm. Heart rates below 60 bpm are

disregarded, because the pacemaker function of the AV node,

that becomes relevant in this case (George et al., 2017), is not

incorporated in the AV node model. Heart rates above 200 bpm

are disregarded based on a reported minimum refractory period

in the bundle branches of around 300 ms (Denes et al., 1974).

A sensitivity coefficient Sn,m is computed for each pair of

model parameter xn and RR series characteristic ym, where xn is

the n:th element in x and ym is the m-th element in y. The Sn,m

indicates how much a change in model parameter xn affects the

distribution of ym and is defined as

Sn,m � median
c�1,...,C

median
d�1,...,D

KS F d( )
ym

ym( ), Fym |xn ym|xn ∈ I c( )( ),
(7)

where KS(F(d)
ym

(ym), Fym|xn(ym|xn ∈ I c)) is the

Kolmogorov-Smirnov (KS) distance between the

unconditional CDF F(d)
ym

(ym) and the conditional CDF

Fym |xn(ym|xn ∈ I c). When estimating Fym|xn(ym|xn ∈ I c), the
range of variation of xn is split into C = 15 equally spaced

conditioning intervals I c, with c = 1, . . ., C (cf. Figure 2A). All

samples within I c are used to estimate the corresponding

Fym |xn(ym|xn ∈ I c) (cf. Figure 2B). To generate the set of

F(d)
ym

(ym), with d = 1, . . ., D, a subset of K/C samples are

bootstrapped D = 1000 times (cf. Figures 2A,B). The KS

distance is defined as

KS F1 y( ), F2 y( )( ) � max
y

F1 y( ) − F2 y( )∣∣∣∣ ∣∣∣∣. (8)

As the F(d)
ym

(ym) and Fym|xn(ym|xn ∈ I c) are approximations

based on a finite number of samples, parameters that have no

influence on ym can result in Sn,m above zero. The impact of

approximation errors on Sn,m can be estimated for each ym using

a dummy parameter Dm defined as

Dm � median
d�2,...,D

KS F d( )
ym

ym( ), F 1( )
ym

ym( )( ), (9)

A model parameter xn is determined to have influence on ym
if and only if Sn,m >Dm.

2.5 Extended atrioventricular node model
accounting for autonomic nervous system
induced changes

The results from the sensitivity analysis (Section 3.1) indicate

that changes in both the AV node model parameters and the AA

TABLE 1 Model parameters used for the sensitivity analysis.

Parameters SP (ms) FP (ms) CN (ms)

Rmin U[250, 600] U[250, 600] 250

ΔR U[0, 600] U[0, 600] 0

τR U[50, 300] U[50, 300] 1

Dmin U[0, 30] U[0, 30] 0

ΔD U[0, 75] U[0, 75] 0

τD U[50, 300] U[50, 300] 1
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series parameters have an influence on the RR series

characteristics. Based on this, the AV node model described in

Section 2.3 is extended to account for ANS-induced changes in

the AA series by allowing μ(t) and σ(t) of the Pearson Type IV

distribution to vary over time. Moreover, the AV nodemodel was

extended by two scaling factors AR and AD, accounting for the

effect of changes in autonomic tone on refractory period (AR) and

on conduction delay (AD).

RP Δtk, AR( ) � AR · RP Δtk( ) � AR RP
min + ΔRP 1 − e−Δtk/τPR( )( )

(10)
DP Δtk, AD( ) � AD ·DP Δtk( ) � AD DP

min + ΔDPe−Δtk/τPD( ) (11)

The factors AR and AD model the combined effect of changes

in sympathetic and parasympathetic activity and do not differ

between the SP, FP and CN.

FIGURE 2
Illustration of the distribution-based sensitivity analysis. (A) RR plotted against one of the model parameters ΔRSP. The samples that are used to
estimate the conditional CDFs Fym |xn(ym|xn ∈ Ic) are illustrated as circles and the conditioning intervals Ic are illustratedwith vertical dotted lines. The
samples that are used to estimate the unconditional CDF F(d)ym

(ym) are illustrated as diamonds. (B) Fym |xn(ym|xn ∈ Ic) are illustrated as black lines,
where the leftmost line corresponds to Fym |xn(ym|xn ∈ I 1)with the lowest ΔRSP values and the rightmost line corresponds to Fym |xn(ym|xn ∈ I 15).
The 1,000 F(d)ym

(ym) lay all within the area illustrated by the red patch. (C) Each of the 15 squares correspond to
median
d�1,...,D

KS(F(d)ym
(ym), Fym |xn(ym|xn ∈ Ic)).

FIGURE 3
Schematic illustrating how the clinical and simulated RR series characteristic trends are computed.
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2.6 Tilt-induced changes in extended
atrioventricular node model

In this section, the extended AV node model proposed in

Section 2.5 is investigated with respect to its ability to mimic tilt-

induced changes in RR series characteristics.

The clinical ECG signals (cf. Section 2.1) are used to generate

AA series for the AV node model input and to compare the

characteristics of the simulated RR series to the clinical RR series

(cf. Figure 3). For this purpose, a continuous 15-min ECG signal

with 5 minutes per supine, HDT and HUT position was desired

for each patient. In the clinical data, however, the length of the

three tilt positions varied between patients with the supine

position being between 5 and 13 min, HDT being between

5 and 7 min and HUT being between 5 and 9 min. For two

patients, there was an additional minute in supine position

between the HDT and HUT. The ECG signals were aligned to

the middle of the HDT section and a 15-min long segment

centered around the same midpoint was chosen for each patient

(cf. Figure 4).

The clinical RR series characteristic trends RR
C(t, p),

RRC
V(t, p) and RRC

I(t, p) for each patient p are computed

from the RR intervals using a sliding window of length N

according to Eqs. 1–3 (cf. Figure 3). For RRV and RRI, N is

set to 200, because shorter RR interval series might lead to

inaccuracies in the sample entropy computation (Yentes et al.,

2013). For RR, N is set to 100, as its computation is more robust

than the computation of RRV and RRI and shorter RR interval

series allow for a better temporal resolution. RR intervals in the

clinical RR series preceding and following ectopic beats were

excluded. For the computation of RRI according to Eq. 3, vectors

Vl
i with excluded RR intervals were omitted. The RR series

characteristic trends of each patient RR
C(t, p), RRC

V(t, p) and

RRC
I(t, p) were averaged over all 24 patients to obtain

population-averaged clinical trends RR
C(t), RRC

V(t) and

RRC
I(t) (cf. Figure 3).

For the generation of the AA series, first, an atrial fibrillatory

rate (AFR) trend is estimated from each 15-min ECG segment

(cf. Figure 3). The AFR is estimated by fitting a complex

sinusoidal model to the f-waves of the ECG, following

spatiotemporal QRST cancellation, as described in Henriksson

et al. (2018). From each of the resulting AFR trends, the AA series

parameters μ(t, p) and σ(t, p) are estimated by the mean and

standard deviation of 1/AFR using 1-min sliding windows; the

resolution of the AFR trend is 0.02 s (cf. Figure 3). Then, μ(t, p)

and σ(t, p) are averaged over all 24 patients, resulting in the

population-averaged trends μ(t) and σ(t) (cf. Figure 3). Finally,

the AA series is iteratively generated (cf. Figure 3). The first AA

interval is drawn from the Pearson Type IV distribution with

μ(0) and σ(0), and each consecutive AA interval is drawn from

the distribution with μ(ti) and σ(ti) where ti corresponds to the

accumulated time of the previous AA intervals. The γ and κ of the

Pearson Type IV distribution were kept fixed to 1 and 6,

respectively.

For the simulations using the original and extended model, a

set of 240 AV node model parameter vectors x′ �
[θSP, θFP, θCN]T were generated (cf. Figure 3). Ten parameter

vectors per patient were selected from a set of randomly drawn

parameter sets based on their ability to replicate the RR series

characteristics of the 5-min long supine segment of the respective

patient. A detailed description of the parameter sets and the

selection process can be found in the Supplementary Section 1.

The ranges of the model parameters in the 240 parameter sets are

given in Table 2.

For the computation of simulated RR series characteristic

trends using the original and the extended model, respectively,

simulations were performed with each of the 240 parameter sets

using 10 different realizations of the AA series generated from

μ(t) and σ(t). In the original model, the scaling factors AR and AD

are not included, which is equivalent to the extended model using

AR = 1 and AD = 1 (cf. Figure 3). In the extended model, AR and

AD were allowed to change between supine and HDT and

between HDT and HUT, respectively, but were assumed to

remain constant within each position. Hence, for the extended

model, AR and AD were set to 1 in the supine position, and

different combinations of AR ∈ {0.95, 1, 1.05} and AD ∈ {0.8, 1,

FIGURE 4
Tilt recordings of 24 patients divided into supine (blue), HDT
(red) and HUT (yellow). The bars represent the length of the
recorded ECG data. All recordings are centered along the middle
of the HDT section.

TABLE 2 Ranges of the 240model parameters used for the illustration
(mean ± std).

Parameters SP (ms) FP (ms) CN (ms)

Rmin 339 ± 77 493 ± 82 250 ± 0

ΔR 232 ± 112 369 ± 161 0 ± 0

τR 160 ± 77 162 ± 72 1 ± 0

Dmin 20 ± 7 7 ± 6 0 ± 0

ΔD 39 ± 20 23 ± 16 0 ± 0

τD 171 ± 71 163 ± 70 1 ± 0
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1.2} were used for the simulations during HDT and HUT. For

each simulation s, the mean RR interval trends RR
O(t, s) and

RR
E(t, s) were computed from the RR interval series using a

sliding window of length N = 100 (cf. Eq. 1). Whereas the RR

variability and RR irregularity trends RRO
V(t, s) and RRO

I(t, s), as
well as RRE

V(t, s) and RRE
I(t, s) were computed from the RR

interval series using a sliding window of lengthN = 200 (cf. Eqs. 2

and 3). The simulated RR series characteristic trends were

averaged over all parameter sets and realizations to obtain the

population-averaged simulated trends RR
O(t), RRO

V(t) and

RRO
I(t) for the original model and RR

E(t), RRE
V(t) and RRE

I(t)
for the extended model (cf. Figure 3).

2.7 Statistical analysis

A Wilcoxon signed rank test was applied to determine if

AFR, RR, RRV and RRI differed significantly between supine,

HDT and HUT. For the analysis, the AFR and RR series

characteristics were computed for each patient and tilt

position using the 5-min long ECG segments (cf. Figure 4). A

p-value < 0.05 was considered significant.

3 Results

3.1 Sensitivity analysis

Results from the distribution-based sensitivity analysis (described

in Section 2.4) with respect to the influence of the AV node model

parameters on RR series characteristics are shown in Figure 5. Heart

rate, quantified by RR is predominantly sensitive to changes in the

refractory period parameters with the four largest contributors being

the Rmin and ΔR parameters of both pathways. In contrast, the

changes in the conduction delay had little influence on the RR, with

ΔDSP being the only conduction delay parameter that is slightly above

the dummy threshold. Changes in the mean of the AA series μ were

also influential on the RR, while changes in the standard deviation σ

of the AA series are not considered to have influence to changes in

RR.

For RRV quantifying RR series variability, nearly all model

parameters of the refractory period, conduction delay and AA

series had sensitivity coefficients above the dummy threshold.

The four largest contributors to changes in the RRV were the ΔR
parameters of both pathways, as well as the minimum refractory

period and minimum conduction delay of the fast pathway, RFP
min

and DFP
min.

The RRI quantifying RR series irregularity was also influenced by

most model parameters of the refractory period, conduction delay

and AA series. The four largest contributors were the minimum

refractory period of the slow pathway RSP
min, the standard deviation σ

of the AA series and the maximum prolongation of the refractory

period and conduction delay of the slow pathway, ΔRSP and ΔDSP.

3.2 Clinical data

The AFR decreased significantly from the supine position to

HDT and increased significantly from HDT to HUT, where the

FIGURE 5
Distribution-based sensitivity indices describing the influence of changes in the 14 model parameters to changes in the three RR series
characteristics. A model parameter is assumed to have influence on the RR series characteristics if the sensitivity coefficient is above the threshold of
the dummy parameter (horizontal black line), otherwise it is not influential and illustrated with a white bar. The black vertical line illustrates the 95%
confidence interval of the t bootstrapping iterations of the sensitivity coefficient. The ranking of the four most influential model parameters for
each RR series characteristic is shown with the numbers above the bars.

TABLE 3 Mean ± std of AFR and RR series characteristics of the
24 patients in the study population for each tilt position.

Tilt Position Supine HDT HUT

AFR mean (Hz) 6.78 ± 0.64 6.62 ± 0.7** 6.84 ± 0.63*,†

RR (ms) 656 ± 126 642 ± 111* 613 ± 115**,†

RRV (ms) 192 ± 54 182 ± 45 176 ± 51**

RRI 2.09 ± 0.2 2.05 ± 0.28 1.95 ± 0.31**

HDT, head-down tilt; HUT, head-up tilt. *p < 0.05 vs Supine. **p < 0.01 vs Supine. †p <
0.05 vs HDT.
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AFR during HUT was significantly higher than during supine

(Table 3). The heart rate increased during HDT and increased

further during HUT (Table 3). The results align with the

observations of Östenson et al. (2017). The variability and

irregularity of the RR series decreased during HDT and

decreased further during HUT (Table 3). For the variability

and irregularity of the RR series, only the differences between

supine and HUT were statistically significant.

3.3 Tilt-induced changes in
atrioventricular node model

The average of μ(t) and σ(t) over all 24 patients is illustrated

in Figure 6. The μ(t) shows a clear variation during HDT and

HUT, but not in supine position, where μ(t) was approximately

constant around 150 ms. Compared to μ(t) during supine

position, μ(t) increased during HDT and decreased during

HUT (cf. Figure 6).

In Figure 7, the characteristics RR
C(t), RRC

V(t) and RRC
I(t)

estimated from clinical data during tilt test are illustrated. It can

be seen that RR
C(t), RRC

V(t) and RRC
I(t) are decreasing from

supine to HDT and decreasing further fromHDT to HUT.When

performing the simulations with the original model, RR
O(t),

RRO
V(t) and RRO

I(t) are decreasing from supine to HDT, but

increasing fromHDT to HUT.When performing the simulations

with the extended model, RR
E(t), RRE

V(t) and RRE
I(t) are

decreasing from supine to HDT and decreasing further from

HDT to HUT. Comparing the clinical and simulated trends of

RR(t) and RRV(t), it can be seen that the extended model

accounting for ANS-induced changes can better replicate the

observed changes to the clinical RR series characteristics

compared to the original model. For RRI(t), both the original

and extended model produce RR series that are more regular

than the clinical RR series, as the irregularity quantified by the

sample entropy is higher for the clinical RR series. For the

simulated RR series characteristics of the extended model, the

average of RR
E(t), RRE

V(t) and RRE
I(t) during the 5 min in HDT

and HUT were illustrated for the nine different combinations of

AR ∈ {0.95, 1, 1.05} and AD ∈ {0.9, 1, 1.1}. For RRE(t), RRE
V(t) and

RRE
I(t), an increase in AR causes an increase, and for RR

E(t) and
RRE

V(t), an increase in AD causes an increase. However, for

RRE
I(t), an increase in AD instead causes a decrease. The RR

E(t),
RRE

V(t) and RRE
I(t) are obtained using AR = 1 and AD = 0.9

during HDT and AR = 0.95 and AD = 0.9 during HUT and are

displayed in Figure 7; the scaling factors were chosen so that the

resulting RR
E(t) and RRE

V(t) matches RR
C(t) and RRC

V(t).

4 Discussion

The aim of this study was to extend the AV node model

(Wallman and Sandberg, 2018) to incorporate ANS-induced

changes. The extension of the AV node model was guided by

a distribution-based sensitivity analysis. The sensitivity analysis

indicated that the refractory period and conduction delay

parameters as well as the atrial impulse series had a

significant influence on the heart rate as well as the variability

and the irregularity of the RR series, while the most influential

parameters were predominantly those describing the refractory

period. Rather than modelling the effect of the sympathetic and

parasympathetic activity separately, we describe the joint effects,

i.e., the autonomic tone. We proposed an extension to the AV

node model that accounts for the ANS-induced changes by

introducing scaling factors for the refractory period and

conduction delay. The capability of the extended AV node

model to replicate ANS-induced changes was investigated by

comparison to ECG data acquired during tilt test.

Our results (Figure 7) indicate that the extended model, but not

the original, could replicate the observed changes in the clinical RR

series characteristics during HUT and HDT, since the changes in RR

series characteristics could not be explained by changes in atrial

activity alone. TheRR
E(t),RRE

V(t) andRRE
I(t) (Figure 7) show that a

decrease in refractory period and conduction delay allow the model

to replicate the decrease in RR
C(t), RRC

V(t) and RRC
I(t). Conversely,

if the refractory period and conduction delay are kept fixed for

RR
O(t), RRO

V(t) and RRO
I(t), all three RR series characteristics

increase during HUT, which is the opposite direction of change

of RR
C(t), RRC

V(t) and RRC
I(t). When comparing RRO

I(t) and

RRE
I(t) with RRC

I(t), it can be seen that the sample entropy of

the simulated RR series is lower than that of the clinical RR series.

This highlights that the simulated RR series aremore regular than the

clinical RR series. One possible explanation for a lower irregularity in

simulated RR series is the lack of short-term variations in AV node

refractoriness and conduction delay. Such short-term variations may

be induced by respiratory modulation in ANS activity. Thus, a

natural next step in our model development will be to

incorporate the respiratory modulation of the ANS, likely via

periodical variations in the scaling factors AR and AD.

FIGURE 6
Averaged mean and standard deviation of the AA series
estimated from ECG recordings of 24 patients. The first 5 minwere
during supine position, followed by 5 min of HDT and 5 min of
HUT. The horizontal dotted line illustrates the average of the
μ trend during the first 5 min.
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Many electrophysiological (EP) studies have demonstrated

that an increase in sympathetic activity is causing a decrease in

the human AV nodal conduction delay (Lister et al., 1965;

Dhingra et al., 1973; Morady et al., 1988; Cossú et al., 1997)

and a decrease in the refractory period (Morady et al., 1988;

Cossú et al., 1997). Moreover, a decrease in sympathetic activity

in the human AV node is causing an increase in conduction delay

and refractory period (Morady et al., 1988). Head-up tilt is

associated with increased sympathetic tone, and it has been

demonstrated that the AV nodal conduction delay and

refractory period decrease when changing the posture from

supine to standing (Hashimoto et al., 1991). The results in

Figure 7 confirm that a reduction in the conduction delay

using AD = 0.9 and a reduction in the refractory period using

AR = 0.95 better replicate the observed changes in the clinical RR

series characteristics than the original model during HUT.

Decreases in refractory period and conduction delay of up to

30% in response to isoproterenol-induced increases in

sympathetic activity have been reported (Lister et al., 1965;

Dhingra et al., 1973; Cossú et al., 1997). However, when

considering that the reported changes in heart rate due to the

isoproterenol administration is larger than the observed changes

in RR during tilt, the parameter choice of AD = 0.9 and AR = 0.95

are reasonable for the tilt test data used in this study.

Increased parasympathetic activity has been associated with

an increased conduction delay (Martin, 1977); studies in dogs

reported an increased conduction delay with acetylcholine

administration (Priola et al., 1983; Bertrix et al., 1984) and

vagal stimulation (Spear and Moore, 1973; Martin, 1975;

Pirola and Potter, 1990). Moreover, there are indications that

an increased parasympathetic activity is associated with an

increased refractory period (Martin, 1977); experimental

studies using rabbit hearts reported an increased AV-nodal

refractory period (West and Toda, 1967) and occurrences of

2:1 AV nodal block (Cranefield et al., 1959) with acetylcholine

administration, and studies in dogs reported occurrences of AV

block with acetylcholine administration (Hageman et al., 1985)

and vagal stimulation (Spear and Moore, 1973; Hageman et al.,

1985).

It is unclear how the HDT affects the sympathetic and

parasympathetic activity. The results in Figure 7 show that a

reduction in the conduction delay using AD = 0.9 and no

modification of the refractory period using AR = 1 better

replicate the observed changes in the clinical RR series

characteristics than the original model during HDT. These

results are consistent with possible slight increase in

sympathetic tone provoked by HDT. However, other

interpretations are possible. Nagaya et al. (1995) postulated a

diminished sympathetic activity in HDT. Under that hypothesis,

the results in Figure 7 suggest a decrease in parasympathetic tone

to revert the direction of change caused by a decreased

sympathetic tone. It should be noted that the model presented

here does not distinguish between these two possibilities, since

FIGURE 7
Average clinical RR series characteristics (A) RR

C(t) (B) RRC
V(t)

and (C) RRC
I (t) (yellow) and average simulated RR series

characteristics for the original model (A) RR
O(t) (B) RRO

V (t) and (C)
RRO

I (t) (red) and average simulated RR series characteristics
for the extended model (A) RR

E(t) (B) RRE
V(t) and (C) RRE

I(t) (blue).
The dashed black lines mark the transition between the supine and
HDT, and HDT and HUT, respectively. Horizontal black lines show
5-min averages of RR

E(t), RRE
V(t) and RRE

I(t) during HDT or HUT
with AR as indicated and AD = 1. Arrows show the impact of
perturbing AD by +0.1 (arrow pointing up) or −0.1 (arrow pointing
down).
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AD and AR are modelling the joint effect of changes in

parasympathetic and sympathetic activity. Hence, the scale

factor AD = 0.9 during HDT could be reflecting either a slight

increase in sympathetic activity, a slight decrease in

parasympathetic activity, a larger increase in sympathetic

activity combined with an increase in parasympathetic

activity, or a large decrease in parasympathetic activity

combined with a decrease in sympathetic activity.

The set of scaling factors AR and AD used to create RR
E(t),

RRE
V(t) and RRE

I(t) in Figure 7 results in RR series characteristics

similar to that observed during HDT and HUT. The results in

Figure 7 show that a scaling factor AR below 1, i.e., a decrease of

the refractory period, causes a decrease in RR
E(t), RRE

V(t) and
RRE

I(t). Conversely, a scaling factorAR above 1, i.e., an increase of

the refractory period, causes an increase in RR
E(t), RRE

V(t) and
RRE

I(t). A scaling factor AD below 1, i.e., a decrease in conduction

delay, causes a decrease in RR
E(t), RRE

V(t) and vice versa. The

opposite relationship can be seen for the RR series irregularity,

where a scaling factor AD below 1 causes an increase in RRE
I(t)

and vice versa. Moreover, when considering one RR series

characteristic at a time, it can be anticipated in Figure 7 that

the same 5-min average value of the RR series characteristics can

be achieved with different combinations of AR and AD. Hence,

considering all three RR series characteristics simultaneously

increases the likelihood of identifying a unique pair of scaling

factors AR and AD that fits the observed data.

To reduce the complexity of the model, the refractoriness and

conduction delay of the SP, FP and CN aremodified with the same

AR and AD. However, due to the structural and molecular

heterogeneity of the different pathways, it is likely that the

ANS-induced changes affect each pathway differently (George

et al., 2017). In rabbit hearts, it was reported that acetylcholine

strongly affects fibers of the atrionodal junction but does not show

any effect in the lower part of the node or the bundle of His

(Trautwein, 1963). In the description of the AV node model, the

CN is merging the impulses from the SP and FP and its refractory

period and conduction delay is independent of Δtk. In contrast to

Karlsson et al. (2021),RCN
min was set to theminimumof the bounded

uniform distributions for the RSP
min and the RFP

min given in Table 1.

Further, the conduction delay of the CN was set to 0, as other

choices of a constant conduction delay would not have changed the

resulting RR series. In previous work on the network model

(Wallman and Sandberg, 2018; Karlsson et al., 2021), the AA

interval series was modelled as a Poisson process. However, based

on results of Climent et al. (2011a), a Pearson Type IV distribution

better reproduces the statistical properties of the AA interval series

during AF and was therefore chosen in the present study. The

mean and standard deviation of the Pearson Type IV distribution

were determined from the mean and standard deviation of the

AFR. However, the skewness and kurtosis were fixed, as their

sensitivity coefficients were uninfluential (data not shown) and

since there is no straight-forward way to estimate these parameters

from the f-waves of the ECG.

In the present study, the ability of the extended model to

mimic tilt-induced changes was investigated using data from a

previous study (Östenson et al., 2017), with tilt angles fixed to

-30° in HDT and 60° in HUT, respectively. Different tilt angles of

the tilt, i.e., different magnitude of the orthostatic stimulus, may

affect the ANS response and hence the resulting RR series

characteristics. Previous results from patients in normal sinus

rhythm show that the sample entropy of the RR series was

decreasing during HUT from 0° to 60° but remained roughly

constant from 60° to 90° (Porta et al., 2007). Based on these

results, we assume that the tilt angle of 60° is sufficiently large to

induce changes in autonomic tone. Access to data from patients

with AF during other tilt-inclinations could potentially be used to

refine the model to take the degree on inclination into account.

The tilt-induced changes in RR series irregularity observed in the

present study are in line with the results in Patel et al. (2018),

where a decrease in RR sample entropy in response to HUT in

patients with AF was reported. The tilt-induced changes in RR

series irregularity observed in the present study are also in line

with the changes reported for patients in normal sinus rhythm

during HUT (Porta et al., 2007). Results from previous studies

suggest that the RR series irregularity during normal sinus

rhythm increase in response to HDT (Porta et al., 2015),

whereas a slight but not significant decrease was observed in

the present study with patients in AF. However, it should be

noted that origin of RR series variability and irregularity during

AF differs from that during normal sinus rhythm and hence, the

interpretation of the results with respect to autonomic tone may

be different.

The effect of the ANS-induced activity was investigated with

respect to its ability to mimic the population-averaged changes

observed during tilt test. The RMSSD and sample entropy were

used to quantify RR series variability and irregularity,

respectively, since these statistical measures have been used in

previous studies to assess changes in RR series characteristics

during AF in response to drugs (Corino et al., 2015) and tilt-test

(Patel et al., 2018). Population-averaged trends were chosen over

the trends of individual patients to reduce the uncertainty in the

estimation of the clinical RRV and RRI trends. The parameter sets

used for the simulations in Section 2.6 were selected to be

representative of the patients in the present study based on

their ability to replicate RR series characteristics observed

during supine position. However, it should be noted that

fitting of the model to individual patients is outside the scope

of the present study. Due to the short measurement duration of

the clinical data, a robust estimation of individual model

parameters is not to be expected with the present

methodology (Karlsson et al., 2021). Longer measurements

from more patients will allow model development and

evaluation on a patient-specific basis, forming an attractive

next step.

A distribution-based sensitivity analysis was chosen over a

variance-based method, because the distributions of the
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simulated RR series characteristics are highly-skewed and multi-

modal. Hence, variance alone cannot adequately represent the

uncertainty (Pianosi andWagener, 2018). Instead, a distribution-

based method characterizes the uncertainty and sensitivity by

investigating the entire distribution of the model outputs

(Pianosi and Wagener, 2018). The results of the sensitivity

analysis in Figure 5 indicate that τSPD is the only model

parameter that is uninfluential, since the sensitivity

coefficients for all three RR series characteristics are below the

dummy threshold. One important outcome of the sensitivity

analysis therefore is that the refractory period and conduction

delay of the AV node as well as the atrial input are influencing the

RR series characteristics. For simplicity, we are proposing a linear

scaling of refractory period and conduction delay parameters, but

it would be interesting to refine this model description in the light

of additional clinical data. It should be noted that the sensitivity

coefficients Sn,m are quantifying sensitivity on a global scale, and

that there may be large local variations. As a result, the extent of

variation in RR(t), RRV(t) and RRI(t) for a set of scaling factors

AR and AD depend on the model parameters. For example, in

Figure 7, it is clear that the scaling factor AD affects RR(t), while
the sensitivity analysis (Figure 5) indicates that the influence of

changes in conduction delay on RR(t) is very limited on a global

scale.

In the present study, the estimates in RRE
V(t) and RRE

I(t)
were based on sliding windows of N = 200 RR intervals. The

choice of N is a tradeoff between estimation accuracy and

time resolution. The sample entropy estimation is expected to

stabilize with greater N and a minimum of N ≥ 200 was

recommended by Yentes et al. (2013). In the present study, N

was chosen as short as possible in favour of time resolution to

investigate the ANS-induced changes in the RR series

characteristics during tilt. To accommodate the estimation

uncertainty resulting from a small N, the simulated RR series

characteristics trends were averaged over 10 repeated

simulations for 240 different parameter sets. For the

sensitivity analysis, N was chosen to be 4,000 in favour of

estimation accuracy since the simulation was stationary.

While ANS modulation has been extensively studied

during normal sinus rhythm (Porta et al., 2007; Porta

et al., 2015; Sassi et al., 2015; Patel et al., 2018), no

attempts have been made towards the estimation of ANS

modulation during persistent AF. The present study is a first

step towards developing a model of the AV node that will

ultimately be used to quantify ANS modulation on a patient

specific basis by fitting to RR interval series and information

on atrial electrical activity obtained from clinical ECG

recordings. The results (Figure 7) show that the proposed

extended model of the AV node accounting for changes in

autonomic tone can better replicate changes in RR series

characteristics observed during tilt-test than the original

model, implying that this is a viable approach to take.

Further developments are needed to incorporate ANS

modulation in the model and methodology for robust

estimation of such modulation from clinical data.

5 Conclusion

Wepresent an extended AVnodemodel that incorporates ANS-

induced changes. The extension was guided by a distribution-based

sensitivity analysis showing that changes in refractoriness and

conduction delay of the AV node as well as changes in atrial

activity significantly influence the RR series characteristics. We

demonstrate that the model extension is needed to replicate the

changes in heart rate and RR series variability and irregularity

observed during head-up and head-down tilt.
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in the f-wave frequency trend
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Background: The autonomic nervous system (ANS) is known as a potent

modulator of the initiation and perpetuation of atrial fibrillation (AF), hence

information about ANS activity during AF may improve treatment strategy.

Respiratory induced ANS variation in the f-waves of the ECG may provide

such information.

Objective: This paper proposes a novel approach for improved estimation of

such respiratory induced variations and investigates the impact of deep

breathing on the f-wave frequency in AF patients.

Methods: A harmonic model is fitted to the f-wave signal to estimate a high-

resolution f-wave frequency trend, and an orthogonal subspace projection

approach is employed to quantify variations in the frequency trend that are

linearly related to respiration using an ECG-derived respiration signal. The

performance of the proposed approach is evaluated and compared to that

of a previously proposed bandpass filtering approach using simulated f-wave

signals. Further, the proposed approach is applied to analyze ECGdata recorded

for 5 min during baseline and 1 min deep breathing from 28 AF patients from the

Swedish cardiopulmonary bioimage study (SCAPIS).

Results: The simulation results show that the estimates of respiratory variations

obtained using the proposed approach are more accurate than estimates

obtained using the previous approach. Results from the analysis of SCAPIS

data show no significant differences between baseline and deep breathing in

heart rate (75.5 ± 22.9 vs. 74 ± 22.3) bpm, atrial fibrillation rate (6.93 ± 1.18 vs.

6.94 ± 0.66) Hz and respiratory f-wave frequency variations (0.130 ± 0.042 vs.

0.130 ± 0.034) Hz. However, individual variations are largewith changes in heart

rate and atrial fibrillatory rate in response to deep breathing ranging from −9% to

+5% and −8% to +6%, respectively and there is a weak correlation between

changes in heart rate and changes in atrial fibrillatory rate (r = 0.38, p < 0.03).

Conclusion: Respiratory induced f-wave frequency variations were observed at

baseline and during deep breathing. No significant changes in themagnitude of

these variations in response to deep breathing was observed in the present

study population.
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1 Introduction

Atrial fibrillation is known as the most common heart

arrhythmia and is a growing public health concern worldwide.

Atrial fibrillation has been estimated to affect 10 million people in

theUnited States by 2050 (Miyasaka et al., 2006) and 17.9million in

Europe by 2060, with more than half of these patients aged 80 years

or older (Krijthe et al., 2013). Atrial fibrillation is associated with

increased mortality and morbidity resulting from stroke and

congestive heart failure, and increased hospitalization costs

(Patel et al., 2014). Despite progression in AF treatment,

including medications aimed at controlling heart rate, rhythm,

or both, and ablative therapy, finding the most accurate therapy for

an individual patient is still problematic (Crandall et al., 2009).

Historically, research has shown that multiple etiological

mechanisms, such as atrial fibrosis, ion-channel dysfunction,

autonomic imbalance, and genetic background, likely drive the

factors associated with the maintenance and progression of AF (Lip

et al., 2010; Fabritz et al., 2016).

This study focuses on respiratory modulation in the atrial

activity during AF. It is well established from a variety of studies

that the refractory period of the atria during atrial fibrillation can be

influenced by various underlying mechanisms, including

pathological changes, electrophysiological dynamics, and an

imbalanced autonomic tone (Waldo, 2003; Nitta et al., 2004;

Saksena et al., 2005). The refractory period of the atria has been

found to have linear correlation with f-waves frequency (Capucci

et al., 1995). The frequency of the f-waves in the ECG, also referred

to as the atrial fibrillatory rate (AFR) (Platonov et al., 2014), has

previously been analyzed with respect to ANS induded changes

during AF. For instance (Stridh et al., 2003; Holmqvist et al., 2005),

have shown that variation in the f-wave frequency during

controlled respiration can be linked to the parasympathetic

activity. Östenson et al. studied changes in the f-wave frequency

in response to changes in ANS tone induced by tilt-test in

40 patients with persistent AF, results showed f-wave frequency

decreased during head-down tilt (HDT) compared to baseline and

increased during head-up tilt (HUT) (Östenson et al., 2017). In a

previous study, we investigated changes in f-wave frequency

variations in response to controlled respiration (Abdollahpur

et al., 2021). In a study population of eight pacemaker patients

with permanent AF recorded at baseline, during controlled

respiration, and during controlled respiration after injection of

atropine. Briefly, a high-resolution f-wave frequency trend

obtained using model-based approach was filtered using a

narrow bandpass filter with center frequency corresponding to

respiration rate and fixed bandwidth. The envelope of the filtered

frequency trend served as an estimate of the magnitude of the

respiratory variation; the results indicated that this magnitude was

affected by parasympathetic regulation (Abdollahpur et al., 2021).

The present study addresses main weaknesses of our previous

study. In contrast to the previous study, where the AF patients

had pacemakers set at a fixed heart rate, the present study is based

on AF patients without pacemaker whose heart rate varies over

time. Such variations in heart rate may affect the ANS and hence

the ANS induced variations in atrial electrical activity. Second,

the previous approach to quantify respiratory variation in the

f-wave frequency is sensitive to noise and cannot handle time-

varying respiration rates. Hence, the objectives of the present

study were twofold: 1) To propose a novel subspace projection

approach to quantify respiratory variation in the f-wave

frequency trend that is robust to noise and can handle time-

varying respiration, and 2) to investigate the impacts of deep

breathing on the f-wave frequency in a population of AF patients

without a pacemaker.

2 Materials and methods

A schematic overview of themethodology is shown in Figure 1.

The clinical data is described in Section 2.1, the ECG processing

aiming to obtain an f-wave signal x(n) is explained in Section 2.2.

As follow, a model-based approach is applied to the extracted

signal x(n) to estimate an f-wave frequency trend f(n) (Section 2.3).

An ECG-derived respiration signal r(n) is estimated using the slope

range approach (Section 2.4). Respiratory variation in f(n) is

estimated using orthogonal subspace projection method (Section

2.5). Simulated f-wave signals are used to evaluate the performance

of the proposed methodology (Section 2.6). Finally, statistical tests

are applied to the results from analysis of clinical data to determine

if there is a significant differences in heart rate, f-wave frequency,

and respiratory variation in f-wave frequency trend between deep

breathing phase and baseline (Section 2.7).

2.1 ECG data

The study population consists of a subset of 28 participants

from the Swedish cardiopulmonary bioimage study (SCAPIS)

(Bergström et al., 2015) that were diagnosed with AF. The clinical

characteristics of the study population are summarized in

Table 1. The subjects performed a deep breathing task. The

task was 5-s inhalation and 5-s exhalation as deep-breathing (D)

phase for 1 min, and as follows 5 min during baseline (B); the

patients were in AF during the recordings. For further details on

the study protocol, the reader is referred to (Engström et al.,
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2022). A standard 12-lead ECG at 500 Hz sampling rate was

recorded throughout the protocol.

2.2 ECG processing

TheCardioLund ECGparser (CardioLundResearchAB, Lund,

Sweden) is used for preprocessing, beat-detection, and beat

classification and QRST cancellation. Briefly, in this software, a

linear-phase high-pass filter is applied to the ECG to eliminate

baseline wander, and fiducial points in the QRS complexes are

detected; also, the QRS complexes are classified based on their

morphology. The ectopic beats were identified based on correlation

to template beats and were clustered and treated as a separate class

for the QRST-cancellation. The QRS interval yil(n) is set to

140 ms, starting 110 ms before the end of the S wave and

finishing 30 ms after the end of the S wave, where i and l

denotes beat-number and lead, respectively. A spatiotemporal

QRST cancellation approach (Stridh and Sörnmo, 2001) is

employed to extract f-wave signals from the ECG. This average

beat subtraction method compensates for minor morphological

variations in the QRST complex by combining beat averages from

different leads. For each beat class, one beat average is calculated

and used for QRST cancellation in the corresponded beats in the

ECG leads. The extracted f-wave signal is downsampled from

1 kHz to 50 Hz using appropriate low-pass filtering and

decimation since such signals have negligible frequency content

above 25 Hz. In the present study, the extracted f-wave signal from

lead V1 denoted x(n), is subjected to analysis. For further analysis,

the ECG data was divided into 1-min segments, resulting in five

segments at baseline and one segment during deep breathing. The

AFR and respiratory f-wave modulation was estimated from each

1-min segment of x(n) as described in Section 2.3 and Section 2.5,

respectively. A respiration signal, which is required for estimation

of respiratory f-wave modulation, was obtained from the

corresponding QRS intervals yil(n) as described in Section 2.4;

ectopic beats were removed for this analysis. For each patient,

results from the 1-min segments recorded at baseline were

averaged to obtain the heart rate (HRB), atrial fibrillatory rate

FIGURE 1
Schematic representation of the methodology.

TABLE 1 Clinical characteristics of patients.

Number

Age (mean ± SD, range) 60.1 ± 4.0 [50.1–64.9]

Men (%) 23 (82)

BMI (mean ± SD, range) 31.8 ± 7.2 [18.8–50.8]

Systolic BP 124 ± 23 [90–188]

Diastolic BP 79.9 ± 11 [61–104]

Hypertension*(%) 17 (61)

Diabetes (%) 2 (7)

Never smokers (%) 9 (32)

Heart failure (%) 2 (7)

Previous AMI or angina (%) 2 (7)

Treatment

Beta blocker (%) 15 (54)

Ca-antagonist (%) 6 (21)

Antiarrhythmic drug (%) 4 (14)

p ≥140/90 mmHg or treatment for hypertension.

Frontiers in Physiology frontiersin.org03

Abdollahpur et al. 10.3389/fphys.2022.976925

69

https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://doi.org/10.3389/fphys.2022.976925


(AFRB), and respiratory f-wave frequency modulation (ΔfOSP
B),

respectively. The corresponding estimates during deep breathing

(HRD, AFRD, ΔfOSP
D) were based on one segment.

2.3 Estimation of f-wave frequency trend

For the estimation of a high-resolution f-wave frequency

trend, a harmonic f-wave model (Henriksson et al., 2018) is

employed. The model f-wave signal is defined as the sum of a

complex exponential signal with fundamental frequency f and its

second harmonic,

s n; θ( ) � ∑2
m�1

Ame
j m2π f

fs
n+ϕm( ), (1)

where Am and ϕm denote the amplitude and phase of m:th

harmonic, respectively, and fs is sampling frequency. The use of

two harmonics in the model is motivated by the observations in

(Henriksson et al., 2018), that additional harmonic results in more

noise due to the additional degrees of freedom of this model. The

parameters θ � [f A1 A2 ϕ1 ϕ2]T, are estimated by fitting

the harmonic model s (n; θ) to the analytic equivalent of x(n),

denoted xa(n), using maximum likelihood approach.

θ̂ � arg min
θ

‖xa n( ) − s n; θ( )‖2, (2)

The model is fitted to 20 ms overlapping 0.5-second segments of

xa(n). For this fitting, f is constrained to the interval [f0 ± 1.5] Hz,

where global frequency estimate (f0) is the maximum peak in the

interval [4,12] Hz of the Welch periodogram of the whole x(n).

The estimates of f result in an f-wave frequency trend f(n)

sampled at 50 Hz. Then, correspond to the sampling rate of

the respiration signal (cf. Section 2.4), f(n) is resampled to 5Hz.

To quantify accuracy of the fitted model, a signal quality index,

denoted S, is computed

S � 1 − σ ê
σxa

, (3)

where σ ê and σxa denote the standard deviation of the model

error (ê(n) � xa(n) − s(n; θ̂)) and xa(n), respectively. In this

study, S is computed for non-overlappning 5 s segments. S
ranges from 0 to 1, where a higher value corresponds to a

better fit. Only segments with S > 0.3 is considered for further

analysis, since previous studies has shown that S larger than

0.3 was sufficient for accurate estimation of f(n) (Henriksson

et al., 2018). The atrial fibrillatory rate (AFR) is estimated by the

median of f(n).

2.4 Estimation of ECG-derived respiration

The slope range method (Kontaxis et al., 2019) is applied to

each lead of the ECG separately to obtain a respiratory signal. The

method quantifies variations in the QRS morphology, which are

assumed to reflect respiratory activity, using the difference between

the maximum and minimum derivative in the QRS interval,

rl i( ) � max
n

yil
′ n( ){ } −min

n
yil
′ n( ){ }, (4)

where i and l denotes beat-number and lead, respectively, and

yil
′(n) � yil(n) − yil(n − 1). The resulting signal rl(i) is resampled

to 5Hz using cubic spline interpolation to obtain a uniformly

sampled signal rl(n). Principal component analysis (PCA) is

applied to the set of rl(n) to derive a joint respiratory signal

from all leads. The principal component that has the greatest

variance and a significant periodic component in the respiratory

interval ([ 0.1 0.5 ] Hz) is selected as the respiratory signal,

denoted as r(n). A principal component is considered to have

a significant periodic component if the magnitude of the largest

peak in the respiratory interval of its spectrum is at least 85% of

the largest peak in the whole spectrum. The spectra are estimated

by Welch periodograms based on 30 s sliding 25 s overlapping

segments of PCA components. If none of the principal

component accounting for more than 5% of the total variance

has a significant periodic component in the respiration interval,

no respiration signal is extracted.

2.5 Orthogonal subspace projection

To extract variations in the f-wave frequency trend that are

linearly related to the respiration, an orthogonal subspace

projection approach is employed (Chang, 2005). The demeaned

f(n) denoted as ~f(n) is projected onto a subspace defined by the

matrix V, constructed using the respiratory signal r(n),

V � r0, r1, . . . , rd, . . . , rm[ ], (5)
rd � r 1 + d( ), r 2 + d( ), . . . , r N −m + d( ){ }T, (6)

The model order m is determined by analysis of the simulated

data (cf. Section 3.1). After creating the matrix V, the signal ~f(n)
is projected onto the respiratory subspace using

f x � V VTV( )−1VTf � Pf , (7)

where f is a length N vector of ~f(n), P is the projection matrix of

size N − m × N − m, and fx is the component of f that is linearly
related to respiration. The power of the variations linearly related

to respiration (fux f x) is a fraction of the total power of the

variations (fuf). Assuming that the variations in fx are sinusoidal,
the peak-to-peak amplitude is given by

Δ�fOSP �
									
2 · fux f x( )

N

√
, (8)

In the present study, Δ�fOSP serves as an estimate of the

magnitude of the respiratory induced f-wave frequency

variations.
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2.6 Performance evaluation

Simulated f-wave signals were used in order to assess the

performance of the orthogonal subspace projection approach

and its dependence onmodel orderm (Section 2.5), signal quality

S (Section 2.3) and characteristics of the f-wave signals. The

f-wave signals were simulated by a modified version of the saw-

tooth model proposed by (Stridh and Sörnmo, 2001). The f-wave

signal is the sum of a sinusoid and its harmonic with time-

varying frequency

xsim n( ) � ∑2
k�1

Ak n( )sin 2πkF n( )n( ) + v n( ), (9)

F n( ) � F

Fs
+ ΔF
2πFrn

sin 2πn
Fr

Fs
( ) + Φ n( )

2πkn
, (10)

where F defines the average fundamental frequency, and

respiratory f-wave frequency variation is quantified by Fr and

ΔF, defining the variation frequency and the variation

magnitude, respectively. To incorporate other forms of

variation in the f-wave frequency, random phase variation,

Φ(n), is added; it is modeled as white Gaussian noise with

standard deviation σΦ. The amplitude of the k:th harmonic is

given by

Ak n( ) � 2
kπ

A + ΔA n( )( ), (11)

where A is the average f-wave amplitude, and ΔA(n)
quantifies random amplitude variation and is assumed to have

a Gaussian distribution with mean zero and standard deviation

A/5; the parameter A was chosen to obtain a signal standard

deviation of signal σx equal to 50. The following parameters were

used for simulating oneminute-long f-wave signals: F = {4, 5, 6, 7,

8, 9, 10} Hz, Fr = {0.1, 0.15, 0.20, 0.25, 0.30} Hz, ΔF = {0, 0.025,

0.05, . . . , 0.3} Hz, σΦ = {0.27, 0.40, 0.55, 0.67, 0.80}. White

Gaussian noise v(n) with σv = {0.1A, 0.2A, 0.3A, 0.4A, 0.5A} is

added to form realistic f-wave signals and the sampling frequency

was set to Fs = 50 Hz. Ten realizations of xsim(n) for each

parameter setting were considered, resulting in a total of

113,750 simulated signals.

Through these simulated signals, the accuracy of Δ�fOSP as an

estimate ofΔF is compared to our previously proposed band-pass

filtering approach to quantify respiratory induced variations in

the f-wave frequency trend (Abdollahpur et al., 2021). In that

method, respiratory variation is estimated by applying a narrow

band-pass filter with a fixed bandwidth of 0.06 Hz and a center

frequency corresponding to the Fr. The f-wave frequency trend

f(n) obtained as described in Section 2.3. The average envelope of

the filtered f(n), denoted Δ�fBP, is used to quantify the magnitude

of the respiratory variation. The absolute difference between ΔF
and Δ�fBP, denoted as ϵBP, and the absolute difference between

ΔF and Δ�fOSP denoted as ϵOSP are used to assess the performance

of the methods.

2.7 Statistical analysis

Results are presented as mean ± std, and as median (range)

for Gaussian and non-gaussian variables, respectively; the

Lilliefors test is used to test for gaussianity. Student’s t-test

and Wilcoxon signed-rank test are applied to determine if

differences are significant for Gaussian and non-gaussian

variables, respectively. Hence, a paired t-test is applied to

evaluate the difference between ϵOSP and ϵBP, and a Wilcoxon

signed-rank test is applied to determine whether differences in

HR, AFR, and ΔfOSP between baseline and deep breathing are

significant. Further, Spearman rank correlation is used to

evaluate the relationship between changes in HR, AFR, and

ΔfOSP in response to deep breathing. The level of statistical

significance is considered p < 0.05.

3 Results

3.1 Simulations

Results from the analysis of simulated data are presented

in Figures 2–5. From Figure 2, it is apparent that the smallest

ϵOSP was achieved for m = 15, and hence, m was set to 15 for

the remaining analysis. The effect of the time-varying

respiration is illustrated in Figure 3 where Fr changes from

0.1 to 0.3 Hz during 1 minute. As shown in Figure 3, the

FIGURE 2
Mean estimation error ϵOSP from simulation plotted versus
model order m.
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respiratory variations can be accurately extracted using the

orthogonal subspace projection approach, while the

previously proposed bandpass filtering approach fails. The

ϵOSP was significantly smaller than ϵBP (0.017 ± 0.012 vs.

0.021 ± 0.015, p < 0.001). The improved accuracy obtained

with the orthogonal subspace projection approach is more
prominent for lower values of S, corresponding to higher

noise levels, cf. Figure 4. The accuracy of the estimates was

FIGURE 3
(A) Simulated signal xsim(n) and (B) corresponding estimated frequency trend f(n), respectively. (C,D) Modeled respiration signal (red) and
extracted respiratory component (blue) obtained using (C) orthogonal subspace projection and (D) bandpass filtering.

FIGURE 4
Box-plot of ϵBP (red) and ϵOSP (blue) from simulation as a
function of signal quality S. (p) denotes significant differences
(p <0.05).

FIGURE 5
Mean estimation error ϵOSP (red) and ϵBP (blue) from
simulations plotted versus the magnitude of respiratory
modulation ΔF.
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not affected by the f-wave frequency and the respiration rate

(results not shown). However, for both approaches the

estimates were less accurate for respiratory variations of

small magnitudes (Δf < 0.075 Hz), cf. Figure 5.

3.2 Heart rate and f-wave frequency

An example of a 30-second f-wave signal x(n) and the

corresponding model signal s (n; θ), signal quality index S,
and extracted f-wave frequency trend f(n) is displayed in

Figure 6. The signal quality was sufficient (S > 0.3) for

estimation of f(n) in 98% of the data. The AFRB was 6.93

(4.65–6.97) Hz and AFRD was 6.94 (4.56–6.99) Hz, a paired

t-test showed no significant difference between baseline and

deep breathing. The HRB was 75.5 (37–150) bpm and HRD

was 74 (37–146) bpm; there were no significant differences

between baseline and deep breathing. The changes in AFR

versus changes in HR are displayed in Figure 7. The changes

in AFR range between −8 and 6%, and the changes in HR

range between −9 and 5%. There was a weak correlation

between changes in HR and changes in AFR (r = 0.38, p <
0.03). The linear dependence between changes in HR and

changes in AFR appears to be more pronounced for patients

where the heart rate decreases in response to deep breathing,

cf. Figure 7.

3.3 Respiration

Figure 8 gives an example of extracted respiratory signals

rl(n) and the corresponding principal components for one

patient during deep breathing. In this example, both rPC1(n)
and rPC2(n) have a significant periodic component according to

definition in Section 2.4. The rPC1(n) is selected as respiration

signal (r(n)) since it has the largest variance. Respiration signals

r(n) could be obtained from 118 out of 168 (70%) of the analyzed

1-min segments. The estimated respiration rate Fr was

FIGURE 6
(A) Extracted f-wave signal x(n), and (B) corresponding modeled signal s(n), (C) signal quality index S and (D) extracted f-wave frequency trend
f(n) obtained from a 30 s ECG segment from one of the patient at baseline.
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significantly higher at baseline (0.20 ± 0.06) Hz than during deep

breathing (0.10 ± 0.01) Hz; the Fr estimated during deep

breathing corresponded to the respiration frequency in

controlled of the study protocol.

3.4 Respiratory f-wave variation

The Δ�fOSP could be obtained from all 1-min segments with a

valid respiration signal, i.e., 118 out of 168.; these estimates are

displayed in Figure 9. The ΔfOSP
B was 0.130 (0.045–0.260) Hz

and ΔfOSP
D was 0.130 (0.056–0.230) Hz. A paired t-test showed

no significant differences between baseline and deep breathing.

The changes in Δ�fOSP from phase from baseline to deep

breathing plotted versus the corresponding changes in the

AFR in Figure 10. The changes ranged from −100 to 100% for

Δ�fOSP. The Spearman method showed no correlation between

changes in Δ�fOSP and changes in the AFR.

FIGURE 7
Relative changes between AFRD and AFRB plotted versus
relative between HRD and HRB

FIGURE 8
(A) Respiration signals rl(n) (blue line) and rl(i) (red dots) derived from 1-min ECG during deep breathing and (B) corresponding PCA components.
In this example r(n) is set to rPC1(n) since it has a significant periodic component and accounts for most of the total variance.
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4 Discussion

In the present study, we propose a novel methodology, based

on orthogonal subspace projection, for quantifying respiratory

variations in the f-wave frequency trend. Results from analysis of

simulated data show that the estimation accuracy of the proposed

approach is comparable to that of our previously proposed

bandpass filtering approach (Abdollahpur et al., 2021).

However, the proposed approach is better suited for analysis

of standard ECG recordings since it can handle time-varying

respiration (Figure 3) and provides more accurate estimates of

respiratory variations at low SNR (Figure 4).

Orthogonal subspace projection has previously been

proposed for removing respiratory influences in heart rate

variability signal for improved estimation of sympathovagal

balance (Varon et al., 2018). In contrast, in this study we

aimed to keep variations in f-wave frequency trend that were

linearly related to respiration and remove other variations. Such

respiratory–induced f-wave frequency variations have previously

been shown to be affected by parasympatetic regulation in a

cohort of AF patients with complete AV block and pacemaker set

at a fixed pacing rate (Abdollahpur et al., 2021).

The orthogonal subspace projection relies on an ECG-derived

respiration (EDR) signal. It should be noted that standard RR

interval-based algorithms for ECG-derived respiration (Widjaja

et al., 2014) are not applicable during AF since variations in

heart rate during AF do not originate from the sinus node.

Hence, the slope range method was selected for this since

previous studies (Kontaxis et al., 2019) has shown that this

method is robust during AF and provides more accurate

estimates compared to QRS loop rotation angle (Bailón et al.,

2006) and the R-wave angle (Lázaro et al., 2014). In the slope range

method f-wave suppression is not needed and its performance is

less affected by the presence of f-waves (Kontaxis et al., 2019). An

EDR signal is derived from each lead separately, and PCA is

employed to merge respiratory information from EDR signals

from different leads. It is assumed that the PCA component that

has a significant periodicity in the 0.1–0.4 Hz interval and accounts

for the largest part of the variations in the EDR signals contains the

respiratory information. Respiration signals couldn’t be obtained

from 30% of the analyzed 1-min segments due to criteria defined in

Section 2.4. Since this methodology aimed for the effect of time-

varying respiration on the f-wave frequency, we used PCA to find

respiration signal. The PCA uses a maximum-variance criteria to

separate respiration signal and noise into orthogonal subspaces. Its

components are sensitive to the high variance noise, whichmay not

be the best way to find respiration signals. An alternative solution

would be to use periodic component analysis (Saul and Allen,

2000), which has previously been proposed for decomposition of

multilead ECG (Sameni et al., 2008) and applied for analysis of, e.g.,

t-wave alternans (Monasterio et al., 2010; Palmieri et al., 2021).

Whereas PCA uses a maximum-variance criteria to decompose

signals, periodic component analysis maximizes the periodic

structure. Periodic component analysis has the advantage of

being less sensitive to large amplitude noise, however, it is

requires prior knowledge on the periodicity of the desired signal.

Respiratory induced f-wave frequency variations has previously

been shown to be affected by parasympathetic regulation. In our

previous study, (Abdollahpur et al., 2021), 5-min ECGs recorded

from eight patients during controlled respiration before and after full

vagal blockade were analyzed; in 50% of the patients, respiratory

variation was significantly reduced after the vagal blockade.

Moreover, results from computational simulations of human

FIGURE 9
Estimates of respiratory f-wave frequency variations ΔfOSP

B

(black circle) and ΔfOSP
D (red p) from all 1-min segments for each

patient.

FIGURE 10
Relative change between ΔfOSP

B and ΔfOSP
D plotted versus

relative change between AFRB and AFRD.
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atrial tissues confirmed that the pattern of the parasympathetic

neurotransmitter acetylcholine release could be an important factor

involved in f-wave frequency variation (Celotto et al., 2020). These

results suggest that respiratory f-wave frequency variations can

potentially be used to quantify ANS activity, which is of clinical

interest since ANS activity is an important factor on the

maintenance and progression of AF (Linz et al., 2019). For

example, vagus nerve stimulation has been shown to shorten the

atrial effective refractory period and suppress autonomic remodeling

in dogs with obstructive apnea induced AF (Yu et al., 2017). Further,

it has been shown that AF progression through cellular remodeling

could be reduced by minimizing sympathetic or increasing

parasympathetic tone (Bashir et al., 2019). In a recent study

(Sohinki et al., 2021), investigated the impact of low-level

electromagnetic fields (LL-EMF) which is specifically targeted for

vagal stimulation, on AF inducibility in humans.

In present study no significant differences were found between

f-wave frequency variations at baseline and during deep breathing.

Several factors could contribute to this observation. Firstly, the

duration of the deep breathing task was just 1 min which may

not be sufficient time to observe the effect of changes in autonomic

tone on the f-wave frequency trend. Further, considering the large

variation ofΔ�fOSP from the 1-min segments at baseline (cf Figure 9),

recordings of longer duration during deep breathing are desired for

robust estimation. Secondly, the heterogeneous behavior of changes

in Δ�fOSP in response to deep breathing may be due to individual

differences in AF progression which may effect the ANS regulation

(Linz et al., 2019). The patients in the present study have paroxysmal

and persistentAFwith unknownduration.However, due to the small

study population subgroup analysis is not possible. Thirdly, the

fluctuations in intrathoracic pressure as a result of respiration

have an important effect on the heart rate during normal sinus

rhythm. The effect of these fluctuations on the heart rate during AF

are largely unknown. It is possible that variations in heart rate

counteract the impact of respiration on the fluctuations in

acetylcholine level in the atrial tissues and, as a result, the f-wave

frequency variation. In the previous study, the effect of the

parasympathetic activity was investigated in a cohort of AF

patients with complete AV block and fixed-rate (60 beat/min)

pacemaker (Abdollahpur et al., 2021) and hence the effect of

changes in ANS activity induced by variations in heart rate was

eliminated. In contrast, the present dataset consists of patients

without a pacemaker. Finally, it should be noted that the

estimation accuracy of the proposed methodology sets a lower

bound for changes that can be detected (cf. Section 3.1), and we

cannot exclude the possibility that there are changes below this limit

that remain undetected.

5 Conclusion

We propose a novel orthogonal subspace projection

approach to quantify respiratory variations in the f-wave

frequency trend obtained from the ECG during AF. Results

from simulated f-wave signals show that the proposed

approach offers more robust performance in respiratory

variation estimation compared to the previously proposed

bandpass filtering approach. Results from analysis of clinical

data were heterogeneous and no significant differences in HR,

AFR and respiratory f-wave frequency variations Δ�fOSP between

baseline and deep breathing were found in SCAPIS dataset.
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Long-term single-lead
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Zhong Wu1*
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Background: Postoperative atrial fibrillation (POAF) is often associated with

serious complications. In this study, we collected long-term single-lead

electrocardiograms (ECGs) of patients with preoperative sinus rhythm to build

statistical models and machine learning models to predict POAF.

Methods: All patients with preoperative sinus rhythm who underwent cardiac

surgery were enrolled and we collected long-term ECG data 24 h before

surgery and 7 days after surgery by single-lead ECG. The patients were divided

into a POAF group a no-POAF group. A clinical model and a clinical + ECG

model were constructed. The ECG parameters were designed and support

vector machine (SVM) was selected to build a machine learning model and

evaluate its prediction efficiency.

Results: A total of 100 patients were included. The detection rate of POAF in

long-term ECG monitoring was 31% and that in conventional monitoring was

19%. We calculated 7 P-wave parameters, Pmax (167 ± 31 ms vs. 184 ± 37 ms,

P = 0.018), Pstd (15 ± 7 vs. 19 ± 11, P = 0.031), and PWd (62 ± 28 ms vs.

80 ± 35 ms, P = 0.008) were significantly different. The AUC of the clinical

model (sex, age, LA diameter, GFR, mechanical ventilation time) was 0.86.

Clinical+ ECG model (sex, age, LA diameter, GFR, mechanical ventilation time,

Pmax, Pstd, PWd), AUC was 0.89. In the machine learning model, the accuracy

(Ac) of the train set and test set was above 80 and 60%, respectively.

Conclusion: Long-term ECG monitoring could significantly improve the

detection rate of POAF. The clinical + ECG model and the machine learning

model based on P-wave parameters can predict POAF.

KEYWORDS

postoperative new-onset atrial fibrillation, long-term ECG monitoring, P wave
characteristics, machine learning, support vector machine
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Introduction

Postoperative atrial fibrillation (POAF) after cardiac
surgery was defined as a new episode of atrial fibrillation or
flutter requiring treatment after surgery. A more specific
definition is a new episode of atrial fibrillation with
duration ≥ 5 min detected on any monitoring instrument,
including rhythm monitor/telemetry/electrocardiogram, and
requiring treatment. POAF is the most common complication
after cardiac surgery and is a challenge for cardiac surgeons
(1). Patients with POAF are often associated with serious
early complications, including hemodynamic instability,
acute heart failure and stroke. The incidence of long-term
atrial fibrillation and stroke risk is 2 or 3 times that of
patients without POAF, accompanied by a significantly
increased incidence of heart failure, rehospitalization
rate, etc.

Studies have shown that there may be minimal fibrillation,
despite a normal sinus rhythm on ECG, which cannot reflect
atrial function (2, 3). The electrophysiology and structural
reconstruction of the heart occurs before the appearance of
the characteristic ECG waveform change in patients prone to
AF (4, 5). However, it’s difficult for humans to recognize non-
sinus electrical activity, which has become the basis for the
prediction of AF.

The rapid development of mobile medical techniques
and wearable ECG technology provides a cheap choice
for AF detection and assessment. Convenient intermittent
or systematic monitoring of elderly patients with
specific risk factors can improve the detection of AF
(6). The advent of the era of big data makes artificial
intelligence applications in medicine possible. Due to
its powerful predictive potential, machine learning and
deep learning can identify individuals likely to develop
AF from their sinus rhythm records (7), which can
make clinical practice more effective, convenient and
personalized for the identification and prediction of
atrial fibrillation.

In conclusion, the purpose of this study was to
build a statistical model and machine learning model to
predict POAF in patients with preoperative sinus rhythm
after cardiac surgery using portable long-term ECG
monitoring.

Patients and methods

This study was approved by the West China Hospital
of Sichuan University ethics committee. This study adheres
to the Strengthening the Report of Observation Studies in
Epidemiology (STROBE) guidelines.

Patients

Patients with preoperative sinus rhythm undergoing cardiac
surgery from September 2020 to December 2021 in the
Department of Cardiovascular, West China Hospital of Sichuan
University were included. Eligible patients underwent ECG
recording 24 h or more before surgery and 7 days or more after
surgery by long-term single-lead electrocardiogram. Patients
were excluded if they underwent emergency surgery or had
paroxysmal atrial fibrillation.

Electrocardiogram monitoring

The main equipment used in this study is the long-term
single-lead electrocardiogram. It is a patch with 2 electrodes
10 cm apart placed over the patients’ precordium at an angle of
45◦. The device can continuously record and collect ECG data
dynamically for up to 14 days.

Electrocardiograms

All raw data were processed by Ecglab software developed
by Shanghai Yuanxin Medical (Figure 1). Blinded to the patient
outcomes, two readers (KH and SL) labeled and measured the
required ECG fragments.

The original data were low-pass filtered by Ecglab software
and then high-pass filtered to remove noise and correct filter
delay. The second step was to smooth the ECG curve and
facilitate the algorithm selection. Then, P wave localization
(including the start point, first peak point, and end point) was
performed based on the ECG waveform localization algorithm
provided in a previous study (8), and the positioning results
were manually verified. The measurement of the start point
was taken at the intersection of the start point of the P wave
and the iso-potential line, and the measurement of the end
point was taken at the intersection of the end point of the P
wave and the iso-potential line. Based on the results of P-wave
localization and combined with the reports in the literature (8),
7 P-wave characteristics were calculated: Pmax, Pmin, Pmean,
Pstd, P wave dispersion (PWd), Pptmean, and Pptstd. Pmax was
defined as the widest P-wave in the selected segment. Pmin was
defined as the minimum p-wave time in the fragment. Pmean
was defined as the mean p-wave time of all fragments. Pstd
was defined as the standard deviation (SD) of P-wave time.
PWd was defined as the difference between the maximum and
minimum P-wave times. Pptmean was defined as the mean
time interval from the start point of the P wave to the peak
point. Pptstd was defined as the SD of the p-wave peak time
(Figure 2).
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FIGURE 1

Work flow of portable long-time single-lead ECG monitor and Ecglab.
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FIGURE 2

Part of P-wave parameters. P wave duration, Pmax, Pmin, Pptmean, PWd.

Statistical analysis and machine
learning

Statistical analysis

All statistical analyses were performed using SPSS 25.0
software. All continuous data with a normal distribution
are expressed as the mean ± SD, which were assessed by
two independent sample t-tests. Non-normally distributed
continuous data were represented by the median and
interquartile range (IQR) and compared with the Mann–
Whitney U-test. Categorical data are reported as an absolute
number and percentage and compared using the chi-square test
or Fisher’s exact test. The association between predictors and
POAF was assessed by univariate logistic regression separately
and combined by multivariate logistic regression. Clinical data
and ECG parameters were used to construct prediction models,
which were evaluated by receiver operating characteristic curves
(ROCs) and areas under the curve (AUCs). All results were
two-tailed statistically significant with P < 0.05, and confidence
intervals (CIs) were calculated at the 95% level.

Machine learning

Seven P-wave features were calculated, and a few patients’
ECGs that were difficult to recognize by computer were
excluded. A total of 94 patients’ data feature matrices (94 × 7)
were incorporated into the machine learning model. There were
28 cases in POAF group (Class 1) and 66 cases in no-POAF
group (Class 0).

19 cases in Class 1 were randomly selected as the training
set, and 9 cases were selected as the test set at a ratio of 7:3. To
reduce the overlearning of one group, 19 patients in Class 0 were
also randomly selected as the training set, and the remaining 47
patients were selected as the test set. Two schemes were adopted:
Scheme A: all patient data were used, training set: 19 cases
(0) + 19 cases (1); test set: 47 cases (0) + 9 cases (1); Scheme B:
partial patient data were randomly used to ensure data balance
as far as possible, training set: 19 cases (0)+ 19 cases (1); test set:
9 cases (0)+ 9 cases (1).

Support vector machine (SVM) was selected in
this experiment. Based on the training set, the optimal
hyperparameters of the model (C-penalty factor, gamma-kernel
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FIGURE 3

Study flowchart. ECG, electrocardiogram; POAF, postoperative atrial fibrillation.

function) were determined by fivefold cross-validation and grid
search. The confusion matrix was used to calculate the accuracy
(Ac), sensitivity (Sen), and specificity (Spe) of the training
set and test set.

Results

The preoperative ECG of 105 patients was monitored;
however, 5 patients were excluded because paroxysmal atrial

fibrillation was detected by preoperative long-term monitoring.
A total of 100 patients entered this study (Figure 3). After
processing the long-term ECG of 100 patients, we found that
POAF occurred in 31 patients, with a detection rate of 31%.
Among the 31 patients with POAF, 12 were not identified in
the intensive care unit (ICU) or ward, and the detection rate of
POAF in routine care was 19%.

The patients’ demographics and information about the
operative procedures are shown in Table 1. Of the 100 patients
included, 51.6 and 62.3% were males in the POAF and no-POAF
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TABLE 1 Patient demographic, clinicopathologic, and operative characteristics.

Variable no-POAF (n = 69) POAF (n = 31) P-value

Gender, male (%) 43 (62.3%) 16 (51.6%) 0.314

Age (y) 50.43± 10.59 55.97± 8.49 0.012

Height (cm) 163.44± 8.0 162.42± 8.5 0.562

Weight (kg) 64.28± 10.41 63.42± 9.0 0.693

BMI 23.96± 2.65 23.99± 2.44 0.971

DM 3 (4.3%) 0 0.550

CHD 5 (7.2%) 5 (16.1%) 0.277

RF 2 (2.9%) 0 1.000

Hypertension 16 (23.2%) 11 (35.5%) 0.200

Stroke 0 1 (3.2%) 0.310

Hyperlipidemia 2 (2.9%) 3 (9.7%) 0.171

Preoperative medication

ß- receptor blocker 11 (15.9%) 9 (29%) 0.130

CCB 12 (17.4%) 3 (9.7%) 0.381

Statin 4 (5.8%) 3 (9.7%) 0.674

Anticoagulant 3 (4.3%) 3 (9.7%) 0.371

Amiodarone 0 0 /

Digoxin 4 (5.8%) 1 (1.6%) 1.000

ACEI, ARB 12 (17.4%) 4 (12.9%) 0.770

Diuretics 38 (55.1%) 20 (64.5%) 0.376

Preoperative TTE

LA (mm) 40.06± 7.63 46± 11.94 0.015

RA (mm) 35.32± 5.54 37.48± 11.15 0.312

LVEF (%) 62.57± 9.35 59.97± 12.45 0.251

CRE (µmol/L) 76.59± 15.12 81.87± 12.89 0.123

GFR (ml/min/1.73 m2) 93.00± 13.81 82.02± 14.94 0.001

Urea (mmol/L) 5.59± 1.32 6.40± 1.75 0.012

ALT (IU/L) 21.64± 16.16 21.23± 9.87 0.896

AST (IU/L) 20.90± 9.10 22.00± 5.25 0.532

ALP (IU/L) 78.91± 34.31 83.42± 30.71 0.532

TG (mmol/L) 1.47± 1.01 1.55± 1.04 0.715

CHO (mmol/L) 4.58± 1.04 4.39± 0.82 0.352

Operative details

Surgery time (h) 4 (3,4.5) 4 (3,4.5) 0.634

CPB (min) 110 (85,133.5) 110 (96,137) 0.474

Acc (min) 73 (60,103.5) 78 (59,108) 0.864

Mechanical ventilation time (h) 33 (18.5,47) 52 (34,88) 0.001

Surgery procedures

Single valve 34 (49.3%) 7 (22.6%) 0.012

Multiple valve 15 (21.7%) 17 (54.9%) 0.001

CABG 4 (5.8%) 3 (9.7%) 0.674

Aortic replacement 17 (24.6%) 4 (12.9%) 0.183

BMI, body mass index; DM, diabetes mellitus; CHD, coronary heart disease; RF, renal failure; CCB, calcium channel blockers; ACEI, angiotensin converting enzyme inhibitor; ARB,
angiotensin-II receptor blocker; TTE, transthoracic echocardiography; LA, left atrium; RA, right atrium; LVEF, left ventricular ejection fraction; CRE, creatinine; GFR, glomerular filtration
rate; ALT, glutamate pyruvate transaminase; AST, aspartate aminotransferase; ALP, alkaline phosphatase; TG, triglyceride; CHO cholesterol. CPB, cardiopulmonary bypass; Acc, aortic
cross-clamp. CABG, coronary artery bypass graft.

groups, respectively. The mean age was 55.97 ± 8.49 years
and 50.43 ± 10.59 years in the two groups. Preoperative
transthoracic echocardiography (TTE) showed that the left
atrium diameter (LAD) in the POAF group was significantly

larger than that in the no-POAF group [55.97 ± 8.49 y vs.
50.43± 10.59 y, 95% CI (1.25, 9.82), P= 0.012]. In addition, the
glomerular filtration rate (GFR) (82.02± 14.94 ml/min/1.73 m2
vs. 93.00 ± 13.81 ml/min/1.73 m2, P < 0.001) and blood urea
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TABLE 2 Comparison of preoperative ECG P-wave characteristic.

Parameters no-POAF POAF P-value

Pmax (ms) 167± 31 184± 37 0.018

Pmin (ms) 105± 22 104± 19 0.872

Pmean (ms) 133± 23 141± 25 0.162

Pstd 15± 7 19± 11 0.031

PWd (ms) 62± 28 80± 35 0.008

Pptmean (ms) 72± 16 73± 18 0.923

Pptstd 13± 6 14± 8 0.432

level (6.40 ± 1.75 mmol/L vs. 5.59 ± 1.32 mmol/L, P = 0.012)
were significantly different.

In the preoperative ECG of patients in the two groups, there
was a significant difference in the maximum time of the P-wave
(167± 31 ms vs. 184± 37 ms, P = 0.018), the SD of the P-wave
time (15 ± 7 vs. 19 ± 11, P = 0.031), and the PWd (62 ± 28 ms
vs. 80 ± 35 ms, P = 0.008). However, the minimum time of the
P-wave, the average time of the P-wave, the average peak time of
the P-wave and the SD of the peak time of the P wave were not
different (Table 2).

Two multivariate prediction models: (model 1) clinical
model with the five selected variables age, sex, LAD, GFR, and

mechanical ventilation; and (model 2) ECG and clinical models
with eight variables Pmax, Pstd, PWd, age, sex, LAD, GFR, and
mechanical ventilation. The AUCs for the two models were 0.86
(95% CI 0.78–0.94) and 0.89 (95% CI 0.82–0.96), respectively
(Figure 4).

In scheme A, all patient data were included, and after the
hyperparameters of the SVM model were adjusted (penalty
Factor C = 0.58, gamma = 3.59), the Ac of the training set was
84%, and the Ac, sensitivity and specificity of the test set were
66, 22, and 74%, respectively. In scheme B, the Ac of the training
set was 86%, while the Ac, sensitivity and specificity of the test
set were 67, 56, and 78%, respectively, with the penalty Factor
C= 95.6 and gamma= 0.83 (Table 3).

Discussion

Differences between wearable
long-term electrocardiogram
monitoring and conventional
monitoring

We found that the detection rate of POAF by wearable
long-term ECG monitoring was 31%, while the rate was only

FIGURE 4

The ROC of two models. Sen, sensitivity; Spe, specificity; ECG, electrocardiogram.
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TABLE 3 The results and parameters of machine learning model.

Scheme Hyperparameter Train (0:1) Test (0:1) Train set Test set

C gamma Ac Ac Sen Spe

A 0.58 3.59 19:19 47:9 0.84 0.66 0.22 0.74

B 95.6 0.83 19:19 9:9 0.86 0.67 0.56 0.78

C, penalty-factor C; Ac, accuracy; Sen, sensitivity; Spe, specificity.

19% through conventional ECG monitoring (Conventional
ECG monitoring means 12-lead ECG or continues ECG
monitoring after surgery in ICU). Compared with routine
clinical monitoring, long-term ECG can significantly improve
the detection rate of POAF. Ha et al. (9) found that enhanced
rhythm monitoring in patients with a high risk of stroke
could improve the detection rate of POAF by continuous ECG
monitoring for 30 days after cardiac surgery, which was 10 times
higher than that of routine follow-up. Due to the short time of
ECG monitoring during postoperative hospitalization, routine
methods cannot capture the occurrence of transient POAF.

The 2020 ESC Guidelines suggested that convenient
intermittent or systematic monitoring for elderly patients could
improve the detection rate of paroxysmal AF. It noted that
advances in wearable technology, single-lead electrocardiogram
devices and smart devices, could provide a cheap and practical
option for AF detection and evaluation (6). The mSToPS (10)
results showed that the detection rate of new atrial fibrillation
at 4 months through a wearable ECG device was obviously
increased, with a reduction in the incidence of clinical end-
point events.

At present, the clinical monitoring of POAF is still
intermittent and fragmented. The high detection rate and
convenience of long-term ECG can greatly capture all kinds
of ECG events within 7 days, 30 days or even longer without
any obvious burden on patients. Not only can patients with
paroxysmal AF and a high risk of POAF be identified
preoperatively, but transient POAF can also be timely and
accurately screened, which makes it more convenient to adopt
targeted prevention and treatment.

Occurrence mechanism and
influencing factors of postoperative
atrial fibrillation

Previous studies had proposed a mechanism of POAF,
which environmental triggers interact with substrates. When
transient postoperative factors act on the sensitive atrial, due to
preoperative factors and surgical induction, POAF is triggered
(11). Preoperative factors such as age, sex, and underlying
diseases may lead to atrial fibrosis and electrophysiological
remodeling, thereby increasing sensitivity. Atrial incision and
cardiopulmonary bypass can improve the sensitivity of atrial
and approach the threshold of POAF. POAF is triggered by the

combination of transient autonomic nervous system, immune
inflammation response and oxidative stress. Inflammation plays
a crucial role in cardiovascular disease (12). Tascanov et al.
found that total oxidant status and DNA damage levels were
significantly higher in patients with atrial fibrillation. Structural
and electrophysiological changes play an important role in the
development of AF. Atrial remodeling begins in sinus rhythm
long before the onset of AF in patients with recurrent PAF. This
is a time-dependent process that can be explained as adaptive
changes of myocytes to protect the atrium from external stress.
It is therefore important to identify patients with PAF at an early
stage (13). Ocak and Tascanov (14). Combined use of troponin I
and P-wave dispersion for predicting AF recurrence.

Comparing the baseline data of the two groups, the
POAF group was significantly older than the no-POAF group.
Most studies (15, 16) reported that the older the patients
were, the more obvious their cardiovascular structural and
electrophysiological abnormalities were, leading to a non-
linear increase in the incidence of POAF. The incidence was
significantly higher in patients over 55 years.

LA diameter has been identified as an important risk factor
for AF (17, 18). AF is rare when the LA diameter is less than
40 mm, and the risk of AF increases by 39% for each 5 mm
increase (18, 19). A gradual increase in LA diameter is associated
with the transition from sinus rhythm to paroxysmal AF to
permanent AF (19).

Our study found that poor preoperative renal function
is associated with the occurrence of POAF. The mechanism
of AF induced by renal insufficiency is not completely clear.
Myocardial fibrosis may be aggravated by hypertension, volume
overload and activation of the renin-angiotensin-aldosterone
system (RAAS) (20). In patients undergoing cardiac surgery, the
high level of acute systemic inflammation and oxidative stress
leads to renal hypoperfusion, which activates the autonomic
nervous system and RAAS system and leads to arrhythmias
(21, 22).

Relationship between P-wave and
postoperative atrial fibrillation in
preoperative sinus electrocardiogram

Even apparently normal hearts have undergone structural
and electrical conduction changes as they progressed from
sinus rhythm to AF (23). Changes in atrial structure, such as
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myocardial hypertrophy, fibrosis and enlargement, occur before
the occurrence of AF, which all lead to weak electrocardiogram
changes in the atria (2). Sinus rhythm cannot completely
represent the function of the atria (3). The insignificant changes
in the P-wave on ECG reflect local non-sinus atrial electrical
activity. These subtle changes can be detected by various
algorithms and serve as important factors in predicting the
occurrence of AF (7, 24). Many ECG characteristics have been
regarded as important predictors, especially P waves.

P wave duration is an important reference for the occurrence
of POAF. A shortened atrial refractory period and reduced
atrial conduction rate lead to atrial conduction block and a
prolonged conduction time, resulting in a prolonged P wave
duration (25). PWd has gradually been recognized an important
predictor of atrial fibrillation after cardiac surgery and electrical
cardioversion (26). The heterogeneity of atrial structure or
electrophysiology in the early stage of AF plays an important
role in reentry and affects the P wave duration at different
times, which is more accurate than using P wave duration alone
(27). An increase in PWd suggests that there is heterogeneous
electrical activity in different parts of the atria. Chandy et al. (26)
analyzed 300 patients who underwent CABG and found that an
increase in postoperative PWd compared to preoperative PWd
was an independent predictor. Lazzeroni et al. (28) compared
the postoperative PWd and P wave duration after CABG and
valve surgery, which showed that both had good predictive
ability and the PWd variation was higher in the POAF group.

The area of the P wave is also considered to be a marker of
atrial structural abnormalities (29).

Besides, under the premise of sinus rhythm, the product of
the amplitude depth, and duration of the negative part of the P
wave is calculated when the P wave of the V1 lead is bidirectional
(30, 31). P wave negative terminal force (PtfV1) is a sensitive
marker for judging left atrial enlargement (32). Atrial fibrosis
and scarring can indirectly lead to abnormal PtfV1.

Most of the ECGs in previous studies were from public
databases or 12-lead ECGs of patients who were retrospectively
collected. There are many problems with these approaches,
such as whether the routine ECG of several seconds can
completely represent the preoperative ECG changes and trends
of patients; retrospective collection and database ECG may have
omission and bias, which can lead to large errors in ECG feature
calculation. Studies on long-term ECG are mostly limited to the
screening of events such as AF, and there are few reports on
the analysis of its waveform characteristics. Although the long-
term data may be affected due to the patient’s wearing mode
and various noises, its validity may avoid the problems of short-
term conventional ECG, so feature calculation can be carried out
more accurately.

In our study, only the P wave characteristics were calculated.
Pft is a bidirectional waveform, which requires high signal
quality. In actual detection, we found that the long-term ECG
data were not very clean, so it was difficult to detect and calculate

this feature. The absence of such features may also limit the
results. The heart rate variability has become one of the most
excellent points to predict the POAF base on 12-lead ECG in
the previous studies. In the process of labeling all preoperative
ECG data, we found that there was variability in P waveform
at different time periods. First of all, it may be because of the
inconsistent activity state and autonomic nerve excitability at
different times. At night, the sleep state and parasympathetic
dominance of the patient lead to negative chronotropic and
negative metamorphosis of the heart. During the day, the
increased activity of the patient and the sympathetic nerve lead
to the increased heart rate, and the increased conductivity of
excitement in the heart. Secondly, the patient’s posture change
and wearing problems will also lead to the change of waveform,
obvious interference or even false performance. In our study,
P-wave signs were selected to analyze, however, heart rate
variability requires dynamic analysis of patients’ ECG data for
24 h or more, which is more affected by signal quality. Therefore,
basing on the advantages and disadvantages of long-term ECG,
the current study only calculates the characteristics of part of
P waves, and has not introduced dynamic analysis and heart
rate variability. In the future research, we will deal with different
types of feature group computation and model building.

Our results showed that a model incorporating baseline
clinical data and ECG parameters is more effective in predicting
POAF than a model using clinical characteristics alone. The
model 2 included 5 kinds of clinical information (gender, age,
LA, GFR, mechanical ventilation time) and 3 kinds of P wave
parameters (Pmax, Pstd, PWd). The AUC was 0.89, and the
predictive performance of the model was significantly better
than that of a previous study with multiple clinical variables.
Preoperative changes in the P wave are important factors for
predicting the occurrence of POAF.

With our model, we could identify patients who may be
prone to POAF by preoperative ECG. For these patients, it is
necessary to strengthen their perioperative management, such
as more rhythm monitoring, maintaining the balance of the
internal environment, strengthening anti-infection treatment,
and appropriately increasing the duration of mechanical
ventilation, which can prevent POAF from being triggered by
a series of postoperative factors.

Prediction of postoperative atrial
fibrillation by artificial intelligence and
machine learning

Artificial intelligence and machine learning can simulate
or realize human learning behavior to require new knowledge
and skills and reorganizes its existing knowledge structure to
continuously improve its performance. In previous studies,
ECG data obtained by traditional monitoring methods were
analyzed by artificial intelligence and machine learning, but
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long-term ECG data were used in our study. The larger
amount of data and the larger time span make the analysis
more specific.

There are many traditional machine learning models,
including naïve Bayes, K nearest neighbor, logistic regression,
decision making Tree, random forest, XGboosting algorithm,
and SVM. Different models have different applications and
advantages and disadvantages. SVM was used in our study. SVM
is a widely used binary classifier using supervised learning. It is
based on the theory of computational learning and structural
risk minimization and has obvious advantages in theoretical
methods. It has many unique advantages in solving small
sample, non-linear and high-dimensional pattern recognition
problems and can overcome the curse of dimensionality to
a large extent (33, 34). In a binary problem, it mainly
introduces the samples that need to be classified into a
high-dimensional space and attempts to create an optimal
hyperplane to divide the samples into two categories so that
the hyperplane can ensure the classification Ac and maximize
the area on both sides of the hyperplane. It can ensure that the
extremum is the optimal solution, which makes it have good
generalization ability.

The penalty factor C and Gamma kernel function are
two important hyperparameters in SVM. The parameters set
manually before machine learning. The value of the penalty
factor C balances the empirical risk (the ability to fit the sample)
and the structural risk (the ability to predict the test sample).
Although the number of people in the two training sets is the
same, the hyperparameter values will change according to the
different samples randomly sampled. In scheme A, the model is
prone to underfitting if the value of C is small; In scheme B, if C
is large, the model is prone to overfitting. Although there is little
difference in Ac between the test set and training set of the two
groups, the sensitivity in the test set of scheme A is low, which
affects the Ac to a certain extent. However, in the more rigorous
scheme B, the sensitivity and specificity of the test set are higher,
and the test effect is better.

However, the performance of our model is not very good for
POAF detection, showing low Ac and a low positive prediction
rate. The reason may be as follows: (1) the sample size is
small, and the classifier cannot learn the overall distribution
of various categories well, so the classification effect is not
good. The results of AI and machine learning depend on the
quality and quantity of data. Although traditional machine
learning can analyze the characteristics of hundreds of ECGs,
the results were not as good as those of previous large studies
that included exponentially more data points. (2) The types
of data were relatively complex. Although all signals were
manually calibrated, some parts of the signal were still of poor
quality, which affected the results of P wave detection and
feature calculation. (3) Current feature analysis was insufficient.
Although atrial waves play an important role in the judgment
of atrial fibrillation, in fact, waves are susceptible to noise, so

additional research on atrial waves in long-term monitoring
environments may be beneficial.

Karri et al. (35) compared the predictive performance
of 6 machine learning models (random forest, decision tree,
logistic regression, K-nearest neighbor, SVM, gradient boosting)
and the POAF score for the occurrence of POAF in the
ICU after cardiac surgery and found that according to the
preoperative clinical data, the performance of machine learning
was better than that of the clinical score. The use of AI-equipped
medical apps and tools on wearable devices can reduce the
dependence on expert care and the cost to the health care
system. Perez et al. (36) evaluated the monitoring algorithm of
Apple Watch. They found that 34% of patients were confirmed
to have atrial fibrillation, and the positive predictive value
was 0.84. In addition to smartwatches, photoplethysmography
(PPG) measurements of contactless faces and fingertips using
a smartphone camera also showed excellent potential for
screening and diagnosing atrial fibrillation. Yan et al. (37) used
a digital camera and a deep convolutional neural network to
prospectively evaluate the feasibility of high-throughput atrial
fibrillation detection. Therefore, with the advent of the era of
mobile technology, wearable devices with AI would be sensitive
to the detection and evaluation of AF, which will be a cheap,
non-invasive monitoring method in the future (38).

Innovation and limitation

The innovation of this study is that there are still few
applications of long-term ECG monitoring for POAF. The
study explored the use of portable long-term ECG monitoring
and machine learning model to predict the occurrence
of POAF after cardiopulmonary bypass in patients with
preoperative sinus rhythm.

Of course, the limitations of this study are as follows:
1. The included sample size is relatively small, which may
affect the results. 2. ECG signal quality limits the effective of
machine learning model.

Conclusion

This prospective, observational study analyzed the
differences in long-term ECG parameters in patients undergoing
cardiac surgery with preoperative sinus rhythm and evaluated
the performance of a machine learning model constructed
with P wave characteristics to predict POAF. The results
of this study showed that long-term ECG monitoring
could significantly improve the detection rate of POAF.
The model combining P wave parameters and clinical data
performed better in predicting POAF. Machine learning
based on P wave parameters can predict the occurrence
of POAF.
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Novel spatiotemporal processing
tools for body-surface potential
map signals for the prediction of
catheter ablation outcome in
persistent atrial fibrillation
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Etienne Pruvot2 and Jean-Marc Vesin1

1Applied Signal Processing Group, Department of Electrical Engineering, Swiss Federal Institute of
Technology, Lausanne, Switzerland, 2Service of Cardiology, Lausanne University Hospital, Lausanne,
Switzerland

Background: Signal processing tools are required to efficiently analyze data

collected in body-surface-potential map (BSPM) recordings. A limited number

of such tools exist for studying persistent atrial fibrillation (persAF). We propose

two novel, spatiotemporal indices for processing BSPM data and test their

clinical applicability through a comparison with the recently proposed non-

dipolar component index (NDI) for prediction of single-procedure catheter

ablation (CA) success rate in persAF patients.

Methods: BSPM recordings were obtained with a 252-lead vest in 13 persAF

patients (8 men, 63 ± 8 years, 11 ± 13 months sustained AF duration) before

undergoing CA. Each recording was divided into seven 1-min segments of high

signal quality. Spatiotemporal ventricular activity (VA) cancellation was applied

to each segment to isolate atrial activity (AA). The two novel indices, called

error-ratio, normalized root-mean-square error (ERNRMSE) and error-ratio,

mean-absolute error (ERABSE), were calculated. These indices quantify the

capacity of a subset of BSPM vest electrodes to accurately represent the AA,

and AA dominant frequency (DF), respectively, on all BSPM electrodes over time,

compared to the optimal principal component analysis (PCA) representation.

The NDI, quantifying the fraction of energy retained after removal of the three

largest PCs, was also calculated. The two novel indices and the NDI were

statistically compared between patient groups based on single-procedure

clinical CA outcome. Finally, their predictive power for univariate CA

outcome classification was assessed using receiver operating characteristic

(ROC) analysis with cross-validation for a logistic regression classifier.

Results: Patient clinical outcomes were recorded 6 months following

procedures, and those who had an arrhythmia recurrence at least 2 months

post-CA were defined as having a negative outcome. Clinical outcome

information was available for 11 patients, 6 with arrhythmia recurrence.

Therefore, a total of 77 1-min AA-BSPM segments were available for

analysis. Significant differences were found in the values of the novel indices

and NDI between patients with arrhythmia recurrence post-ablation and those
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without. ROC analysis showed the best CA outcome predictive performance for

ERNRMSE (AUC = 0.77 ± 0.08, sensitivity = 76.2%, specificity = 84.8%).

Conclusion: Significant association was found between the novel indices and

CA success or failure. The novel index ERNRMSE additionally shows good

predictive power for single-procedure CA outcome.

KEYWORDS

atrial fibrillation, catheter ablation, body surface potential mapping, spatiotemporal
analysis, outcome stratification

1 Introduction

In contrast to the many studies that have analyzed the 12-

lead electrocardiogram (ECG) for the study of atrial fibrillation

(AF), relatively few have developed AF analysis tools for body-

surface potential map (BSPM) signals. Despite the development

of these 12-lead ECG based indices, to our knowledge, the use of

ECG for AF in clinical practice is still limited to its diagnosis

(Lankveld et al., 2014). The traditional 12-lead ECGwas designed

to capture mainly ventricular activity (VA), therefore, BSPM

signals could harbor additional information from the atrial

activity (AA) relevant for AF analysis.

Various studies have performed analyses of BSPM data for

the study of AF. For example (Bonizzi et al., 2010), applied

principal component analysis (PCA) to BSPM data and

proposed two novel parameters derived from the resulting

PCA mixing matrices to quantify complexity and stationarity

in BSPM recordings, finding a significant inverse correlation

between the two. It was additionally found that these

parameters formed clusters for organized vs. disorganized

AF, but no further clinical application was proposed by the

authors. The study in (Di Marco et al., 2012) proposed four

parameters to quantify spatial organization, variability, spectral

concentration, and spectral variability of BSPM signals. They

found that greater spatial organization was associated with

reduced variability of spatial organization over time, and

that lower spectral variability was associated with increased

spectral concentration. However, the clinical impact of the

parameters was not assessed. Later (Meo et al., 2018),

proposed the non-dipolar component index (NDI), which

was calculated as the residual variance not accounted for by

the first three principal components (PCs) of concatenated TQ

segments of BSPM signals. It was found that the NDI correlated

with AF complexity and AF termination at the end of catheter

ablation (CA) procedures. However, correlation with clinical

CA outcome was not reported, and the NDI leaves unexploited

the temporal variability of BSPM signals found to be indicative

of AF organization in (Bonizzi et al., 2010; Di Marco et al.,

2012). These parameters do however show promise for

capturing information from BSPM signals relevant for the

computational analysis of AF signals. Additionally, they are

all linked in that they use PCA in the computation of their

indices. However, insufficient attention has been paid to the

temporal aspect of the data, with most of the parameters using

concatenated TQ segments. While this method has merit as it

eliminates the possibility of interfering VA, it precludes a

temporal analysis, and we aim to address this with our novel

indices.

Despite the above research, the use of BSPM for persAF

treatment remains limited in clinical practice, and there are

not many tools available for its efficient analysis. Apart from

its use in electrocardiographic imaging (ECGI), the clinical

advantage of BSPM over 12-lead ECG signal analysis for AF

remains unclear. In this study, we draw on the above research

to propose two novel indices also employing PCA: error ratio,

normalized root-mean square error (ERNRMSE) and error

ratio, mean absolute error (ERABSE), which exploit

spatiotemporal information in BSPM recordings. The

indices make use of the full set of BSPM electrodes by

measuring how well only a subset of electrodes can

represent AA on all BSPM electrodes compared to the

optimal PCA-representation. The indices also encapsulate

the temporal variability of the AA using long-duration

BSPM recordings. We hypothesized that when subsets can

represent AA nearly as well as the optimal PCA-

representation, the AF is more organized and stable with

time, and thus more likely to respond well to CA

treatment. When the optimal PCA representation is much

better than the electrode subset representation, we

hypothesized that this could be indicative of a disorganized

AF that is more variable over time, manifested as greater

spatial variability in the recorded AA on the BSPM vest. In this

way, we aim to provide additional tools which efficiently

utilize the large amount of data incurred when working

with BSPM recordings and show their clinical relevance for

persAF disease quantification through correlation with and

prediction of single-procedure CA outcome. We first discuss

the study population and BSPM signal acquisition and pre-

processing. An overview of the novel indices and BSPM vest

electrode subset selection required for their calculation is then

given. The statistical cross-validation protocol used to

evaluate their clinical relevance is then presented. Finally,

the results, implications, and limitations of the study are

discussed.
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2 Methods

2.1 Study population

We studied a total of 13 patients admitted for CA of drug-

refractory persAF. Their baseline characteristics are reported in

Table 1. The CA endpoint was complete pulmonary vein

isolation (PVI). Electrical cardioversion was performed on

patients still in AF after PVI completion to restore sinus

rhythm (SR). Patients were then monitored throughout a

follow up period and divided into two groups: 1) SR and

arrhythmia recurrence (AR), according to whether they

experienced an AR within 6 months, but at least 2 months

after undergoing CA. The study protocol was approved by the

TABLE 1 Study population baseline characteristics.

n = 13

Sex (M/F) 8/5

Age, mean ± std, years 63 ± 8

Hypertension, n 6

Coronary artery disease, n 2

Heart Failure, n 3

Valvular Disease, n 3

Diabetes, n 2

Left ventricular ejection fraction, mean ± std, % 51 ± 13

Sustained AF duration, mean ± std, months 11 ± 13

std, standard deviation.

FIGURE 1
CardioInsight™ BSPM vest with 252 unipolar electrodes.
The reference electrode is not shown. (A) Anterior part of vest
with 126 electrodes. (B) Posterior part of vest with
126 electrodes.

FIGURE 2
Atrial activity extraction. In black, the original recorded signal
on vest lead 56, which corresponds to lead V1 of the standard 12-
lead ECG configuration. In red, the signal after spatiotemporal
QRST cancellation.
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Lausanne University Hospital Human Research Ethics

Committee, and all patients provided written informed consent.

2.2 BSPM signal acquisition and
preprocessing

BSPMs were recorded with a 252-lead vest (CardioInsight™,
Medtronic, MN, United States) at a sampling frequency of 1 kHz

in persAF patients the day before undergoing CA at Lausanne

University Hospital in Switzerland. A schematic of the vest is

shown in Figure 1. Mean signal recording duration was 17 ±

4 min. Electrode contact and signal quality varied considerably

over the course of the recording duration. Recordings were

therefore visually inspected, and 1-min segments with good

signal quality were extracted from the long duration

recordings for further analysis. Remaining leads with poor

signal quality were removed (up to 30 leads), and signals from

high quality leads were used to estimate BSPM signals at the

removed locations using interpolation. Recordings were then

processed for removing baseline drift and high frequency noise

(bandpass filter 1–30 Hz). R-peaks were detected and QRST

delineation was performed in each lead using an open source

ECG delineation toolbox (Pilia et al., 2021). In order to evaluate

BSPM signals free of ventricular interference and enable a

temporal analysis, the spatiotemporal method for QRST

cancellation was applied (Stridh and Sornmo, 2001). This

method, which operates on a single-beat, multi-lead basis, was

chosen due to its exploitation of multiple leads and its tested

performance (Langley et al., 2006). Clustering was applied to

QRST complexes across all leads, so that the complexes used in

each ensemble average had similar shapes. The extracted 1-min

atrial activity BSPM segments (AA-BSPM) devoid of VA were

then further normalized to have zero mean and unit variance,

and low-pass filtered by a 10th order Butterworth filter with a

cutoff frequency of 30 Hz to eliminate signal discontinuities

introduced by spatiotemporal VA cancellation. An example of

a BSPM signal before and after AA extraction is shown in

Figure 2.

The power spectral densities (PSD) of all AA-BSPM

segments were computed using a Welch periodogram (2-s

Hamming window with a 4,096 Fast Fourier transform per

window and 50% window overlap) to determine the body

surface distribution of the atrial DF. The DF was defined as

the highest peak in the power spectrum.

2.3 AA-BSPM reconstruction using a
subset of BSPM electrodes

The purpose of this section is to describe how only a subset of

vest electrode signals may be used to reconstruct the signals on all

vest electrodes, as this is an important concept in the

development of the novel indices ERNRMSE and ERABSE

(elaborated in Section 2.5). Each AA-BSPM segment may be

represented by amatrixX ∈ Rm×n, withm consecutive samples in

the rows, and n synchronously recorded signals in the columns,

one from each BSPM vest electrode. Given an arbitrary subset of

signals recorded on k vest electrodes, S ∈ Rm×k, k < n, the

minimum least-squares transformation of the subset matrix S

to approximate the full BSPM signal matrix X is given by:

argmin
A

‖X − SA‖2F (1)

whose known solution is A = S+X, where (·)+ and ‖ ·‖F denote the
Moore-Penrose pseudoinverse and the Frobenius norm of a

matrix, respectively. Then, to represent the full BSPM signal

matrix X as accurately as possible, one should aim to find a subset

S of vest electrode signals such that the AA-BSPM segment X is

best represented by S, most commonly in terms of the Frobenius

norm:

argmin
S

‖X − SS+X‖2F (2)

Finding the subset S is thought to be an NP-hard problem, with

(nk) solutions, (Civril, 2014; Altschuler et al., 2016). Therefore,

finding the optimal solution would involve searching the (nk)
solutions, which for n and k of reasonable size is not feasible. The

goal for electrode subset selection is then to find good, but not

necessarily optimal subsets, and this will be discussed in the next

section. An upper limit on the performance of a subset of k

electrode signals for reconstructing the signals on all n electrodes

is given by reconstruction using the first k principal components

(PCs), since the explicit goal of PCA is to minimize the Frobenius

reconstruction criterion. The PCs may be obtained efficiently by

singular value decomposition (SVD) of X, X = UΣVT. The first k

PCs are the columns of the matrix UkΣk, where Uk contains the

first k columns of U, and Σk contains the k × k upper-left portion

of Σ. The corresponding rank-k reconstruction of X is given by:

Xk � UkΣkV
T
k (3)

where Vk contains the first k columns of V. Then the minimum

approximation error ‖X − Q‖2F which can be attained by an

arbitrary rank-k matrix is achieved when Q = Xk. Note that

each PC is a linear combination of the signals on all n electrodes

of X. Therefore, the rank-k PCA solution Xk is distinct from

reconstruction using a subset S of k vest electrode signals and

serves only as an upper bound to compare how well a given S

captures the information on all BSPM electrodes.

2.4 Electrode subset selection and
comparison

The purpose of this section is to describe the different subsets

of vest electrodes we used for the calculation of the novel indices
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ERNRMSE and ERABSE, which will be elaborated in the next

section. We also describe the characterization of the vest

electrode subsets in terms of their capacity to accurately

represent AA-BSPM signal information on all vest electrodes

and compare this to the optimal PCA representation, as this is an

important concept for the understanding of the novel indices.

1) Sequential: This algorithm was first proposed by (Lux

et al., 1978) and later used by (Guillem et al., 2008, 2009) for

selecting electrode subsets from a wider array of body vest

electrodes. As its name suggests, this sequential approach

greedily chooses electrodes one after the other, at each step

picking the column containing the electrode signal which

minimizes the reconstruction error, i.e., Eq. 2. This algorithm

is in no way guaranteed to be optimal, since at each step it only

considers that one additional electrode must be selected, rather

than considering the entire subset. However, it can be relatively

efficient (Farahat et al., 2011; Altschuler et al., 2016) and in

general has had good performance for electrode selection.

Therefore, it was chosen for use in this study. We call SEQk

the subset of k vest electrodes (columns) chosen sequentially

from the BSPM signal matrix X, for k = 8 : 30 electrodes. The

lower limit of k = 8 electrodes was chosen to equal the number of

independent leads used in the standard ECG, and the upper limit

of k = 30 electrodes was chosen as a result of suggestions that

roughly 30 electrodes are necessary to accurately represent AA in

AF (Guillem et al., 2009).

2) Standard ECG: A subset of BSPM vest electrodes closest to

the positions of the six precordial leads plus two limb leads used

in the standard 12-lead ECG was extracted. We refer to this

subset, which contains eight electrodes, as ECG8.

3) Augmented ECG: Additionally, there have been

suggestions that posterior electrodes may be desirable to better

capture left atrial activity in AF. Therefore, a subset of vest

electrodes closest to the augmented ECG suggested in (Petrutiu

et al., 2009) consisting of the eight electrodes in the ECG8 subset

plus three posterior electrodes, V8, V9, and V10 in the same

horizontal plane as V6, was tested. We refer to this subset, which

contains 11 electrodes, as ECG11.

Subsets were compared regarding how well they could

represent the full BSPM signal matrix as follows. SEQ8:30,

ECG8, ECG11, and PCA8:30 subset reconstructions were

calculated for 5-s windows of each AA-BSPM segment. Given

X̂ the reconstruction (Eq. 2) and X the full BSPM signal matrix

for a window, two error measures were calculated and averaged

over all windows in a segment. The first was the normalized root-

mean square reconstruction error (NRMSE), given by:

NRMSE � ‖ X − X̂‖F
‖ X‖F (4)

The second was the mean absolute difference (ABSE) across

all electrodes between the atrial DF on each vest electrode signal

of X and X̂, where the DF was obtained as described at the end of

the previous section:

ABSE � 1
L
∑l�L
l�1

|DF X : , l( )( ) −DF X̂ : , l( )( )| (5)

where L = 252 vest electrodes in our case. The above measures

were calculated on 5-s windows of the 1-min AA-BSPM

segments extracted from each patient and then averaged over

all windows, for X̂ found for the ECG8, ECG11, and SEQ8:30

subsets determined for each window. Finally, for comparison, the

above measures were calculated for X̂ � Xk, the rank-k PCA

reconstruction as described in Eq. 3 for k = 8 : 30.

2.5 Novel spatiotemporal indices ERNRMSE
and ERABSE

The purpose of this section is to combine the concepts

discussed in Sections 2.3, 2.4 to introduce the novel indices

ERNRMSE and ERABSE. These indices quantify the capacity of a

subset of BSPM vest electrodes to accurately represent the AA,

and the atrial DF, respectively, on all BSPM electrodes over time,

compared to the optimal PCA representation of the same rank as

the electrode subset.

For the calculation of the indices, the 1-min AA-BSPM

segments were divided into windows of 5-s as in Section 2.4.

The SEQ8 and SEQ11 subsets were obtained for the first

window, and reconstructions were obtained on subsequent

windows using these subsets and the corresponding matrices

A from Eq. 1 determined for the first window. Concretely, for

the first 5-s window, the solution to Eq. 1 is A1 � S1kX
1, where

X1 is the full BSPM signal matrix for the first window, and S1k
contains the signals on a subset of k vest electrodes. The

reconstruction for the ith window Xi is given by X̂
i � SikA

1,

where Sik contains the signals of X
i on the SEQ8/SEQ11 subset

electrodes determined for the first 5-s window X1, or the

ECG8/ECG11 subset electrodes. In addition, the

optimal rank-k (k = 8, 11) PCA reconstruction for each

window, Xi
k, was determined as previously described,

using the first k PCs, which we refer to as PCAk. Then, the

first index, ERNRMSE, is given by the ratio of the reconstruction

error obtained using SEQ8, SEQ11, ECG8, or ECG11, and the

optimal same-rank reconstruction obtained with PCA8 or

PCA11:

ERNRMSEi �
‖ Xi − X̂

i‖F
‖ Xi −Xi

k‖F
(6)

The second index, ERABSE, is given by the ratio of the mean-

absolute error between the atrial DFs extracted on each electrode

of the subset vs. PCA reconstructions:
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ERABSEi � ∑l�L
l�1 |DF Xi : , l( )( ) −DF(X̂i

: , l( ))
∑l�L

l�1 |DF Xi : , l( )( ) −DF Xi
k : , l( )( ) (7)

The above indices were calculated on each 5-s window following

the first window of the 1-min AA-BSPM segments, then averaged

across all windows, for one value per 1-min AA-BSPM segment.

We chose to calculate these indices for the SEQ8 and SEQ11

subsets to allow a direct comparison with the standard and

augmented ECG subsets, ECG8 and ECG11.

We hypothesized more organized, easier to treat forms of AF

should have lower error ratios (ER), indicating stability in the AF

dynamics between windows. This is because for lower ERs, the

subset of electrodes chosen for the first window and A1 permit a

reconstruction of the ithwindow that is closer to the optimal PCA

reconstruction of the same rank. As a comparison to another

BSPM index utilizing PCA for AF analysis, we calculated the NDI

proposed by (Meo et al., 2018), which was found to be useful for

quantifying AF complexity, choosing patients eligible for AF

ablation and assessing therapy impact. The NDI was calculated as

the residual variance not accounted for by the first three PCs of

each AA-BSPM window. Note also that this index uses only PCA

and therefore is not dependent on any particular subset of

electrodes.

2.6 Performance metrics and statistical
analysis

The purpose of this section is to describe how the different

electrode subsets introduced in Section 2.4 were compared in

terms of their capacity to accurately represent AA-BSPM signal

information on all vest electrodes compared to the optimal PCA

representation. We also describe the methods used to quantify

the relationship between the indices ERNRMSE, ERABSE and NDI,

and single-procedure CA success rate.

Calculated values of continuous parameters are expressed as

mean ± standard deviation. The statistical distributions of all

parameters were checked using a Lilliefors test. Statistical inter-

group differences were calculated as mean p-values across 3-folds,

with 20% of the parameter values left out of each fold. One-way

analysis of variance (ANOVA) was used for normally distributed

data, or Wilcoxon’s rank sum test was used for non-normally

distributed data. Statistical tests were performed across folds to

reduce the likelihood of chance group differences due to a small data

set, and statistical significance was considered for p-values less than

0.05. For comparing the different electrode subsets in terms of their

capacity to accurately represent AA-BSPM segments, we checked for

statistical differences of the NRMSE and ABSE parameters

calculated using the different electrode subsets (SEQk, ECG8,

ECG11), or using the corresponding number of PCs (PCAk). For

comparing the relationships between single-procedure CA outcome

and ERNRMSE, ERABSE, and NDI, we checked for statistical

differences between these indices calculated for AA-BSPM

segments associated with AR and SR outcome groups.

For indices ERNRMSE, ERABSE, and NDI displaying statistically

significant differences between groups, univariate logistic

regression classifiers were used to test their predictive power for

single-procedure CA outcome. We used group-wise 3-fold cross-

validation (CV) to ensure that indices calculated from different

AA-BSPM segments of the same patient were only assigned to

either the train or test set (80/20) for each fold. The resulting

receiver operating curves (ROC) were analyzed to obtain area

under the curve (AUC) to compare the predictive power of each

index. We reported the AUC for AA-BSPM segment-wise

classification as mean ± standard deviation over all CV folds,

and the sensitivity and specificity were reported for the optimal

classification threshold value determined through ROC analysis.

The sensitivity and specificity were the fraction of true positive and

true negative cases correctly identified, respectively, where AR was

considered a positive case, and SR was considered a negative case.

3 Results

3.1 Study population

At the time of this study, clinical outcome information was

available for 11 patients, six of whom experienced an AR (55%)

(3.4 ± 0.9 months post-CA). Therefore, only BSPM data from

11 patients were available for the part of the study associating the

novel indices to CA outcome. Patients experiencing an AR were

offered repeat procedures, however, in this study, only signals

recorded prior to the first procedure and associated clinical

outcomes were analyzed. Seven high quality 1-min AA-BSPM

segments were extracted from the long duration BSPM

recordings of each patient. Therefore, 91 1-min AA-BSPM

segments were available for the analysis with results described

in Section 3.2, and 77 AA-BSPM segments for the results

described in Sections 3.3, 3.4, with each segment associated

with an SR or AR outcome.

3.2 AA-BSPM reconstruction with BSPM
electrode subsets

A representation of the spatial distributions of the SEQ8,

SEQ11, ECG8, and ECG11 subsets used for AA-BSPM

reconstruction is shown in Figure 3. For each subset type, the

color of each electrode represents its occurrence in all the subsets

used to calculate NRMSE and ABSE, that is, in what ratio of the

tested subsets the electrode was included. It can be seen in Figures

3A,B, that for SEQ subsets, both anterior and posterior electrodes

were included in the subsets, with certain torso regions (upper

and lower) being less represented in the subsets, while the mid-

section regions were in general more represented. For the ECG
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subsets, the same subset of electrodes was applied to each 5-s

window of AA-BSPM data, as seen in Figures 3C,D.

The similarity between reconstructed and original BSPM

signals is shown in Figure 4. A 5-s window of a signal

recorded on vest lead 57, close to the position of precordial

lead V1, as well as its optimal least-squares reconstructions using

the ECG8 and SEQ8 subsets associated with the window and its

PCA8 reconstruction are demonstrated in Figure 4A. It can be

seen that morphological characteristics of the signal were mostly

captured in the reconstructed signals, however, the amplitude of

the recorded signal was not perfectly reconstructed. The power

spectral densities of the original and reconstructed signals are

shown in Figure 4B. It can be seen that the DF was correctly

captured on this electrode. The NRMSE and ABSE as a function

of number of electrodes included in the subsets are shown in

Figures 4C,D, taken as a mean across all patients, with error bars

representing the 95% confidence interval. In addition, the PCAk

reconstruction obtained for k PCs equaling the number of

electrodes is shown. As expected, reconstructions using ECG8

and ECG11 subsets had higher NRMSE and ABSE values than

reconstructions using SEQ8 and SEQ11, and this difference was

statistically significant (p < 0.01). In addition, it can be seen that

PCAk reconstruction consistently performed better than SEQk

reconstruction, and this difference was also statistically

significant for k = 8 : 30, (p < 0.01). An example showing the

DF of each electrode for original recorded AA-BSPM and AA-

BSPM using ECG8, SEQ8, and PCA8 reconstruction is shown in

the Supplementary Materials, where it can be seen that spatial

differences in the original DFs at different parts of torso were

mostly captured by SEQ8 and PCA8 reconstruction, and to a

lesser extent by ECG8 reconstruction.

3.3 BSPM AF spatiotemporal indices and
CA outcome

For the analysis of ERNRMSE and ERABSE, only the indices

calculated using SEQ8, SEQ11, PCA8, and PCA11 were used, to

FIGURE 3
Occurrence of each electrode in the (A) SEQ8, (B) SEQ11, (C) ECG8, and (D) ECG11 subsets. The color of each electrode indicates its occurrence
in all of the subsets used to calculate reconstruction performance measures, where, for example, one indicates the electrode was present in every
subset tested, and 0.1 indicates the electrode was present in 10% of subsets.

Frontiers in Physiology frontiersin.org07

McCann et al. 10.3389/fphys.2022.1001060

96

https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://doi.org/10.3389/fphys.2022.1001060


allow for comparison with ECG8 and ECG11. Shown in

Figure 5 are the (A) ERNRMSE, (B) ERABSE, and (C) NDI

values according to CA outcome. The associated mean ±

standard deviation values of the indices are shown in

Table 2. There was a statistically significant difference in

the NDI value between the SR and AR groups, with NDI

greater in the SR group. Greater ERNRMSE values were

associated with AR following single-procedure CA, while

lower ERNRMSE values were associated with SR, for all

electrode subsets tested. Finally, for ERABSE, greater values

were again observed for AR than SR, with statistical

significance only for the ECG8 and SEQ11 subsets.

3.4 Predictive power of spatiotemporal
indices for single-procedure CA outcome
classification

A summary of the ROC analysis of the NDI, ERNRMSE, and

ERABSE parameters for prediction of CA outcome is shown in

Table 3. Note that sensitivity and specificity values are shown

for segment-wise classification. It can be seen that ERNRMSE

displayed the most consistent performance across folds and

electrode subsets, with AUC = 0.77 ± 0.08, sensitivity = 76.2%,

and specificity = 84.8% for ERNRMSE calculated with the SEQ11

electrode subset. Despite the associations between NDI and

ERABSE and CA outcome, the predictive performances of these

indices were not as consistent as for ERNRMSE. The ROC

curves associated with ERNRMSE calculated for each subset

are shown in Figure 6. The ROC curves associated with NDI

and ERABSE (for statistically significant subsets) are shown in

the Supplementary Materials.

To further test the efficacy of ERNRMSE, we repeated the

statistical comparison and predictive performance analysis for

SEQ subsets with 8–30 electrodes, to see whether performance

changed for different numbers of electrodes included in the

SEQ subset. The results are shown in Figures 7, 8. It can be

seen in Figure 7A that the ERNRMSE was greater in the AR

group than SR group when calculated with all SEQ8:30 subsets.

However, this difference was only statistically significant for

ERNRMSE calculated with SEQ8:24 subsets, as shown in

Figure 7B, with the p-values from significance testing

transformed as −log10(p)
max(−log10(p)) to allow for a graphical

representation. In Figure 8 are shown AUC values

associated with the ROC analysis of the ERNRMSE calculated

with SEQ8:30 subsets. It can be seen that the AUC increased,

FIGURE 4
Atrial activity reconstruction. (A) A 5-s window of the original recorded (in grey) and reconstructed signals, for vest electrode 57, close to V1.
Reconstruction with the ECG8 subset (green), SEQ8 subset (blue), and PCA8 (orange). (B) The corresponding power spectral densities (PSD) of the
original recorded and reconstructed signals. (C)Normalized root-mean square reconstruction error (NRMSE), and (D)mean absolute error (ABSE), as
a function of number of principal components or vest electrodes used in subset for reconstruction.
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and variance of the AUC decreased, for up to

15 electrodes included in the SEQ subset. For more than

15 electrodes, the AUC generally decreased, and variance of

the AUC increased.

4 Discussion

In this study, we developed two novel, fully spatiotemporal

indices for the efficient processing of long-duration BSPM signals

collected from patients with persAF. The use of spatiotemporal

ventricular activity cancellation rather than short,

nonconsecutive TQ segments allowed the incorporation of a

temporal component in the analysis. By combining PCA and the

temporal component, a true spatiotemporal characterization was

achieved. To the best of our knowledge, this is the first study to

propose indices exploiting temporal irregularity in long-duration

BSPM recordings for persAF analysis, with a view to predicting

AR following single procedure CA. The selection of which

electrodes to use for the calculation of the novel indices can

be automatically performed using the sequential subset selection

method, or can be adapted for different subsets of electrodes,

such as the standard or augmented ECG lead configurations.

Finally, in our study, we have investigated the relationship

between the proposed novel indices and their correlation with

and predictive power for CA outcome. We found that a mean

AUC of up to 0.8 may be achieved for predicting arrhythmia

recurrence in persAF patients who underwent single-procedure

CA for the novel index ERNRMSE.

4.1 Electrode subset capacity to represent
AA-BSPM

PCA-based indices have been used extensively in ECG signal

processing (Castells et al., 2007), with applications including

extraction of atrial fibrillatory waves, quantification of AF spatial

complexity and organization, and efficient analysis of BSPMdata.

In this study, we have included a framework for understanding

how PCA-based reconstruction of AA-BSPM signals compares

to reconstruction using a subset of vest electrode signals. The use

of vest electrode reconstruction was based on previous studies,

which have demonstrated that the full BSPM signal matrix may

be projected onto a smaller matrix containing only a subset of

BSPM vest electrode signals (Lux et al., 1978; Guillem et al., 2008,

2009; Feng et al., 2019). The resulting reconstruction error

between the original and projected matrices has been shown

to depend on the number of electrodes included in the subset, as

well as the type of BSPM signals. For example, in (Guillem et al.,

2009), it was found that with the same number of electrodes,

reconstruction error was lower for ventricular than atrial activity.

In our study, as the number of electrodes included in the ECG or

SEQ subsets increased, the NRMSE and ABSE both decreased, in

line with results from (Guillem et al., 2009). We also showed for

the first time in our study the same trend for optimal PCA

reconstruction. It can be noted that for all numbers of electrodes

tested, there is a greater overlap between the ABSE values than

NRMSE values between the different subset types. This could be

FIGURE 5
BSPM analysis indices, grouped according to clinical
outcome. (A) Error ratio NRMSE to PCA (ERNRMSE); (B) Error ratio
ABSE to PCA (ERABSE); (C) Non-dipolar component index (NDI).
Significant differences between AR and SR outcome means
are indicated by asterisks. (*p < 0.05, **p < 0.01.).
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because the reconstruction method used optimizes for NRMSE,

and not ABSE.

Regarding the comparison of different BSPM electrode subsets,

it was found that SEQ subsets more accurately represent BSPM

signal data than standard and augmented ECG subsets in both signal

domains, manifested through lower NRMSE and ABSE values for

both k = 8 and k = 11 electrodes included in the vest subset. This

reinforces the idea that standard ECG electrode configurations are

not optimal in terms of accurately representing the full BSPM signal

matrix. Since results from previous works have suggested that the

addition of posterior electrodes may be useful to better reflect left

atrial activity in AF (Ihara et al., 2007; Petrutiu et al., 2009; Buttu

et al., 2013; Guillem et al., 2013), we did include the augmented

ECG11 subset. Interestingly, it was found that the decrease in

reconstruction error between the ECG8 and ECG11 subsets was

greater than the decrease in error between the SEQ8 and SEQ11

subsets, lending support to the argument that the addition of

carefully positioned posterior electrodes may indeed be beneficial

for representing AA-BSPM data. Additionally, it was found that

PCA-based reconstruction performs better than electrode subset

based reconstruction, in both the temporal and frequency domains.

This is to be expected, since PCA explicitly optimizes for the

reconstruction criterion. However, this remains an important

result since to our knowledge, the gap between electrode subset

and PCA reconstruction had not been previously investigated. We

hypothesized that this gapmay contain useful information related to

AF signal analysis.

4.2 Statistical comparison of novel indices

The finding in our study that ERNRMSE, ERABSE, and NDI all

show statistically significant differences between AA-BSPM

segments associated with AR or SR outcomes demonstrates

that each of these indices shows some potential to be used as

computational tools for AF disease management. Since

calculation of ERNRMSE and ERABSE required selection of a

subset of vest electrodes, these indices were calculated for

standard and augmented ECG subsets (ECG8 and ECG11,

respectively), as well as for sequentially chosen subsets (SEQ8

and SEQ11), which differ between AA-BSPM segments, to test the

robustness of the indices with respect to both which and how

many electrodes were included in the subsets.

Many previous studies have investigated capturing AF

information using surface recorded ECG signals, however, most

often using a single or limited number of leads. This prevents the

exploitation of the spatial diversity of multi-lead ECGs and is

dependent on the available electrode signal containing

information representative of the underlying AF. Since electrode

placement cannot be exact, and patient anatomy varies widely, this is

not always guaranteed. Further, it has already been shown that

inclusion ofmultiple leads is beneficial, leading to greater correlation

between calculated 12-lead ECG indices and AF complexity and

TABLE 2 ERNRMSE, ERABSE, and NDI values by vest electrode subset (not applicable for NDI) and single procedure CA outcome, expressed as mean ±
standard deviation. p-values were computed as means across three folds of data, in which a p-value for the statistical significance between index
values by outcome was computed using 80% of the AA-BSPM segments in each fold.

Subset Outcome ERNRMSE p-value ERABSE p-value NDI p-value

SEQ8 SR 1.349 ± 0.034 0.010 1.352 ± 0.078 0.294 0.517 ± 0.070 0.018

AR 1.385 ± 0.053 1.38 ± 0.096 0.484 ± 0.041

ECG8 SR 1.499 ± 0.091 0.008 1.607 ± 0.171 0.045

AR 1.589 ± 0.102 1.796 ± 0.253

SEQ11 SR 1.464 ± 0.041 0.002 1.448 ± 0.093 0.033

AR 1.515 ± 0.075 1.497 ± 0.159

ECG11 SR 1.605 ± 0.082 0.037 1.700 ± 0.150 0.107

AR 1.667 ± 0.100 1.760 ± 0.351

TABLE 3 Predictive power of BSPM indices for CA outcome, for each of
the tested subsets. Sensitivity and specificity indicate the rate of
detection of arrhythmia recurrence and sinus rhythm 6 months post
single-procedure CA, respectively. AUC, area under the curve.

AUC (mean ± std) Sensitivity (%) Specificity (%)

NDI 0.37 ± 0.45 33 98.9

ERNRMSE ERABSE ERNRMSE ERABSE ERNRMSE ERABSE

SEQ8 0.72 ± 0.09 - 61.9 - 84.8 -

ECG8 0.81 ± 0.26 0.76 ± 0.23 64.3 57.1 98.9 98.9

SEQ11 0.77 ± 0.08 0.52 ± 0.29 76.2 28.6 84.8 98.9

ECG11 0.69 ± 0.28 - 57.1 - 84.8 -
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outcomes in (Meo et al., 2013; Zarzoso et al., 2016). The idea in this

study was therefore to add to the limited number of BSPM indices

for AF analysis, integrating both temporal and spatial information.

In (Bonizzi et al., 2010), it was shown that reconstruction error

using the PCA rank-3 approximation of TQ segments of BSPM

signals recorded during AF was capable of separating AA signals

into clusters based on levels of AF organization, with greater

reconstruction error corresponding to higher AF complexity and

lower stationarity. Later, (Di Marco et al., 2012), using PCA-based

indices, found that higher spatial organization, indicating easier to

treat forms of AF, was correlated withmore temporally stable atrial

activation patterns. We hypothesized that lower ERNRMSE values

would therefore be observed among SR patients, indicating more

stability in the AF dynamics between BSPMwindows, and this was

indeed the case. The finding that ERNRMSE displayed greater values

in AR AA-BSPM segments than SR segments for all four electrode

FIGURE 6
ROC Analysis for ERNRMSE for predicting CA outcome calculated with (A) SEQ8; (B) ECG8; (C) SEQ11; and (D) ECG11 vest electrode subsets. The
optimal tradeoff between true positive rate and false positive rate is indicated by a black dot.

FIGURE 7
(A) ERNRMSE values grouped according to clinical outcome, calculated with SEQ8:30 subsets; (B) Representation of p values associated with
statistical comparison of ERNRMSE mean values for AR and SR patient groups. The p = 0.05 and p = 0.01 significance levels are indicated by dashed
lines.
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subsets lends support to its use as a robust index for predicting

single-procedure AF outcome. Further, also in (Di Marco et al.,

2012), it was found that greater temporal variability was associated

with lower spectral concentration. Therefore, we hypothesized

again that lower ERABSE values would be observed for SR patients.

While the ERABSE calculated for AR patients was greater than that

for SR patients, this difference was only statistically significant for

two of the electrode subsets tested, potentiallymaking it less robust

than ERNRMSE. This lower robustness could relate to the finding

discussed above that there was a greater overlap in ABSE values

calculated for subset vs. PCA reconstruction.

The NDI was unexpectedly found to be greater for SR

segments than AR segments, meaning that the remaining

variance unexplained by the first three PCs of the BSPM

signal data was on average greater for SR segments than AR

segments. This is contrary to the result in (Meo et al., 2018),

which found smaller NDI values in concatenated TQ segments of

BSPM data collected from patients with successful procedural

CA outcome. Several key differences in our study could explain

the contradictory results, including our use of longer duration

AA-BSPM segments rather than concatenated TQ segments.

Additionally, the study in (Meo et al., 2018) compared NDI

values calculated for procedural outcomes, while in this study we

used single-procedure clinical outcomes. Future studies testing

the NDI may shed light on this discrepancy.

4.3 Assessment of clinical impact of novel
indices

The clinical impact of the indices tested in this study

depends not only on their association with CA outcomes but

also their ability to predict CA outcomes. Therefore, we tested

classification performance of univariate logistic regression

classifiers for ERNRMSE, ERABSE, and NDI. The use of

group-wise CV was important to ensure AA-BSPM

segments extracted from the same patient were included

only in either the train or test set of each fold. Reporting

both mean and standard deviation values of the AUC for each

classifier also gave an indication of the CA outcome prediction

model variance for different folds of the data. These were

important features of our methodology considering the small-

size of our data set.

Importantly, only ERNRMSE displayed consistent results in

predictive power across tested vest electrode subsets. The AUCs

for this index calculated with each subset (SEQ8: 0.72 ± 0.09,

ECG8: 0.81 ± 0.26, SEQ11: 0.77 ± 0.08, ECG11: 0.69 ± 0.28) were

as good or better than the AUC associated with NDI (0.69),

found in (Meo et al., 2018), and the model variance was not

reported in their study. Additionally, the (Meo et al., 2018)

study also tested prediction performance for NDI combined

with clinical parameters, achieving an AUC of 0.7. Our results

were also as good or better than those described in (Lankveld

et al., 2016), in which predictive performance varied from

AUC = 0.76 ± 0.15 for 12-lead ECG derived complexity

parameters alone to AUC = 0.79 ± 0.13 for ECG plus

clinical parameters. Additionally, the results were in line

with those obtained in (Zeemering et al., 2018), for which an

AUC of 0.66, 95% confidence interval [0.64–0.67] was obtained

for the best ECG parameter studied (dominant atrial frequency

in lead II). The study also reported better performance when

several ECG parameters were combined (AUC

0.78 [0.76–0.79]), and best performance for combining ECG

plus clinical parameters (AUC = 0.81 [0.79–0.82]). It is

important to note that the variance across CV folds was less

for ERNRMSE calculated with SEQ subsets compared to ECG

subsets, and in general lower than model variances reported in

other studies. This result was also found to be true in our

additional analysis calculating ERNRMSE with SEQ8:30

electrodes, finding high predictive performance for nearly all

numbers of electrodes included in the subset. That ERNRMSE

showed the best results and lowest variance when calculated

with SEQ electrode subsets could indicate that when working

with BSPM signals, an informed patient or segment specific

selection of subset electrodes may be useful, for example using

the sequential algorithm. This is logical given the nonstationary

nature of BSPM recordings in AF. This was further supported

by the lack of a clear pattern of specific electrodes included in

the SEQ subsets as seen in Figure 3; rather, certain regions of the

vest contain electrodes picked by the sequential algorithm more

often than other regions. The finding that specificity was

generally higher than sensitivity across all indices tested

could indicate that this index would be more useful for

selecting which patients would be most likely to benefit from

CA, as opposed to selecting those least likely to benefit. Note

FIGURE 8
Mean and standard deviation of the area under the ROC curve
(AUC) computed using three cross-validation folds, for ERNRMSE

performance for predicting CA outcome when calculated with
SEQ8:30 electrodes.
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that specificity was also higher than sensitivity for the NDI in

the original study (Meo et al., 2018). The other two indices

appear less robust to predict CA outcome, with low AUC and

sensitivity values for NDI. For ERABSE, the results appear more

promising, but still displaying relatively low sensitivity and

more variable AUC values across CV folds than ERNRMSE.

These results all point towards the potential value of

ERNRMSE as a clinically useful tool that could be used to

analyze BSPM data in persAF. If confirmed by future studies,

the use of ERNRMSE could be important in assisting in prediction

of successful CA outcomes, which would be useful for improving

informed decision making regarding treatment for persAF. This

would be particularly important given the low success rate of CA

for treating persAF. Finally, the added clinical value of using

BSPM data in AF remains unclear, as evidenced by its being

largely limited to research use (Salinet et al., 2021). However, if

indices calculated using BSPM data, such as ERNRMSE, could be

shown to be consistently associated with and good predictors of

CA outcomes, this could confirm the validity of using BSPM data

for AF analysis.

4.4 Limitations

The study population, at 13 patients, and 11 patients with

clinical outcome data, was small; however, the effort in

obtaining BSPM recordings is considerable, due to the

high number of electrodes which are used. The use of

group-wise CV on segments of data extracted from each

patient did however permit a robust analysis using this

data set. In addition, the randomized inclusion criteria

enhances our conclusions on BSPM AF characterization,

though this may not be representative of the general

characteristics of a wider population. Given the variation

in experimental set up and parameters used, comparing with

parameters from previous studies was challenging, and a

more systematic study would be required for integration of

the contributions of this work into clinical practice. Further,

the small size of the population precluded the analysis of

correlation with clinical indices, or whether the proposed

indices could be combined with clinical indices for predicting

CA outcome, as it has been shown previously in several

studies that combining ECG-based indices with clinical

parameters yields the best clinical performance (Lankveld

et al., 2016; Meo et al., 2018; Zeemering et al., 2018).

Additionally, the follow-up duration was relatively limited,

and again due to the small study size, the impact of anti-

arrhythmic medications could not be assessed since these

were used by most patients. Finally, while we have shown the

usefulness of the proposed indices for predicting CA

outcome, we were unable to examine these indices for

quantifying AF complexity due to a lack of available

simultaneous intracardiac recordings.

4.5 Conclusion

In this study, we have proposed two novel indices for AF

analysis with BSPM signals, ERNRMSE and ERABSE. We have

shown clinical applicability by demonstrating correlation

between the novel indices and single-procedure CA outcome

and also promising outcome prediction performance. However,

only ERNRMSE values were found to be statistically greater for the

AR patient group than SR patient group, and demonstrate

consistently high CA outcome predictive performance when

calculated with ECG subsets, and independent of the number

of electrodes included in the SEQ subset used for its calculation.

These results, combined with previous studies also employing

PCA-based methods, suggest that continued study of BSPM

signals for AF analysis is warranted.
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The heart rate during atrial fibrillation (AF) is highly dependent on the conduction

properties of the atrioventricular (AV) node. These properties can be affected using

β-blockers or calcium channel blockers, mainly chosen empirically.

Characterization of individual AV-nodal conduction could assist in personalized

treatment selection during AF. Individual AV nodal refractory periods and

conduction delays were characterized based on 24-hour ambulatory ECGs

from 60 patients with permanent AF. This was done by estimating model

parameters from a previously created mathematical network model of the AV

node using a problem-specific genetic algorithm. Based on the estimated model

parameters, the circadian variation and its drug-dependent difference between

treatment with two β-blockers and two calcium channel blockers were quantified

on a population level by means of cosinor analysis using a linear mixed-effect

approach. The mixed-effects analysis indicated increased refractoriness relative to

baseline for all drugs. An additional decrease in circadian variation for parameters

representing conduction delay was observed for the β-blockers. This indicates that

the two drug types have quantifiable differences in their effects on AV-nodal

conduction properties. These differences could be important in treatment

outcome, and thus quantifying them could assist in treatment selection.

KEYWORDS

atrial fibrillation, atrioventricular node, circadian variation, mathematical modeling,
genetic algorithm, mixed effect modeling, ECG, rate control drugs

1 Introduction

Atrial fibrillation (AF) is the most common arrhythmia in the world, with a

prevalence of 2–4% in the adult population Benjamin et al. (2019), reaching 7% for

those aged 65 and above Di Carlo et al. (2019). It is characterized by rapid and irregular

contraction of the atria, originating from highly disorganized electrical activity, and

associated with an increased risk of mortality, mainly due to stroke or heart failure

Hindricks et al. (2021).
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The electrical impulses in the atria are conducted via the

atrioventricular (AV) node to reach and activate the ventricles.

The AV node can block and delay incoming impulses based on its

refractory period and conduction delay properties. During AF -

when the AV node is bombarded with impulses from the atria -

blocking of impulses prevents the heart from racing, but may not

be sufficient to maintain a normal heart rate and will still result in

significant beat-to-beat variability in the ventricular activation

Corino et al. (2015b); Mase et al. (2017).

To remedy this, rate control drugs can be used in order to

modify the conduction properties of the AV node. There are two

main types of rate control drugs used for AF treatment; β-

blockers and calcium channel blockers Hindricks et al. (2021).

As the name suggests, β-blockers block the β-receptors in AV

node cells, decreasing the effect of the sympathetic nervous

system, whereas calcium channel blockers prevent the L-type

calcium channels from opening, thereby reducing the conduction

in the AV node cells. Both types of drugs have been shown

effective in reducing the heart rate during AF Ulimoen et al.

(2013). However, the optimal treatment for a given patient is

often chosen empirically. Since the two drug types have different

physiological effects on the AV node conduction properties,

assessing the drug-induced changes in these AV node

properties could provide an important step toward

personalized treatment. One of the main differences between

the two drug types is the effect on the sympathetic nervous

system, which can be quantified by the circadian variation in the

AV node conduction properties. Furthermore, previous studies

have shown a significant difference in the predominant RR

interval between day and night, without a difference in

dominant atrial cycle length, suggesting circadian variation in

the AV node conduction properties Climent et al. (2010).

Conduction properties of the AV node have previously been

characterized using mathematical models based on measurements of

the electrical activity in the heart Shrier et al. (1987); Billette andNattel

(1994); Sun et al. (1995). Several models of the AV node during AF

have been proposed; both based on invasive data from rabbits Inada

et al. (2009); Climent et al. (2011) and humans Jørgensen et al. (2002);

Mangin et al. (2005); Masè et al. (2012, 2015), and on non-invasive

data fromhumansCorino et al. (2011, 2013);Henriksson et al. (2015).

We have previously presented a network model of the AV node

capable of assessing the refractory period and the conduction delay of

the AV node from 20-min ECG segments Karlsson et al. (2021).

However, continuous assessment of AV conduction delay and

refractoriness from 24-hour ECG recordings has not previously

been performed; such assessment enables analysis of long-term

variations in AV conduction properties.

The aim of the present study is to develop a framework for

long-term ECG-based assessment of conduction properties in the

AV node, and to utilize this framework for analysis of circadian

variation and its drug-induced changes in a cohort of 60 patients

with persistent AF Ulimoen et al. (2013). To accomplish this, we

propose a problem-specific optimization algorithm able to

continuously estimate the model parameters from the

previously presented network model Karlsson et al. (2021).

Furthermore, the uncertainty of the parameter estimates is

assessed using a variant of Sobol’s method Sobol (2001), and

the drug-induced differences in circadian variation between β-

blockers and calcium channel blockers on a population level are

quantified using a linear mixed-effect model.

2 Materials and methods

A schematic overview of the methodology is given in Figure 1.

The ECG data (Section 2.2) is first processed in order to extract a RR

interval series and an atrial fibrillatory rate (AFR) trend, as described

in Section 2.3. The RR interval series is then divided into segments of

length N, and the AFR trend is used to estimate the atrial arrival rate

in the corresponding time interval. TheAVnodemodel (Section 2.1)

is fitted to the ECG-derived data using a tailored optimization

algorithm, as described in Section 2.4, in order to obtain model

parameter estimates. Furthermore, the Poincaré plot difference,

which quantifies the rate of change of RR series characteristics, is

used to tune hyper-parameters in the optimization algorithm during

parameter estimation. The uncertainty of the estimated model

FIGURE 1
A flowchart of the overall framework for estimating AV node conduction properties on an individual and a population level.
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parameters is investigated using a variant of Sobol’s method, as

described in Section 2.5. Finally, cosinor analysis is used to quantify

circadian variation in the model parameter trends, and a linear

mixed effects modeling approach is used to investigate drug-

dependent differences on a population level, as described in

Section 2.6.

2.1 AV node model

A network model of the human AV node, shown in Figure 2,

is used to characterize the conduction delay and refractory

period. A brief description of the model is given here, for

more details, see Karlsson et al. (2021). The model describes

the AV node as an interconnected network of nodes, each capable

of transmitting incoming impulses. The model consists of

21 nodes; divided into a fast pathway (FP) with ten nodes, a

slow pathway (SP) with ten nodes, and a coupling node. The

nodes can react to an incoming impulse either by blocking - if the

node is in its refractory state - or by conducting it to all adjacent

nodes after adding a conduction delay, after which the node

returns to its refractory state. The refractory period (Rj(n)) and

the conduction delay (Dj(n)) of node j following an impulse n are

given by,

Rj n( ) � Rmin + ΔR 1 − e
−~tj(n)
τR( ) (1)

Dj n( ) � Dmin + ΔDe
−~tj(n)
τD , (2)

where ~tj(n) is the diastolic interval preceding impulse n,

~tj n( ) � tj n( ) − tj n − 1( ) − Rj n − 1( ), (3)

and tj(n) is the arrival time of impulse n at node j. When ~tj(n) is
negative, the impulse will be blocked since the node is in

its refractory state. The parameters Rmin, ΔR, τR, Dmin, ΔD,
and τD are fixed for all nodes in the SP and

the FP, respectively. This results in the 12 model parameters

θ � [RFP
min, ΔRFP, τFPR , RSP

min, ΔRSP, τSPR , DFP
min, ΔDFP, τFPD , DSP

min,

ΔDSP, τSPD ]. For convenience, the interpretation of the model

parameters are given in Table 1. For the coupling node, the

delay is fixed to 60 ms, and the refractory period is fixed to the

mean of the ten shortest RR intervals in the data used for model

parameter estimation, RRmin.

The input to the model - representing impulses arriving from

the atria - is created using a Poisson process with mean arrival

rate λ. The output of the model represents the time points for

ventricular activation, and thus the differences between adjacent

elements in the output vector represent the RR intervals.

2.2 ECG data

The RATe control in Atrial Fibrillation (RATAF) study Ulimoen

et al. (2013) acquired 24-hour ambulatory ECGs during baseline and

under the influence of four rate control drugs; the two calcium

channel blockers verapamil and diltiazem, and the two β-blockers

metoprolol and carvedilol. The study population consists of

60 patients with permanent AF, no heart failure, or symptomatic

ischemic heart disease. The study was approved by the regional ethics

FIGURE 2
A schematic representation of the network model where the yellow node represents the coupling node, the red nodes the SP, the green nodes
the FP, and arrows the direction for impulse conduction. For readability, only a subset of the 21 nodes is shown.

TABLE 1 The interpretation of the model parameters. Superscripts
indicating the pathway (SP, FP) are omitted to avoid redundancy.

Parameter Parameter description

Rmin Minimum refractory period, attained for short diastolic intervals

ΔR Maximum prolongation of the refractory period, attained for long
diastolic intervals.

τR Time constant for the refractory period, determining the impact of
the diastolic interval

Dmin Minimum conduction delay, attained for short diastolic intervals

ΔD Maximum prolongation of the conduction delay, attained for long
diastolic intervals.

τD Time constant for the conduction delay, determining the impact
of the diastolic interval
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committee and the Norwegian Medicines Agency and conducted in

accordance with the Helsinki Declaration. The trend in the AV

node refractory period and conduction delay from these five 24-hour

ECG recordings per patient is assessed by estimations of the trends

in θ.

2.3 ECG processing

The RR interval series is extracted from the ECG, where

RR intervals following and preceding QRS-complexes with

deviating morphology are excluded from the series

Lagerholm et al. (2000). Due to excessive noise in the

ECGs, some RR intervals are missed, leading to an

unrealistically low heart rate. Thus, the data are divided

into minute-long non-overlapping segments, and all

segments with a heart rate lower than 20 bpm are

removed, occasionally resulting in gaps in the signals. The

signals with a total duration shorter than 12 h or with less

than 20 h between start and end are excluded from further

analysis. After excluding data according to these criteria, data

from 59 patients remained for inclusion in this study. The

number of patients with data considered to be of sufficient

duration for analysis and the average duration of these

recordings for the different treatments are shown in Table 2.

The f-waves in the ECG are extracted using spatiotemporal

QRST cancellation Stridh and Sornmo (2001). The AFR trends

are then estimated by tracking the fundamental frequency of the

extracted f-wave signal using a hidden Markov model-based

approach Sandberg et al. (2008); resulting in a resolution for

the AFR trends of one minute.

2.4 Parameter estimation

The atrial arrival rate, λ, is estimated by correcting the AFR

trend, taking the atrial depolarization time into account Corino

et al. (2013). Outliers in the estimated λ trends are excluded based

on visual inspection guided by cluster analysis. The resulting

trends are low-pass filtered using a sliding triangular window

filter with a width equal to 70.

The model parameters θ are assumed to vary over time,

making this a dynamic optimization problem. Thus, the data

are first divided into overlapping data segments of N = 1000

RR intervals; where N is chosen to give a good balance

between resolution and robustness of the estimates. Each

data segment contains one segment-specific mean arrival rate

λN(i) calculated as the mean of the λ trend in the segment

starting at RR interval i, as well as one RR interval series,

RRN(i). The estimated parameters of a data segment starting

at RR interval i is denoted by θ̂(i).
A fitness function based on the Poincaré plot - a scatter

plot of successive pairs of RR intervals - is used to quantify the

difference between observed and simulated RR series. The

Poincaré plots are binned into two-dimensional bins with a

width of 50 m, centered between 250 and 1800 m, forming a

two-dimensional histogram. The error function (ϵ), i.e., the
inverse fitness function, is then calculated from the number of

samples in the bins according to Eq. 4,

ϵ � 1
K

∑K
k�1

xN
k − N

Nsim
~xNsim
k( )2�������

N
Nsim

~xNsim
k

√ , (4)

where K is the number of bins,Nsim is the number of RR intervals

simulated with the model, and xN
k and ~xNsim

k are the numbers of

RR intervals in the k-th bin of the observed data and model

output, respectively.

A genetic algorithm (GA) is used to search for the values of

θ yielding the minimum ϵ. A GA consists of a population of

individuals that evolves based on their fitness value towards a

solution using selection, crossover, and mutation Wahde

(2008).

By assuming that a large change in the Poincaré plot relates to

a large change in parameter values, it is possible before starting

the optimization to decide when the optimization algorithm

should focus on exploration or exploitation. As a heuristic for

this, we introduce the difference in the Poincaré plots (ΔP(i)),
according to Eq. 5,

TABLE 2 The number of recordings and recording length (mean ± std) analyzed in this study following exclusion of recordings with insufficient signal
quality, as described in Section 2.3.

Drug Number of recordings Recordings length (h)

Baseline 51 20.88 ± 2.85

Verapamil 53 21.92 ± 2.39

Diltiazem 56 21.71 ± 2.44

Metoprolol 53 21.87 ± 1.98

Carvedilol 57 21.23 ± 2.65

Total 270 21.52 ± 2.59
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ΔP i( ) � 1
K

∑K
k�1

xNΔP
k i( ) − xNΔP

k i + 1000( )( )2, (5)

where xNΔP
k (i) and xNΔP

k (i + 1000) are the number of RR intervals

in the k-th bin of the Poincaré plot for the RR interval series

starting at interval i and i + 1000, respectively. Moreover, the

segment length NΔP is set to 2000. The Poincaré plot difference,

ΔP(i), is used to tune hyper-parameters in the optimization

algorithm.

The GA used for estimating θ̂(i) has a population size of

400 individuals - where each individual is a vector of values for θ -

and uses tournament selection, a two-point crossover, and creep

mutationWahde (2008). The number of generations the GA runs

before switching to the next data segment varies from 1 when

ΔP(i) < 800; to 2 when 800 ≤ ΔP(i) < 2000; to 3 when ΔP(i) ≥
2000. The step size for the sliding windows is determined by the

trade-off between the resolution and the computing cost, and is

set to 108 s; resulting in 800 steps for full 24-hour measurements.

Thus, there will be 800 estimated θ̂(i) for a 24-hour

measurement. As noted previously, there are also gaps in the

data. Thus, the step size will partly vary to match the start and

end of the RR segments, to ensure that all data are used. For

reference, estimating the θ̂(i) trend from a 24-hour RR and λ

series using a single core on a standard desktop computer (Intel®
CoreTM i7-6600U Processor, @ 2.60 GHz) requires on average

4 hours.

Since the Poisson process used to create the model input is

stochastic, ϵ varies between realizations. This variation is

dependent on the number of RR intervals generated from the

model, where more RR intervals reduce the variation but require

more computing power. To have a good balance between

computing power and stability, Nsim is set to 1500. However,

the ten fittest individuals in each generation are re-evaluated,

with Nsim = 5000, before the individual with the best fit for each

data segment, θ̂(i), is saved.
The individuals for the first generation are randomly

initialized using a latin hypercube sampling in the ranges:

{RSP
min, R

FP
min} ∈ [150, 650] ms; {ΔRSP, ΔRFP} ∈ [0, 700] ms;

{τSPR , τFPR } ∈ [40, 300] ms; {DSP
min, D

FP
min} ∈ [0, 30] ms; {ΔDSP,

ΔDFP} ∈ [0, 75] ms; {τSPD , τFPD } ∈ [40, 300] ms. These values are

also used as boundaries for the model parameters. Hence, the

difference between the upper bound and the lower bound for the

parameters is the range that the parameters can vary within, here

denoted r(p) and in vector form r, where p is the parameter index

ordered as in θ.

To reduce the risk of premature convergence and to maintain

a good diversity in the population, immigrants - individuals not

created from the current population - are used. These immigrants

are created using three different methods; 1) by saving and then

re-using the ten most fit individuals and their model output per

generation; 2) by running eight computationally faster GA, using

only 16 individuals and Nsim = 750, simultaneously; and 3), by

random sampling. The number of immigrants is dependent on

ΔP(i) and is created in equal proportion using the three different

creation methods. These new individuals are then introduced

into the population at the start of every new data segment by

replacing the individuals with the lowest fitness. More specific

details about the GA are found in Supplementary Material,

Section 1.

2.5 Parameter uncertainty estimation

A variant of Sobol’s method Sobol (2001) is used to derive

the uncertainty for each estimated parameter set θ̂(i). The
contribution to the output variance (v(p)) for a parameter p,

including the variation caused by its interaction with all the

other parameters, is estimated by the following procedure.

Firstly, two 30 x 12 matrices (A and B), where 30 is the

number of sampled parameter vectors, are generated by

samples from a quasi Monte Carlo procedure based on the

Latin hypercube design. Unlike Sobol’s method - which

samples in the whole parameter range - these samples are

generated within θ̂(i) ± 0.075r, hence within a hyper-

rectangle covering 15% of the total range of each

parameter. Secondly, 12 new matrices, ABp are created by

replacing the p-th column in A with the p-th from B. Thirdly,
ϵ is calculated for each parameter set in the matrices by

running the model, before the expected value of the

contribution to the output variance is estimated according

to Eq. 6 Sobol (2001).

v̂ p( ) � 1
2 · 30 ∑30

q�1
ϵAq − ϵABp,q( )2. (6)

Here ϵAq and ϵABp,q quantifies the difference between the observed

RR series and the model output as given in Eq. 4, for the

parameter sets in A and ABp, respectively.

The estimated v̂(p) are then, together with the mean (�ϵ) and
standard deviation (σϵ) of the 30 realizations of θ̂(i), used to

calculate a parameter uncertainty estimate according to Eq. 7.

u p( ) � 0.15r p( )����
v̂ p( )√

− σϵ
0.1�ϵ. (7)

Here 0.15r(p) originates from the distance between θ̂(i) and
the border of the sampled hyper-space, and

����
v̂(p)√ − σϵ from

the difference between the error variation inside the hyper-

space and at θ̂(i). Hence, the fraction relates to the slope-

intercept between the parameter distance and the

uncertainty. The remaining product relates this slope to

10% of the mean error for θ̂(i). Thus, the interpretation of

u(p) is: ‘Assuming interaction between all model parameters,

how large a step can be taken for parameter p before the

contribution to ϵ for θ̂(i) is increased by 10%‘. This was then

repeated for all θ̂(i) for all patients and drugs.
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2.6 Circadian variation

The drug-dependent circadian variation for the estimated

AV node parameters is quantified using linear mixed-effect

modeling, i.e., using a statistical model comprising both fixed

effects and random effects. The model used consists of a 24-hour

periodic cosine with mean m, amplitude a, and phase ϕ, as seen

in Eqs. 8, 9, and 10.

ypat,m t( ) � mpat,m + apat,m cos
2π
24

t + ϕ( ) (8)
mpat,m � α + αm + ηpat + ηpat,m (9)
apat,m � β + βm + ξpat + ξpat,m (10)

Here ypat,m(t) represents the estimated parameter trends of patient

pat during treatment m ∈ {Baseline, Verapamil, Diltiazem,

Metoprolol, Carvedilol}. Moreover, t corresponds to the time of

the day, in hours, of the RR interval i that the estimated θ̂(i) relates
to. Furthermore, α, αm, β, and βm represent the fixed-effects; with α

and β corresponding to the mean value for the mean and amplitude

during baseline, and αm and βm to the average deviation from the

baseline values, caused by the drugs. The random effects ηpat, ηpat,m,

ξpat, and ξpat,m correspond to the individual deviation from the fixed-

effects, and are assumed to be sampled from a zero-mean gaussian

distribution. During baseline,αm, βm and ηpat,m, ξpat,m are assumed to

be zero. For a given individual, ϕ is assumed to be equal for all

12 model parameters and is estimated by means of principal

component analysis of the θ̂(i) trends. The 12 vectors created by

projecting the data onto the 12 principal components are fitted to a

cosine with mean mc, amplitude ac, and phase ϕc, where c indicates

the c-th principal component, using the simplex search method

Lagarias et al. (1998). The phase, ϕ, is set equal to the ϕc associated

with the highest ac. Moreover, for cases where apat,m is negative, a

phase-shift ofπ is added to ensure that all the amplitudes are positive.

With ϕ estimated, α, αm, β, βm, ηpat, ηpat,m, ξpat, and ξpat,m are

fitted using the linear mixed-effects model function ‘fitlme ()’ in

MATLAB (The MathWorks Inc. Version R2019b); using the full

covariance matrix with the Cholesky parameterization and the

maximum likelihood for estimating parameters of the linear

mixed-effects model with trust region based quasi-Newton

optimizer as settings.

An assessment of the goodness of fit for the linear mixed-

effect model is calculated as the RMSE between the modeled

cosine and the estimated parameters. For easier comparison

between parameters, the RMSE for each parameter is

weighted by their respective range, r(p).

2.7 Statistic analysis

The estimated parameters θ̂(i), as well as AFR and HR, were

averaged for each recording, and significant difference between the

averages at baseline and under the four drugs were assessed one-by-

one using the paired two-sided Wilcoxon signed rank test Woolson

(2007) with the Benjamini–Hochberg correction Benjamini and

Hochberg (1995). Patients with missing recordings (cf. Table 2)

at baseline or the drug in questionwere excluded from the analysis. A

p-value below 0.05 after correction was considered significant.

3 Results

Figure 3 illustrates the advantages of using the GA proposed in

Section 2.4 for parameter estimation by comparing it to a standard

version of theGA. For the standardGA, all hyper-parameters, as well

as the number of generations per data segment, are fixed and thus do

not take advantage ofΔP(i). To highlight the differences between the
algorithms, we zoom in on a three hour long segment where the RR

series characteristics change rapidly. It is clear that ϵ increases along
with ΔP(i) for the standard GA, in contrast to the proposed GA.

From the GA we acquire one estimate per data segment, for all

59 patients and all drugs, resulting in a total of 175,640 θ̂(i). To give
the reader a sense of the match between the model output and RR

interval series obtained from the ECG, we present two examples of

Poincaré plots and histograms together with the associated RR

interval series. One corresponds to the median ϵ, and one where ϵ
is higher than 95% of all ϵ, as shown in Figure 4. It is evident that the
histograms and Poincaré plots from the model output and data are

similar for both cases, indicating a good match to data in most data

segments. However, there is a considerable difference on a beat-to-

beat level, as indicated by the RR interval series. Moreover, θ̂(i) for
one patient at baseline is shown in Figure 5, where clear changes over

time can be seen.

FIGURE 3
Mean (colored lines) and standard deviation (colored areas) of
the error ϵ for 100 segments for the proposed genetic algorithm
(blue) and a standard genetic algorithm (red) together with the
Poincare difference ΔP(i) (black line), defined in Eq. 5, for data
from one patient at baseline during 3 hours. The standard
deviation and mean are based on ten runs of the algorithms. Note
that ΔP(i) is scaled with 1

5 for readability.
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Recording averages of estimated model parameters, AFR, and

HR at baseline and during treatment with the four different drugs are

shown in Table 3. Significant differences, as described in Section 2.7,

are indicated in the table by ‘*’. This shows a significant increase in

the refractory period in the FP for all drugs, as well as a significant

decrease in heart rate and AFR for all drugs.

3.1 Uncertainty estimation

The average u(p), as explained in Eq. 7, normalized with r(p), are

shown in Figure 6. From this, it is evident that the model parameters

relating to the SP are more robustly estimated than their FP

counterpart, and that the model parameters relating to the

FIGURE 4
The Poincaré plot with associated histogram and RR interval series of data (blue) and model output (orange) for the θ̂(i) corresponding to the
median ϵ (left) and to the θ̂(i) which ϵ is higher than 95% of all ϵ (right).

TABLE 3 Recording averages of estimated model parameters, AFR, and HR at baseline and during treatment with the four different drugs (mean ±
standard deviation). Differences from baseline are evaluated using the Wilcoxon signed rank test with the Benjamini–Hochberg correction;
significant difference from baseline for the drugs, with false discovery rate at 0.05, is indicated with *.

Parameter Baseline Verapamil Diltiazem Metoprolol Carvedilol

RFP
min (ms) 435 ± 139 488 ± 134* 518 ± 118* 489 ± 126* 476 ± 123*

ΔRFP (ms) 403 ± 195 478 ± 190* 488 ± 202* 495 ± 180* 483 ± 172*

τFPR (ms) 175 ± 59 165 ± 63 163 ± 64 162 ± 58 167 ± 57

RSP
min (ms) 241 ± 102 280 ± 125* 287 ± 124* 260 ± 114 269 ± 123

ΔRSP (ms) 231 ± 176 274 ± 201 301 ± 215* 312 ± 187* 274 ± 186*

τSPR (ms) 180 ± 60 183 ± 62 171 ± 63 176 ± 62 176 ± 63

DFP
min (ms) 5.3 ± 4.5 5.4 ± 4.8 5.4 ± 4.7 5.9 ± 4.5 5.3 ± 4.5

ΔDFP (ms) 18.9 ± 16.9 21.7 ± 17.2 22.1 ± 17.3 21.8 ± 16.7 21.4 ± 16.9

τFPD (ms) 141 ± 54 144 ± 50 145 ± 53 149 ± 50 142 ± 53

DSP
min (ms) 21.0 ± 5.3 21.6 ± 5.1 22.5 ± 5.2* 21.7 ± 4.8 21 ± 5.2

ΔDSP (ms) 26.3 ± 21.4 23.8 ± 20.9 19.6 ± 20.7* 22.6 ± 21.2 21.5 ± 20.8

τSPD (ms) 185 ± 68 184 ± 57 183 ± 65 186 ± 58 180 ± 65

HR (bpm) 95 ± 13 80 ± 12* 74 ± 10* 81 ± 10* 84 ± 11*

AFR (Hz) 4.96 ± 0.34 4.56 ± 0.45* 4.71 ± 0.44* 4.86 ± 0.40* 4.81 ± 0.51*
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refractory period are more robustly estimated than their conduction

delay counterpart.Most noteworthy is the lower uncertainty forRSP
min

and ΔRSP, suggesting a higher impact on the output of the model.

The uncertainty estimates, u(p), for one patient are shown

as red background for each θ̂(i) in Figure 5, where again u(p)

for the refractory parameters in the SP is lower. There is also a

clear difference in u(p) between nighttime and daytime, where

the uncertainty is much lower at night.

3.2 Circadian variation

In Figure 5 we also show an example of the circadian

variation (blue lines) for the aforementioned patient, as

explained in Eqs. 8, 9, and 10, where a clear distinction

between night and day can be seen for most parameters. The

average RMSE for the 12 model parameters seen in Figure 5 is

0.22, which can be compared with the average RMSE for all

patients and treatment of 0.16 ± 0.03 (mean ± std).

The mean and standard deviation of the circadian variation

phase ϕwas 1.03 ± 0.74 rad; corresponding to an extreme value at

approximately 04:00 am ± 2.8 h.

The fixed-effects αm and βm and their respective 95% confidence

interval, normalizedwith r(p), are shown in Figure 7, where the fixed-

effects represent the average difference in effect with respect to

baseline that the drugs have on the population. It is evident from

αm in Figure 7 (top panel) that all rate control drugs on average

increase the refractory period in both pathways; with a significant

increase (p < 0.05) in RFP
min and ΔFP for all drugs, in RSP

min for all but

metoprolol, and in ΔRSP for all but verapamil. Moreover, differences

between the β-blockers and the calcium channel blockers can be

observed. Most noticeably for the amplitude (βm) of ΔDFP and ΔDSP,

where the two β-blockers have a distinctly negative effect in

comparison with the two calcium channel blockers.

Detailed results for the estimated fixed and random effects

can be found in the Supplementary Material, Section 2.

4 Discussion

In this study, we have presented a mathematical

framework able to continuously estimate model parameters

representing the conduction delay and refractory period of

the AV node during 24 h for patients with permanent AF

from ECG data. Trends in the estimated model parameters

were analyzed using a mixed-effects model to study the

circadian variation, where drug-dependent differences

could be seen.

FIGURE 5
Estimated model parameters θ̂(i) (black dots), with corresponding uncertainty estimates PU (red areas), along with the fitted cosine (blue lines)
used for the circadian variation, for one patient during baseline. In each panel, the RMSE is reported as a measure of goodness of fit between θ̂(i) and
the fitted cosine. Left column shows the parameters relating to the minimum conduction delay or refractory period, the middle column the
parameters relating to the maximum prolongation, and the right column to the time constants. For further explanation of the model
parameters, see Table 1.
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The model has previously been shown to be able to represent

measured data in the form of histograms and Poincaré plots for

20-min long segments Karlsson et al. (2021). However,

continuously estimating model parameters representing the

refractory period and conduction delay in the AV node has

previously not been possible. A previous study of the RR interval

series has indicated that one interval delay in the autocorrelation

gives sufficient information to replicate the dynamics of the RR

interval series Karlsson et al. (2021). Hence, the Poincaré plot was

chosen as a basis for the fitness function in order to take the one

interval delay of the RR interval series into account, something

that is not possible with an one-dimensional distribution

representation such as the histogram. Moreover, since the

model describes the impulses from the atria as a stochastic

process, it is not possible to have a beat-to-beat level of detail

in the fitness function, as evident by the RR interval series in

Figure 4.

The choice of segment length N is a trade-off between

robustness and time-resolution. The segment length N was set

to 1000 RR intervals, corresponding to a time duration of 11 :

53 ± 03 : 28 (mm:ss), to capture changes in RR series

characteristics on this time-scale while allowing sufficient

estimation accuracy. As a consequence of the choice of N =

1000, the bin size of 50 m was used for the Poincaré plot-based

error function. A smaller bin size would allow a more detailed

match between model output and data, but would require more

RR intervals.

From Figure 4, it is evident that the model and workflow can

replicate the histogram and Poincaré plot of obtained RR interval

series even for the case with the 95% highest ϵ. This was made

possible by using the problem-specific GA presented in Section

2.4. Evolutionary algorithms - such as GA - and particle swarm

optimization are the most common optimization algorithms

used for solving dynamic optimization problems Yazdani

et al. (2021); Mavrovouniotis et al. (2017).

One of the main challenges with dynamic optimization

problems is the balance between exploration and exploitation,

i.e., between searching for different promising regions of the

search space, or searching for the optimal solutions within an

already promising region. To keep a good level of exploration, the

diversity in the population - usually defined as the average

Euclidean distance between the individuals in the population -

is often monitored. Thus, diversity loss is one of the most critical

challenges Yazdani et al. (2021). A great number of methods have

been developed to address this diversity loss, often based on

randomizing individuals in the population that are too similar to

others. For example, crowding - letting new individuals replace

FIGURE 6
Mean (circles) ± one standard deviation (bars) of the
parameter uncertainty estimates u(p) over all recordings and all
patients, normalized with the parameter ranges r(p). Note that the
model parameters RSP

min and ΔRSP have a lower uncertainty,
indicating a higher impact on the resulting model outcome.

FIGURE 7
The fixed effects with corresponding 95% confidence intervals for the cosinor meanm (top) and cosinor amplitude a (bottom) for each model
parameter (cf. Table 1) and drug. Confidence intervals not overlapping zero indicate significant difference from baseline (p <0.05).
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the most similar individual in the population Kordestani et al.

(2014) - or based on the age of the individuals Das et al. (2013).

For GA, it is also possible to combat diversity loss by regulating

the mutation rate. However, maintaining a good level of

exploration using diversity does not take any information

about the data into account. In contrast, changing the

mutation rate, the number of immigrants, and the number of

generations per segment using ΔP(i) - as was done in this study -

takes information about the data directly into account.

Additionally, the number of immigrants in the proposed GA

ranges from 10–70%, which limits the initialization’s effect on the

overall results. Moreover, the results in Figure 3 indicate that the

proposed problem-specific optimization method yields a better

fit compared to the standard approach when the characteristics of

the data change rapidly. On the other hand, when the

characteristics of the data change slowly, the performance is

similar even though the proposed algorithm is using fewer

generations per segment. The number of RR intervals

simulated with the model for each parameter set, Nsim, was set

to 1500 in the GA based on a trade-off between computational

complexity and variation based on the stochastic input sequence

to the model. A simulation study relating the variation in ϵ and
Nsim which was used to guide the decision is shown in the

Supplementary Material, Section 1. Moreover, the thresholds

for ΔP to determine howmany generations are to be run per data

segment were set so that approximately 55% are run for

1 generation, 30% are run for 2 generations, and the

remaining 15% are run for 3.

A variation of Sobol’s method was used to estimate the

contribution to output variance for each model parameter, which

was related to an increase in error by 10%. This more complex

methodologywas preferred over a one-at-a-time approach due to the

large effect that interaction between model parameters has on the

model output. Note that, unlike more traditional uncertainty

estimates, this is not directly connected to a probability, since the

error function used does not have a proper probabilistic

interpretation. Thus, the uncertainty shall only be interpreted as a

relative measure between the model parameters, between patients,

and between the time of day. For example, it is evident in Figure 5

that the uncertainty for this patient is much lower during nighttime

than daytime.

A linear mixed-effect model based on a cosinor analysis was

used to derive the circadian variations. This method was used to

quantify the circadian variation for the different drugs over the

whole population, as well as the individual response to the drugs.

The focus of this study is on the population effects of the different

drug types in order to understand the drug-dependent

differences in the conduction properties, something that needs

to be understood before the method could be applicable on an

individual level. Even though the focus of this study is on the

population level, the individual responses are still of interest,

especially for future work. For example, to predict individual

responses to different drugs. As shown in Figure 5, the individual

match is not optimal, thus a better tool for capturing the

circadian variation is believed to be needed before robust

analysis on an individual level is feasible. However, the

cosinor analysis is an established model for characterizing

circadian variation and has previously been used on the

RATAF data-set to study heart rate variation Corino et al.

(2015a).

From Table 3, in the parameters RFP
min and ΔRFP, we see a

significantly increased refractory period relative to baseline in the

FP for all four drugs. In addition, a significant increase in the SP

for either RSP
min, or ΔRSP could also be seen for all drugs. This

increase is also visible in the fixed effect parameters αm in

Figure 7, top panel. Electrophysiological studies of the two

calcium channel blockers verapamil and diltiazem as well as

the β-blocker metoprolol have shown that the drugs increase the

refractoriness in the AV node Leboeuf et al. (1989); Talajic et al.

(1992); Rizzon et al. (1978). Moreover, carvedilol has been shown

to increase the effective refractory period in the atria during AF

Kanoupakis et al. (2004). However, to the best of our knowledge,

no studies have been conducted to determine the effect of

carvedilol specifically for the refractory period in the AV

node. Furthermore, conduction properties in the atria

influence the model through the mean arrival rate λ, and thus

affect the estimated parameters.

In addition, from Figure 7 bottom panel, it is shown that

the two β-blockers reduce the circadian variation of the

conduction delay more than the calcium channel blockers,

as evident by ΔDFP and ΔDSP. Stimulation of the β1-receptors

- regulated by the autonomic nervous system - have been

shown to increase the conduction velocity in the AV node

Gordan et al. (2015). Hence, blocking this receptor using β-

blocking drugs might decrease the autonomic nervous system

effect, and thus reduce the circadian variation, yielding the

presented results.

Also seen in Figure 7, the model parameters for the two β-

blockers often behave similarly. However, the model parameters

for the calcium channel blockers verapamil and diltiazem do not

always align. In fact, the values for αm and βm for verapamil are in

several cases - most noticeably for RFP
min for αm and ΔRFP, ΔRSP,

and DFP
min for βm - similar to those of the two β-blockers.

Interestingly, it has previously been proposed that the

pharmacological effects of verapamil may partly be due to

some degree of β-blockade Drici et al. (1993).

Moreover, the large confidence intervals in Figure 7,

where the majority includes zero, are most likely due to

the high inter-patient variability in parameter values. A

confidence interval that includes zero would indicate that

there is no significant difference from baseline. The high

inertia and simplicity of the cosine are other factors in this.

For example, some patients have more than one section with

parameter values close to those during the night - possibly

due to periods of sleep during the day - which a cosine with a

period of 24 h could not capture.
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4.1 Study limitations and future
perspectives

The present model of the AV node accounts for dual pathway

physiology and rate dependent changes in conduction delay and

refractoriness and can simulate retrograde conduction. However,

it is not able to simulate some physiological interesting

phenomena such as AV node re-entry.

A limited range for the model parameters was used to make

the optimization more efficient. The choice of the boundaries was

guided by electrophysiological measurements from previous

clinical studies while keeping a conservative range to not

exclude realistic values. The maximal refractory period for the

model - given as the sum of Rmin and ΔR - lies in the range [150,

1350] ms and was set to include the effective refractory period of

the AV node, which has been reported as 361 ± 57 and 283 ±

48 m for the FP and SP, respectively Natale et al. (1994).

Furthermore, the conduction delay of the whole model is

given by the sum of Dmin and ΔD multiplied by the number

of nodes, which lies in the range [0, 1050] ms. Thus, it includes all

realistic PR intervals, which rarely exceed 200 m Schumacher

et al. (2017). Even though the boundaries were conservatively

chosen, we cannot exclude the possibility that a different choice

would have affected the resulting parameter values. Moreover,

since the parameters might be hard to interpret, combining the

model parameters associated with the same conduction property,

i.e., the two refractory periods and the two conduction delays, to

create more interpretable representations, is interesting.

As mentioned before, high inertia and simplicity of the cosine

are limiting factors for the assessment of circadian variation.

However, the cosinor analysis is an established model for

characterizing circadian variation and is thus important for

clear and interpretable results. Using the estimated uncertainty

to weight the estimated parameters is one possible approach to

make the cosine fit the estimates better. Other methods to capture

the differences in the AV node parameters over time, such as

time-frequency analysis of the estimated parameter trends,

should also be investigated.

It should be noted that the estimated model parameters are not

clinically validated for assessment of AV node refractoriness and

conduction delay.Hence, the clinical significance of the results should

be interpreted with caution. However, the overall findings for the

different drugs on the whole population are, as discussed above, in

accordance with electrophysiological studies. Another limitation is

the sample size of 60 patients in combination with the high inter-

patient variability in parameter values, as seen in the large standard

deviation in Table 3. This makes the population estimates more

uncertain, partly causing the large confidence intervals seen in

Figure 7.

A natural continuation of this work is to analyze the

estimated model parameters during baseline, possible in

combinations with other factors such as age or gender, to

predict the mean heart rate under the influence of the

different drugs. This in turn could be used to assist in

personalized treatment selection during AF.

5 Conclusion

We have presented a framework - including a mathematical

model and a genetic algorithm - which for the first time enables

characterization of the refractory period and the conduction

delay of the AV node during 24 h for patients with

permanent AF, solely based on non-invasive data.

With ECG from AF patients during baseline and under the

influence of different rate control drugs, a mixed-model

framework was used on the estimated model parameters to

compare the impact on circadian variation between drugs.

From this, differences in conduction delay could be identified

between β-blockers and calcium channel blockers, which was

previously unknown.
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Detection of endo-epicardial
atrial low-voltage areas using
unipolar and omnipolar voltage
mapping

Mathijs S. Van Schie1, Paul Knops1, Lu Zhang1,
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Natasja M. S. De Groot1*
1Department of Cardiology, Erasmus Medical Center, Rotterdam, Netherlands, 2Department of
Cardiothoracic Surgery, Erasmus Medical Center, Rotterdam, Netherlands

Background: Low-voltage areas (LVA) can be located exclusively at either the

endocardiumor epicardium. This has only been demonstrated for bipolar voltages,

but the value of unipolar and omnipolar voltages recorded from either the

endocardium and epicardium in predicting LVAs at the opposite layer remains

unknown. The goal of this study was therefore to compare simultaneously

recorded endo-epicardial unipolar and omnipolar potentials and to determine

whether their voltage characteristics are predictive for opposite LVAs.

Methods: Intra-operative simultaneous endo-epicardial mapping (256 electrodes,

interelectrode distances 2mm) was performed during sinus rhythm at the right

atrium in 93 patients (67 ± 9 years, 73 male). Cliques of four electrodes (2 × 2mm)

were used to define maximal omnipolar (Vomni,max) and unipolar (Vuni,max) voltages.

LVAs were defined as Vomni,max ≤0.5mV or Vuni,max ≤1.0mV.

Results: Themajority of both unipolar and omnipolar LVAs were located at only

the endocardium (74.2% and 82.0% respectively) or epicardium (52.7% and

47.6% respectively). Of the endocardial unipolar LVAs, 25.8% were also located

at the opposite layer and 47.3% vice-versa. In omnipolar LVAs, 18.0% of the

endocardial LVAswere also located at the epicardium and 52.4% vice-versa. The

combination of epicardial Vuni,max and Vomni,max wasmost accurate in identifying

dual-layer LVAs (50.4%).

Conclusion: Unipolar and omnipolar LVAs are frequently located exclusively at

either the endocardium or epicardium. Endo-epicardial LVAs are most accurately

identified using combined epicardial unipolar and omnipolar voltages. Therefore, a

combined endo-epicardial unipolar and omnipolar mapping approach is favoured

as it may be more indicative of possible arrhythmogenic substrates.

KEYWORDS

voltage mapping, unipolar voltage, omnipolar mapping, low-voltage areas, endo-
epicardial mapping, atrial fibillation, sinus rhythm
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Introduction

Endocardial bipolar voltage mapping has emerged as an

invasive tool for defining potential target sites for ablation

therapy of atrial tachyarrhythmia such as atrial fibrillation

(AF). Low-voltage areas (LVA) are commonly considered

surrogate markers for areas of conduction disorders, which

play a key role in perpetuation of AF (Kottkamp et al., 2015;

Knops et al., 2016). However, the efficacy of such bipolar

voltage-guided ablation strategies remains controversial.

Especially in patients with persistent AF, the presence of

intramural or epicardial substrate limits the efficacy of

endocardial ablation strategies (De Martino et al., 2021).

Recently, Piorkowski et al. (2018)) showed that bipolar

LVAs can also be located exclusively at either the

endocardium or epicardium, therefore favoring an endo-

epicardial ablation approach.

We demonstrated that identification of LVAs was

considerably directional dependent when using bipolar

voltages (van Schie et al., 2021a). Bipolar LVAs could also

contain large unipolar voltages. In addition, there were not

solely conduction disorders within LVAs, but also high

conduction velocities (CV). It could therefore be that the

bipolar low-voltage threshold overestimates the size of dense

scar and still harbors islets and channels of viable tissue (Chopra

et al., 2014).

Endocardial bipolar recordings are still mainly used to

detect scar tissue areas as it represents more local

activity. In the ventricles it has been demonstrated that

unipolar voltage mapping is preferred to identify intramural

or epicardial substrates as unipolar electrograms (EGM)

comprise a larger region of myocardial electrical

activity (Sim et al., 2019). On the other hand, omnipolar

voltage mapping can be used to extract maximal

bipolar voltage from a collection of EGMs in order

to minimize directional differences of bipolar voltages.

A combination of unipolar and omnipolar voltage

may therefore provide additional information on the

underlying tissue and it may also be more indicative of

transmural substrates (Chopra et al., 2014; van Schie et al.,

2021a).

It, however, remains unknown whether simultaneously

recorded atrial endo- and epicardial unipolar and

omnipolar voltages are complementary or contradictory on

identifying LVAs at the opposite layer. We therefore

performed simultaneously endo-epicardial high-

density mapping to 1) examine endo- and epicardial

characteristics of unipolar and omnipolar voltages, 2)

explore the relation between various types of voltages

in identification of LVAs from an endocardial and

epicardial point of view, and 3) examine whether

characteristics of LVAs can be predictive for LVAs at the

opposite layer.

Materials and methods

Study population

The study population consisted of 93 successive adult

patients undergoing elective open heart coronary artery bypass

grafting, aortic or mitral valve surgery or a combination of

valvular surgery and bypass grafting in the Erasmus Medical

Center Rotterdam. This study was approved by the institutional

medical ethical committee (MEC 2015-373). Written informed

consent was obtained from all patients and patient characteristics

(e.g., age, medical history and cardiovascular risk factors) were

obtained from the patient’s medical record.

Simultaneous endo-epicardial mapping
procedure

An overview of the methodology is provided in Figure 1A

and previously described in detail (Knops et al., 2016). Two

electrode arrays, each containing 128 (8 × 16) unipolar

electrodes with a diameter of 0.45 mm and 2 mm

interelectrode spacing, were secured on two bendable

spatulas and were located on the exact opposite side of each

other. A temporally bipolar epicardial pacemaker wire

attached to the right atrial (RA) free wall served as a

reference electrode and the indifferent electrode consisted

of a steel wire fixed to subcutaneous tissue of the thoracic

cavity. Simultaneous endo- and epicardial mapping was

performed after heparinization and arterial cannulation but

before commencement of extracorporeal circulation. One

spatula (marked as the endocardial electrode array) was

introduced in the RA after incising the RA appendage and

closed with the purse-string suture. To prevent overlap of

recording areas near the right atrial incision, the endocardial

electrode array was introduced into the RA for at least 1.5 cm

extra after introducing the last row of electrodes. Unipolar

EGMs were recorded for 5 s during stable sinus rhythm at the

superior, middle and inferior RA free wall (Figure 1A),

including a surface ECG lead I, a calibration signal of 2 mV

and 1,000 ms and a bipolar reference EGM. Data were stored

on a hard disk after amplification (gain 1,000), filtering

(bandwidth 0.5–400 Hz), sampling (1 kHz) and analogue to

digital conversion (16 bits).

Omnipolar voltage mapping

In order to create omnipolar EGMs, bipolar EGMs were first

created by subtracting two neighboring unipolar EGMs in

horizontal (bipolar-x) and vertical direction (bipolar-y) and

subsequently filtered (bandwidth 30–400 Hz) as demonstrated

in Figure 1A. Omnipolar EGMs were then created from these
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bipolar EGMs as previously described (Deno et al., 2017; van

Schie et al., 2021a). Within a square area defined by four adjacent

electrodes (a clique), omnipolar EGMs were used to

mathematically obtain bipolar EGMs in any direction without

physically rotating the sensing electrodes of the bipolar pair.

Within a clique, a 2-dimensional voltage vector v
.(t) is derived

from an electric field of a passing activation wavefront from

which the maximal extent of two orthogonal bipolar EGMs is

calculated over the interval (T) containing one SR beat (Haldar

et al., 2017):

FIGURE 1
Construction of unipolar, bipolar and omnipolar voltages in 2 × 2 mm cliques. (A) Two high-density electrode arrays consisting of 128 unipolar
electrodes are fixed together. One array was placed on the epicardium and one array is introduced into the RA using the incision for venous
cannulation to map the endocardium and epicardium simultaneously. The RA was mapped with the tip of the electrode arrays toward the inferior
vena cava (inferior), the superior vena cava (superior) and in between, toward the terminal crest (mid). For each square area, enclosed by four
electrodes, four unipolar EGMs and matched bipolar and omnipolar EGMs were derived from two electrode orientations [along the vertical y-axis
(green) and horizontal x-axis (red)] as indicated by the dotted lines. (B) Examples of a unipolar, horizontal bipolar-x, vertical bipolar-y and omnipolar
EGM recorded from both the epicardium (upper) and endocardium (lower). The two bipolar EGMs differed considerably, illustrating the electrode
orientation dependence of bipolar mapping. Omnipolar mapping provides electrode orientation-independent voltages that are larger than the
bipolar with the largest measurable peak-to-peak voltage, in both cases the horizontal bipolar-x EGMs. (C) LVAs can be either located at solely the
endocardium or epicardium (green) or at both sides (red). The corresponding clique at the exact opposite side is highlighted (grey). The other cliques
are then indicated as normal voltage (light grey). (D) Example of endo-epicardial activation timemaps with isochrones drawn at every 10 ms. Arrows
indicate the main direction of the propagation wavefront and thick black lines indicate areas of conduction block (time difference between adjacent
electrodes ≥12 ms). (E–G) Peak-to-peak voltages of corresponding EGMs are used to create different voltage maps. Bipolar voltage map illustrates
the maximal bipolar voltage in both horizontal and vertical orientations within one clique. LVAs are highlighted by a white line and areas of EEA are
indicated by a white X. In this example, endocardial bipolar and omnipolar LVA are present in respectively 20.0% and 16.2% of the cliques. EEA was
present in 9.5% of the cliques at both the endocardium and epicardium. EEA = endo-epicardial asynchrony; EGM = electrogram; (EE-) LVA = (endo-
epicardial-) low-voltage area.
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Vmax � max
ti ,tj∈T

{∣∣∣∣∣ v.(ti) − v
.(tj)∣∣∣∣∣}

Vmax corresponds to the peak-to-peak amplitude of a bipolar

voltage signal obtained along the unit vector direction m̂ where ti
and tj are now the times associated with Vmax in which ti > tj

m̂ � v
.(ti) − v

.(tj)
Vmax

Vmax provides an objective measure of the largest possible

bipolar EGM within a clique without the ambiguity of electrode

orientation and is used to describe omnipolar EGM voltages.

Data analysis

Unipolar and omnipolar EGMs were semi-automatically

analyzed using custom-made software. The steepest negative

slope of a unipolar atrial potential was marked as the local

activation time (LAT), providing that the amplitude of the

deflection was at least two times the estimated noise level of

the unipolar EGM (de Groot et al., 2016). In case of fractionated

potentials, the deflection with the steepest slope was taken as

LAT. All annotations were manually checked with a consensus of

two investigators. CV was computed at each electrode from LATs

using discrete velocity vectors (DVV) as previously described

(van Schie et al., 2021b). The DVV method uses all eight

neighboring electrodes to compute an average local

propagation velocity for the center electrode. Endo-epicardial

LAT differences were determined by selecting the median of the

LAT differences within the exact opposite electrode and its eight

surrounding electrodes (Kharbanda et al., 2020). Potential

voltage was defined as the peak-to-peak amplitude of the

steepest deflection (unipolar) or highest peak (omnipolar) as

demonstrated in Figure 1B.

As omnipolar EGMs can only be derived in square areas,

unipolar potentials were correlated to each other in areas of 2 ×

2 mm -a clique- which contain four unipolar EGMs and the

corresponding omnipolar EGMs (Figure 1A). Subsequently, the

maximal potential voltage of the unipolar and omnipolar EGMs

pertaining to that area were computed, resulting in two values

(Vuni,max and Vomni,max). In addition, the mean of the magnitudes

of the four CV estimates derived from the four unipolar LATs

was used as indication of the CV within the 2 × 2 mm area. Areas

corresponding to a mean CV of 0 cm/s were excluded to avoid

inclusion of far field potentials. To calculate endo-epicardial

asynchrony (EEA), the minimum of endo-epicardial LAT

differences within a clique was taken. EEA was then defined

as a transmural difference in electrical activation of ≥15 ms (de

Groot et al., 2016). As a unipolar voltage cut-off of ≤1.0 mV and

bipolar voltage cut-off of ≤0.5 mV are most frequently used in

daily clinical practice to identify LVAs, we also used these values

as the “golden standard” to identify low-voltage cliques (Sanders

et al., 2003; Kharbanda et al., 2021; van Schie et al., 2021c). Endo-

epicardial LVAs (EE-LVA) are defined as LVA cliques located at

both the endocardium and epicardial at the exact same site

(Figure 1C).

Statistical analysis

Normally distributed data are expressed as mean ± SD,

whereas skewed data are expressed as median [25th–75th

percentile]. Clinical characteristics were compared using

Student’s t-test or Mann-Whitney U test when appropriate.

Categorical data are expressed as numbers (percentages) and

analyzed with a χ2 or Fisher exact test. Paired voltage and velocity
data were analyzed between the endo- and epicardium using a

paired t-test or Wilcoxon signed-rank test. Correlation was

determined by ordinary least squares regression. A

p-value <0.05 was considered statistically significant.

TABLE 1 Baseline characteristics.

Patients 93

Male 73 (78.5%)

Age (years) 67 [61–72]

BMI (kg/m2) 28.0 [24.6–31.1]

Underlying heart disease

- iHD 47 (50.5%)

- vHD 24 (25.8%)

- cHD 21 (22.6%)

History of AF 37 (39.8%)

- Paroxysmal 31 (33.3%)

- Persistent 4 (4.3%)

- Longstanding persistent 2 (2.2%)

Cardiovascular risk factors

Hypertension 56 (60.2%)

Diabetes mellitus 32 (34.4%)

Hypercholesterolemia 50 (53.8%)

Left ventricular ejection fraction <40% 12 (12.9%)

Antiarrhythmic drugs

- Class I 1 (1.1%)

- Class II 64 (68.8%)

- Class III 6 (6.5%)

- Class IV 7 (7.5%)

Values are presented as N (%) or median [interquartile ranges].

BMI, body mass index; iHD, ischemic heart disease; vHD, valvular heart disease; cHD,

combined heart disease; AF, atrial fibrillation; LVEF, left ventricular ejection fraction.
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Results

Study population

Clinical characteristics of the study population [N = 93, age 67

(61–72) years, 73 male (78.5%)] are summarized in Table 1. A

history of AF was present in 37 (39.8%) patients. Ischemic- or

valvular heart disease or combined heart diseases were present in 47

(50.5%), 24 (25.8%), and 21 (22.6%) patients respectively. Most

patients used class II antiarrhythmic drugs (N = 64, 68.8%).

Clique characteristics

In the entire study population, a total of 281 mapping locations

resulted in 406,571 unipolar and 723,695 bipolar potentials from

which 164,704 cliques were created for both the endocardium and

epicardium (329,408 cliques in total; 3,542 ± 1,610 per patient). The

mean CV of each clique was 83.6 [62.3–103.4] cm/s at the

endocardium and 84.4 [67.0–100.5] cm/s at the epicardium (p <
0.001, R2 = 0.853, CVepi � 0.91 · CVendo). EEA was present in 2.9%

of all cliques. An example of differences in activation and voltage

maps constructed by using unipolar and corresponding bipolar and

omnipolar EGMs are illustrated in Figures 1D–G.

Relation between endo-and epicardial
voltages

The upper panel of Figure 2 demonstrates the relationship

between endocardial and the corresponding epicardial Vuni,max. In

61% of the cliques, Vuni,max at the epicardium was larger than the

corresponding Vuni,max at the endocardium (8.2 [4.9–11.6] mV vs.

6.1 [3.2–10.9] mV, p < 0.001). When Vuni,max was subdivided into

four quartiles, Vuni,max at the epicardium was especially larger at the

lower Vuni,max values at the endocardium (p0-p25: 83.7%; p25-p50:

79.8%; p50-p75: 61.7%; p75-p100: 18.6%). As a consequence, there

was a strong inversely quadratic relation with linear component (R2 =

FIGURE 2
Relation between endocardial and epicardial unipolar and omnipolar voltage. (A) and (C) Kernel density plots of Vuni,max (A) and Vomni,max (C)
voltages between the endocardium and epicardium. The colors indicate the data density. A black line indicates the ordinary least squares prediction.
Statistical significance is indicated by an asterisk (p < 0.001). Vuni,max and Vomni,max are subdivided according to the 25th, 50th, and 75th percentiles of
the endocardial voltages, and are indicated by dashed vertical lines. (B) and (D) Bland-Altman plots of endocardial versus epicardial Vuni,max (B)
and Vomni,max (D) voltages. The colors indicate the data density. A black line indicates the median per one means mV. The mean difference and 95%
confidence intervals are indicated by the dashed lines. Vomni,max = omnipolar clique voltage; Vuni,max = unipolar clique voltage.
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0.852, Y � 0.03X + 3.2
��
X

√
) between Vuni,max at the endocardium

and epicardium. As illustrated in Figure 2B, Vuni,max up to 12mV

were particularly larger at the epicardium than the endocardium,

although there was a large variation in the differences. Epicardial

Vuni,max were on average 19% larger than endocardial Vuni,max.

The lower panel of Figure 2 demonstrates the relationship

between endocardial and the corresponding epicardial Vomni,max.

In 64% of the cliques, Vomni,max at the epicardium was larger

compared to the corresponding endocardial cliques (6.7 [3.2–10.9]

mV vs. 3.3 [1.1–8.6] mV, p < 0.001, respectively). When Vomni,max

was subdivided into four quartiles, Vomni,max at the epicardium was

especially larger at the lowerVomni,max values at the endocardium (p0-

p25: 91.3%; p25-p50: 86.5%; p50-p75: 62.2%; p75-p100: 15.5%).

However, there was no clear relationship between the endocardial

and epicardial Vomni,max, although lower endocardial voltages were

associated with a larger range of epicardial voltages. As illustrated in

Figure 2D, Vomni,max up to 8 mV were particularly larger at the

epicardium than the endocardium. Epicardial Vomni,max were on

average 38% larger than endocardial Vomni,max.

Endo-epicardial differences in low-
voltage areas

Characteristics of unipolar and omnipolar LVAs at the endo-

and epicardium are listed in Table 2. Endocardial and epicardial

unipolar LVAs were present at respectively 3.1% and 1.7% of the

mapping area. At the endo- and epicardium, unipolar LVAs

corresponded to respectively 86.8% and 73.3% of the

omnipolar LVA.

Omnipolar LVAs were present at 11.7% of the

endocardium and 4.0% of the epicardium. However,

only 22.7% and 30.6% of omnipolar LVAs corresponded

to unipolar LVAs at respectively the endo- and epicardial side.

As demonstrated in Table 2, CV was lower and EEA was

more pronounced in both unipolar and omnipolar LVAs

compared to the non-LVAs. The difference in CV and EEA

between LVAs and non-LVAs was smaller in omnipolar LVAs

than in unipolar LVAs (p < 0.001).

Prediction of unipolar opposite LVAs

To determine the predictive value of endocardial or

epicardial LVAs for the opposite layer, all cliques were

subdivided into cliques with either LVA in only one layer

(endo/epi-LVA) or cliques with LVAs present at both layers

(EE-LVA). Characteristics of these clique categories are listed

in Table 3. Of all endocardial LVA cliques, 25.8%

corresponded to an epicardial LVA and 47.3% of the

epicardial LVA cliques corresponded to an endocardial

LVA. Therefore, 0.8% of all cliques were identified as EE-

LVA, 0.9% as epi-LVA and 2.3% as endo-LVA. At the opposite

site of unipolar endo- and epi-LVAs, “normal” cliques were

characterized by lower Vuni,max, Vomni,max, lower CV and

enhanced EEA compared to the other non-LVA cliques

(p < 0.001). Most EEA was found at endo-LVA cliques.

Prediction of omnipolar opposite LVAs

Of all endocardial omnipolar LVA cliques, 18.0%

corresponded to an epicardial LVA and 52.4% of the

epicardial LVA cliques corresponded to an endocardial

TABLE 2 Characteristics of low-voltage areas.

Unipolar Omnipolar

Normal LVA (≤1.0 mV) Normal LVA (≤0.5 mV)

Endocardial 96.9% 3.1% 88.3% 11.7%

Unipolar (mV) 6.3 [3.4–11.1] 0.8 [0.6–0.9] 6.9 [4.1–11.8] 1.5 [1.1–2.0]

Omnipolar (mV) 3.5 [1.3–8.9] 0.2 [0.2–0.4] 4.2 [1.7–9.7] 0.3 [0.2–0.4]

CV (cm/s) 84.3 [63.3–103.8] 52.0 [28.6–79.2] 86.3 [66.4–105.2] 55.7 [34.2–80.6]

EEA (%) 2.4% 18.3% 2.1% 8.8%

Epicardial 98.3% 1.7% 96.0% 4.0%

Unipolar (mV) 8.3 [5.1–11.7] 0.8 [0.7–0.9] 8.5 [5.3–11.8] 1.3 [0.9–1.8]

Omnipolar (mV) 6.8 [3.4–11.0] 0.3 [0.2–0.5] 7.0 [3.6–11.1] 0.3 [0.2–0.4]

CV (cm/s) 84.7 [67.6–100.7] 53.5 [31.9–79.2] 85.0 [68.3–100.9] 57.2 [35.0–82.8]

EEA (%) 2.7% 14.2% 2.6% 10.5%

Values are presented as median [interquartile ranges] or incidence (distribution of parameter). Sum of the normal and LVA, values correspond to the total number of cliques (N = 164,704)

per parameter.

CV, conduction velocity; EEA, endo-epicardial asynchrony; LVA, low-voltage area.
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LVA. Therefore, 2.1% of all cliques were identified as EE-LVA,

1.9% as epi-LVA and 9.6% as endo-LVA. At the opposite site

of omnipolar endo- and epi-LVAs, “normal” cliques were

characterized by lower Vuni,max, Vomni,max, lower CV and

enhanced EEA compared to the other non-LVA cliques

(p < 0.001). Only 7.6% of these cliques corresponded to

unipolar LVAs.

Identification of LVAs by combined
unipolar and omnipolar voltage mapping

Cliques containing both unipolar and omnipolar LVAs were

identified. Characteristics of these overlapping LVAs are listed in

Table 4. At the endocardium, overlapping LVAs consisted of

86.8% of Vuni,max and 22.7% of Vomni,max compared to 73.7% of

Vuni,max and 30.6% of Vomni,max at the epicardium.

In total, 2.6% overlapping endocardial LVAs were identified,

compared to 1.2% at the epicardium; 0.6% were identified as EE-

LVAs. These EE-LVAs consisted of 23.3% of all endocardial

overlapping LVAs and 50.4% at the epicardium. At the opposite

site of overlapping endo- and epi-LVAs, “normal” cliques were

characterized by lower Vuni,max, Vomni,max, lower CV and

enhanced EEA compared to the other non-LVA cliques (p < 0.001).

Figure 3 demonstrates ROC-curves of the accuracy of

identifying overlapping endocardial and epicardial LVAs based

on all parameters recorded at the opposite layer. Combined

unipolar and omnipolar voltages were most accurate in

identifying overlapping LVAs at the opposite layer

(endocardial LVAs: AUC = 0.83; epicardial LVAs: AUC = 0.89).

Discussion

Key findings

In most clinical settings, endocardial bipolar voltage

mapping is mainly used to identify LVAs, which are

considered surrogate markers for areas of diseased tissue.

TABLE 3 Characteristics of low-voltage areas at the opposite side (N = 164,704 per parameter).

Endocardial Unipolar Omnipolar

Normal Epi-LVA EE-LVA Normal Epi-LVA EE-LVA

N (%) 96.0% 0.9% 0.8% 86.3% 1.9% 2.1%

Unipolar (mV) 6.3 [3.4–11.1] 2.2 [1.4–5.0] 0.8 [0.6–0.9] 7.0 [4.2–11.9] 3.2 [1.8–6.2] 1.2 [0.8–1.6]

Omnipolar (mV) 3.5 [1.3–8.9] 1.6 [0.6–4.8] 0.2 [0.2–0.3] 4.2 [1.7–9.8] 2.1 [0.9–6.2] 0.3 [0.2–0.4]

CV (cm/s) 84.4 [63.5–104.0] 68.4 [48.6–89.0] 53.9 [29.2–81.6] 86.7 [66.8–105.4] 70.0 [50.0–91.4] 54.6 [32.7–82.0]

EEA (%) 2.2% 18.3% 9.3% 1.8% 14.0% 7.2%

Epicardial Normal Endo-LVA EE-LVA Normal Endo-LVA EE-LVA

N (%) 96.0% 2.3% 0.8% 86.3% 9.6% 2.1%

Unipolar (mV) 8.4 [5.2–11.8] 3.8 [2.0–6.5] 8.8 [5.7–12.1] 8.8 [5.7–12.1] 5.6 [3.2–8.8] 1.2 [0.9–1.6]

Omnipolar (mV) 6.9 [3.4–11.0] 3.5 [1.3–7.0] 0.2 [0.2–0.4] 7.1 [3.8–11.3] 5.2 [2.1–9.2] 0.3 [0.2–0.4]

CV (cm/s) 84.8 [67.8–100.8] 78.8 [59.1–98.4] 57.5 [32.7–84.2] 85.7 [69.1–101.4] 78.9 [62.0–95.5] 55.9 [34.2–81.3]

EEA (%) 2.2% 21.3% 9.5% 1.8% 9.2% 7.3%

Values are presented as median [interquartile ranges] or incidence (distribution of parameter).

CV, conduction velocity; EEA, endo-epicardial asynchrony; EE-LVA, endo-epicardial low-voltage area; Endo-LVA, endocardial low-voltage area; Epi-LVA, epicardial low-voltage area.

TABLE 4 Characteristics of low-voltage areas at the opposite side
using combined unipolar and omnipolar voltage mapping (N =
164,704 per parameter).

Endocardial Normal Epi-LVA EE-LVA

N (%) 96.7% 0.6% 0.6%

Unipolar (mV) 6.3 [3.4–11.1] 2.2 [1.2–5.8] 0.8 [0.6–0.9]

Omnipolar (mV) 3.5 [1.3–8.8] 1.6 [0.5–5.7] 0.2 [0.1–0.3]

CV (cm/s) 84.3 [63.3–103.9] 69.5 [49.2–90.3] 54.6 [29.2–82.6]

EEA (%) 2.4% 20.1% 6.8%

Epicardial Normal Endo-LVA EE-LVA

N (%) 96.7% 2.0% 0.6%

Unipolar (mV) 8.4 [5.1–11.7] 3.9 [2.0–6.6] 0.8 [0.6–0.9]

Omnipolar (mV) 6.8 [3.4–11.0] 3.8 [1.2–7.3] 0.2 [0.2–0.3]

CV (cm/s) 84.7 [67.6–100.7] 79.3 [59.2–98.8] 56.3 [30.6–84.2]

EEA (%) 2.4% 20.9% 6.9%

Values are presented as median [interquartile ranges] or incidence (distribution of

parameter).

CV, conduction velocity; EEA, endo-epicardial asynchrony; EE-LVA, endo-epicardial

low-voltage area; Endo-LVA, endocardial low-voltage area; Epi-LVA, epicardial low-

voltage area.
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However, in recent perspective, it has become clear that

bipolar LVAs can also be located exclusively at the

epicardium (Piorkowski et al., 2018). Our study

demonstrated that also by using unipolar and omnipolar

EGMs, the majority of unipolar and omnipolar LVAs are

also located exclusively at either the endocardium or

epicardium. More importantly, we have shown that the

most accurate methodology to identify EE-LVAs is to

combine epicardial unipolar and omnipolar voltages. When

using either unipolar or omnipolar voltages separately,

epicardial LVAs still corresponded well with endocardial

LVAs, but not vice-versa. Within the same layer, only

unipolar LVAs corresponded well with omnipolar LVAs.

Furthermore, there was a clear relationship between endo-

epicardial unipolar voltages, but not between endo-epicardial

omnipolar voltages.

Endo-epicardial voltage mapping

Data on the relationship between atrial endocardial and

epicardial voltages is lacking, although it has been studied in the

ventricles (Hutchinson et al., 2011; Tokuda et al., 2013). In the atria,

van der Does et al. (2018) demonstrated a linear relationship

between unipolar endocardial and epicardial voltage in which

epicardial voltages were larger than endocardial voltages. Other

studies also reported higher mean voltage values in the epicardium

compared to mean endocardial voltage, in both atria and ventricles

(Lemery et al., 2007; Hutchinson et al., 2011; Tokuda et al., 2013; van

der Does et al., 2021). Using our clique voltages, we demonstrated a

clear inverse quadratic relation with linear component between

endocardial and epicardial unipolar clique voltages. Therefore,

unipolar voltages recorded at the endocardium are predictive for

epicardial unipolar voltages. In contrast, we found no relationship

between endocardial and epicardial omnipolar voltages. This could

likely be caused by the limited field-of-view of omnipolar voltages.

Consequently, omnipolar voltages recorded at the endocardium are

a poor predictor for voltages at the other layer.

Anatomy of the right atrium

Variations between endocardial and epicardial voltages can

also be explained by the anatomical structure of the RA. The

surface of the endocardium is very irregular due to the presence

of the pectinate muscles and terminal crest, in contrast to the

smooth epicardium. Diameters and therefore cardiac mass of the

pectinate muscles may vary considerably (Sanchez-Quintana

et al., 2002). In addition, the arrangement of pectinate

muscles causes variation in the level of contact with the

electrodes. Furthermore, due to atrial remodeling and varying

wall stress, the atria and therefore the pectinate muscles may

elongate resulting in alternation of the bundle density (Schuessler

et al., 1993). This results in a non-uniform spread of activation

and can consequently also considerably affect omnipolar

voltages. Moreover, Kharbanda et al. (2020) demonstrated that

conduction disorders occur more frequently at the endocardium.

These features could explain the large discrepancies in unipolar

and omnipolar voltages at endocardial LVAs. As the epicardial

surface is more smooth, proper tissue contact with the entire

electrode array can be achieved more easily. Therefore, epicardial

LVAs could be more likely indicative of structural abnormalities

and hence EE-LVAs.

Identification of endo-epicardial substrate

The arrhythmogenic substrate can be located either

subendocardially, subepicardially, intramurally or transmurally

(Tokuda et al., 2013; Chen et al., 2018; Gharaviri et al., 2020).

FIGURE 3
ROC-curves of the prediction of overlapping endocardial (left) and epicardial (right) LVAs based on all parameters recorded from the opposite
layer. AUC = area under the curve; CV = conduction velocity; EEA = endo-epicardial asynchrony.
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Piorkowski et al. (2018) recently demonstrated by bipolar endo-

epicardial mapping in the left and RA that LVAs were present in

44 patients with history of AF in either both layers (N = 33, 75%)

or in solely the endocardium (N = 6, 14%) or epicardium (N = 6,

14%). However, all patients already had (multiple) ablation

procedures. Our study population consisted of patients

without previous ablation therapy and we demonstrated that

the majority of the LVAs at the RA were exclusively located at

either the endocardium or epicardium. These findings

demonstrate that the arrhythmogenic substrates may not

necessarily be transmural present. Verheule et al. (2013) also

demonstrated in a goat model of AF that formation of

endomysial fibrosis located within the outer millimeter of the

epicardial layer accompanied the transition from persistent to

permanent AF, while endocardial bundles remained unaffected.

Hence, as structural remodeling can occur locally within one

layer, the presence of a LVA can also be confined to either the

endocardial or epicardial layer. This could in turn lead to

increased EEA due to progressive uncoupling between the

epicardial layer and the endocardial bundles, which also has

been proposed as an important mechanism for AF (de Groot

et al., 2016).

On the other hand, as omnipolar voltages represent more

local activity, this recording modality is more likely to only detect

LVAs representing substrate located either (sub) endocardially or

(sub) epicardially depending on the recording location. Several

studies have shown an added value of combining unipolar and

bipolar voltages to detect intramural or transmural substrates

(Spears et al., 2012; Casella et al., 2015; Yalin et al., 2015).

Hutchinson et al. (2011) demonstrated that epicardial bipolar

LVAs can be identified in most patients with left ventricular

cardiomyopathy using endocardial unipolar voltage mapping.

However, Tokuda et al. (2013) observed discrepancies in the

accuracy of epicardial bipolar LVA identification using

endocardial unipolar voltages between patients with

nonischemic and ischemic cardiomyopathy. In our present

study, we demonstrated that endocardial LVAs at the atria

frequently did not correspond to LVAs at the epicardium,

independently of the recording technique used. Even by

combining unipolar and omnipolar voltages, only 23.3% of

the endocardial LVAs corresponded to epicardial LVAs,

favoring a combined endocardial and epicardial mapping

approach.

Endo-epicardial ablation therapy

Especially in patients with persistent AF, the presence of

complex 3-dimensional arrhythmogenic substrates limits the

efficacy of endocardial ablation strategies. Minimally invasive

surgical ablation of AF is therefore increasingly combined with

the endocardial transcatheter procedures in so-called hybrid

procedures, showing promising results (Edgerton et al., 2016;

Piorkowski et al., 2018; De Martino et al., 2021; Zheng et al.,

2021). In the study of Piorkowski et al. (2018), 73% of complex

AF patients remained free from AF during 2 years of follow-

up, although other studies encountered higher recurrence

rates (Gehi et al., 2013; Edgerton et al., 2016; Jiang et al.,

2019). However, LVAs frequently occur at either the

endocardium or epicardium alone and the opposite areas

could contain normal voltages. These areas are therefore

“invisible” when recording from only one side. Diseased

tissue could then consequently be missed using a one-sided

approach. In addition, epicardial mapping provides more

often accurate identification of EE-LVAs and the role of

epicardial structures, such as Bachmann’s bundle, become

more recognized in the pathogenesis of AF (Teuwen et al.,

2016; De Martino et al., 2021). This suggests that a strategy of

combined endo-epicardial access for mapping and ablation

may provide superior efficacy to an endocardial-only

approach.

Study limitations

Intraoperative simultaneous endo-epicardial mapping in

humans can only be safely performed during cardiac surgical

procedures. Therefore, as endo-epicardial mapping was only

performed on a limited area of the RA free wall, we could not

evaluate the relation of endocardial and epicardial voltages in

the complete atria, specifically not in the left atrium. The

recorded potentials might be influenced by the presence of

epicardial fat as previous studies demonstrated that the

presence of thick epicardial fat is associated with attenuated

bipolar voltage (Saba et al., 2009; Desjardins et al., 2010).

Although we did not experience any large effects of visually

present epicardial fat at the RA, we cannot ascertain that the

presence of epicardial fat has influenced our results. In

addition, the underlying anatomy such as variability in

atrial wall thickness and the degree of trabeculation cannot

be retrieved, and exact tissue histology could not be

performed. Therefore, we were unable to correlate the exact

underlying anatomy and histology with the mapping data.

This study focused on the comparison of the different voltage

mapping methodologies and identification of LVAs without

interventions. The next step will be to incorporate the results

of this study with ablation targeting EE-LVAs in order to

determine whether the combination of low unipolar and low

omnipolar voltage can improve ablation outcomes.

Conclusion

When using unipolar and omnipolar EGMs, LVAs are

frequently located exclusively at either the endocardium or

epicardium and could be undetectable when measuring from
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the opposite layer only. An endo-epicardial mapping approach is

therefore favored to accurately identify LVAs. EE-LVAs are most

accurately identified using combined epicardial unipolar and

omnipolar voltages. Therefore, a combination of

simultaneously recorded endo-epicardial low unipolar and low

omnipolar voltage may be more indicative of dual-layer LVAs

and probably arrhythmogenic substrates.
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Background: Cardiac fibrosis has been identified as a major factor in

conduction alterations leading to atrial arrhythmias and modification of drug

treatment response.

Objective: To perform an in silico proof-of-concept study of Artificial

Intelligence (AI) ability to identify susceptibility for conduction blocks in

simulations on a population of models with diffused fibrotic atrial tissue and

anti-arrhythmic drugs.

Methods: Activity in 2D cardiac tissue planes were simulated on a population of

variable electrophysiological and anatomical profiles using the Koivumaki

model for the atrial cardiomyocytes and the Maleckar model for the diffused

fibroblasts (0%, 5% and 10% fibrosis area). Tissue sheets were of 2 cm side and

the effect of amiodarone, dofetilide and sotalol was simulated to assess the

conduction of the electrical impulse across the planes. Four different AI

algorithms (Quadratic Support Vector Machine, QSVM, Cubic Support Vector

Machine, CSVM, decision trees, DT, and K-Nearest Neighbors, KNN) were

evaluated in predicting conduction of a stimulated electrical impulse.

Results: Overall, fibrosis implementation lowered conduction velocity (CV) for

the conducting profiles (0% fibrosis: 67.52 ± 7.3 cm/s; 5%: 58.81 ± 14.04 cm/s;

10%: 57.56 ± 14.78 cm/s; p < 0.001) in combination with a reduced 90% action

potential duration (0% fibrosis: 187.77 ± 37.62 ms; 5%: 93.29 ± 82.69 ms; 10%:

106.37 ± 85.15 ms; p < 0.001) and peak membrane potential (0% fibrosis:

89.16 ± 16.01 mV; 5%: 70.06 ± 17.08 mV; 10%: 82.21 ± 19.90 mV; p <
0.001). When the antiarrhythmic drugs were present, a total block was

observed in most of the profiles. In those profiles in which electrical

conduction was preserved, a decrease in CV was observed when simulations

were performed in the 0% fibrosis tissue patch (Amiodarone ΔCV: −3.59 ±

1.52 cm/s; Dofetilide ΔCV: −13.43 ± 4.07 cm/s; Sotalol ΔCV: −0.023 ± 0.24 cm/

s). This effect was preserved for amiodarone in the 5% fibrosis patch

(Amiodarone ΔCV: −4.96 ± 2.15 cm/s; Dofetilide ΔCV: 0.14 ± 1.87 cm/s;
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Sotalol ΔCV: 0.30 ± 4.69 cm/s). 10% fibrosis simulations showed that part of the

profiles increased CV while others showed a decrease in this variable

(Amiodarone ΔCV: 0.62 ± 9.56 cm/s; Dofetilide ΔCV: 0.05 ± 1.16 cm/s;

Sotalol ΔCV: 0.22 ± 1.39 cm/s). Finally, when the AI algorithms were tested

for predicting conduction on input of variables from the population of

modelled, Cubic SVM showed the best performance with AUC = 0.95.

Conclusion: In silico proof-of-concept study demonstrates that fibrosis can

alter the expected behavior of antiarrhythmic drugs in a minority of atrial

population models and AI can assist in revealing the profiles that will

respond differently.

KEYWORDS

atrial fibrillation, cardiac fibrosis, machine learning, population of models, support
vector machines

Introduction

Cardiac fibrosis has been identified as a major pro-

arrhythmic factor associated with impaired electrical

conductance and reentries. Two different mechanisms have

been proposed to underlie the possible reentrant patterns:

reentry due to an anatomical obstacle or functional reentry

(Yeo et al., 2017). Contrary to cardiomyocytes, fibroblasts are

non-excitable cells. Therefore, the increased presence of cardiac

fibrosis or fibroblasts can form areas of reduced conduction

velocity in the anatomy of the cardiac tissue that increase the

susceptibility to initiation and maintenance of cardiac

arrhythmias (Krul et al., 2015). Overall, the combination of

cardiac fibrosis in the presence of atrial fibrillation (AF),

represents a synergetic proarrhythmic framework relative to

patients suffering AF without cardiac fibrosis (Marrouche

et al., 2014). As the fibrotic AF scenario is biologically and

electrophysiologically more complex than AF alone, the effects

of therapies such as antiarrhythmic drugs (AADs) would benefit

from evaluation on relevant population models.

AADs are a group of pharmacological compounds that

modify the rhythm of the heart by blocking one or several

ionic channels controlling the electrical activation of the

excitable cells of the heart (Sanguinetti and Bennett, 2003).

While AADs may be particularly helpful in the treatment of

AF caused by functional reentries or reentries caused by hyper-

excitability of the cardiac tissue, in the presence of fibrosis and

low conduction velocity of the cardiac tissue, AADs may cause

undesired effects and actually exacerbate proarrhythmic factors.

Among the most common AADs used for AF treatment in

clinical practice we can find amiodarone, dofetilide, sotalol,

flecainide or verapamil (Zimetbaum, 2012). The use of

antiarrhythmic drugs in scenarios with fibrosis has been

previously described (Zimetbaum, 2012; Saljic and Heijman,

2022) as proarrhythmic due to heterogeneous conduction

(Cox et al., 1995), however a systematic evaluation of

arrhythmogenicity produced by the many possible

combinations of electrophysiological and fibrosis factors in AF

is lacking.

Artificial Intelligence (AI), on the other hand, has been

rapidly incorporated in biomedical applications to analyze and

detect possible patterns or associations in large datasets that

enable identification of mechanistic relationships and predict

outcomes (Sánchez de la Nava et al., 2021b). Previous studies

using population of models have underscored the importance of

different ionic profiles on drug effect (Sanchez de la Nava et al.,

2021a) and the potential proarrhythmic role of fibrosis

(Kazbanov et al., 2016). Therefore, in this study we explore

the effects of different AADs on the electrical impulse

propagation using a population of different atrial models with

diffused fibrosis distribution, and test the ability of AI algorithms

to predict conduction patterns relevant to initiation and

maintenance of AF.

Materials and methods

Cellular models and tissue connection

Two different models were implemented to simulate cardiac

tissue with different levels of fibrosis. The cardiomyocyte model

was the Koivumaki Model with Skibsbye modifications that

mimick AF remodelling (Skibsbye et al., 2016) and described

the electrophysiological behavior of human atrial cardiomyocyte,

as previously presented by our group (Sanchez de la Nava et al.,

2021a). The fibroblast model implemented in this study

corresponded to the Maleckar model (Maleckar et al., 2009)

that emulates the behavior of active fibroblasts along the atrial

tissue based on the model developed by MacCannell

(MacCannell et al., 2007). In total, four different currents

were modeled, including the time and voltage dependent

fibroblast K+ current (Ikv), the time-independent inward-

rectifier current (IK1), the fibroblast Na+-K+ pump current

(INaK) and the fibroblast background Na+ current (INa-b) and
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adapted to atrial electrophysiology. Then, heterogeneous

coupling was simulated through Na+ and K+ movement

through gap junctions (IGap), which assumed these two species

as independent. This IGap current depends on the

transmembrane voltage difference between the cardiomyocyte

and the neighboring fibroblast, and on the gap conductance

which was fixed (Ggap = 0.5 nS, taking into account both Ggap-Na

and Ggap-K). This IGap current contributed to the term Iion in the

equation below, when a communication among a cardiomyocyte

and a fibroblast was simulated. Initial conditions were applied

according to the stablished protocol as follows: resting membrane

potential (RMP) was set to -47.75 mV for fibroblasts and

-79.83 mV for cardiomyocytes, the capacitance of the cell

membrane (Cm) was set to 6.3 pF for fibroblasts and 66 pF for

cardiomyocytes, [K+]i and [Na+]i were set to 129.43 mM and

8.5547 mM, respectively. Main parameters used for the

cardiomyocyte and the fibroblast model are shown in

Supplementary Tables S1,2.

Diffused fibrosis was modeled using planes of the same size

where the fibroblasts were randomly located considering two

different distributions that differed in the percentage: 0%, 5% and

10% of fibrotic cells, percentages similar to those in other studies

(Kazbanov et al., 2016; Palacio et al., 2021). Simulation protocols

were performed on 2D planes mimicking a sheet of cardiac tissue

of 200 x 200 nodes (2 cm side plane) that constitute around

20–25% of the total area of a human atria (Sachse, 2004). No-flux

boundary condition was implemented at the edges. To connect

the cells within the plane, the monodomain reaction-diffusion

equation was implemented, assuming that tissue behaves as a

functional syncytium where membrane voltage is propagated

smoothly (Clayton and Panfilov, 2008):

zVm

zt
� ∇ · (D∇Vm) − Iion + Iapplied

Cm

Where Vm is the transmembrane potential, t is the time, ∇

corresponds to the gradient operator andD a diffusion coefficient

with units distance2 time−1, Iion is the sum of all modeled

transmembrane ionic currents, Iapplied is the externally applied

stimulus current, and Cm is the capacitance of the cell membrane.

By using this monodomain simplification, the tissue is

considered to have an unlimited extracellular medium, so the

extracellular resistivity can be neglected. The extracellular

medium is isopotential and equal to zero for simplicity.

Consequently, the membrane potential is the same as the

intracellular potential. Planes were fully connected not

including structures such as the pulmonary veins.

Electrophysiological variability:
Population of models approach

The equations included in the aforementioned cellular

models depend on constants such as channel conductivities,

ionic concentrations and diffusion factors. A population of

models allows mathematical computations to consider

variations of the initial variables introduced in the model to

account for the genetic variability present in real patients. In this

case, a population of 127 ionic profiles was used including the

variability present in a set of human data (Liberos et al., 2016;

Simon et al., 2017).

Briefly, experimental data to calibrate the population was

obtained by patch clamp techniques on myocardium atrial tissue

of 149 AF patients (Sánchez et al., 2014). From these

experiments, nine specific electrophysiological variables were

measured to account for variation: gNa, INaK, gK1, gCaL, gKur,

IKCa, diffusion (D), extracellular potassium concentration and

extracellular sodium concentration. Action potential biomarkers

were measured (Sánchez et al., 2014) and later used as reference

(Supplementary Tables S3) to ensure that simulations were

within physiological ranges. From the electrophysiological

variables measured, Latin Hypercubic Sampling (LHS) was

run to amplify the set of combinations to a final number of

500. These 500 combinations were included in an in silico tissue

model of 8x256 cells in which electrophysiological properties

were measured (Simon et al., 2017), Action potential biomarkers

were evaluated to ensure that simulations were within

physiological ranges and only the combinations within these

ranges (Supplementary Tables S3) were included in the final

population. A complete description of the calibration of this

population can be consulted in previous publications of the

group (Simon et al., 2017; Sanchez de la Nava et al., 2021a).

The modification of the values (in percentage with respect to the

baseline cardiomyocyte model) for each parameter in the

different profiles in the population of models is shown in

Supplementary Table S1, and the distribution of the range of

parameter variation (-50% to +100%) is shown in Supplementary

Figure S1.

Drug implementation

All antiarrhythmic drugs were evaluated in the

electrophysiological population of models in order to

characterize the effect according to the fibrosis percentage.

The Single Pore Channel Model was implemented to analyze

the effect of three different drugs (amiodarone, dofetilide and

sotalol). This model inhibits the current by decreasing the

conductance of the channel as described in the following

equation:

Gi � G0 · 1

1 + [Cd]i
IC50

Where G0 corresponds to the initial conductance of the

channel, Gi corresponds to the final conductance of the

channel, [Cd]i is the concentration of the drug and IC50 is the
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concentration of the drug that reduces by 50% the channel

current. The values of IC50 and drug concentration can be

observed in Table 1, and were obtained from (Patel et al., 2019).

Simulation protocols

Simulations were performed by implementing partial

differential equations for the transmembrane potential models

of all cells computed with a time step of 1 µs in the forward Euler

scheme using in-house C++ code with CUDA parallelization

solved on an NVIDIA TESLA C2057 GPU (NVIDIA

Corporation, Santa Clara, CA). The Rush-Larsen scheme

(Rush and Larsen, 1978) was used for gating variables in cell

models of the form

dwi

dt
� αwi(1 − wi) − βwi

wi

where w is the corresponding gating variable and αwi = αwi(V)
and βwi

= βwi
(V) are the voltage dependent rate constants. The

Rush-Larsen method provides a stable temporal solution for the

gating variables by relaying on the exact exponential solution

implemented in the following expression (Perego and Veneziani,

2009) for each cell:

wj
i+1 � eawi(V)h(wj

i + bwi(V)
awi(V)) − bwi(V)

awi(V)

where awi � −(αwi + βwi
), bi � αwi, j corresponds to each

individual cell, and h is the time step for the forward time

index i integration.

Planes were simulated for a total of four impulses (S1) of

magnitude 4000 pA/pF and duration 3 ms applied at the left edge

of the planes in 200 cells at a frequency of 1 Hz. From the

complete set of simulations, four different biomarkers were

evaluated considering the last two S1 pulses: the Action

Potential Duration at 90% repolarization (APD90, measured

in ms), the conduction velocity (CV, measured in cm/s), the

resting membrane potential (RMP, measured in mV) and peak

voltage value (Peak, measured in mV). APD90, RMP and Peak

were calculated by averaging the values of all the cardiomyocytes

present in the plane. Cell activation time was marked at the time

of highest voltage time derivative (Simon et al., 2017). For CV

propagation measurements, the distance between two points at

coordinates (0.5 mm, 10 mm) and (19.5 mm, 10 mm) in the 2D

plane was divided by the activation time differences between

these points. Absence of conduction was considered when the cell

in the second coordinate (right side of the plane) did not activate

(depolarize and repolarize) after the application of the last

stimulus in the left side of the plane. This included some

profiles that failed to repolarize, some profiles that failed to

conduct and some profiles that failed to be stimulated. All

measurements reported in this study are the average value of

each biomarker during the last two S1 pulses. To evaluate the

effect of a drug, the difference in value of the aforementioned

biomarkers was computed to quantify and increase or decrease

relative to a basal value as:

ΔBiomarker � BiomarkerDrug − BiomarkerBasal

Artificial intelligence algorithm: Pattern
recognition for non-conducting and
conducting profiles

A total of 1032 simulations were computed in this study

corresponding to all different combinations of the population of

models with different fibrosis degree (0% fibrosis, 5% fibrosis and

10% fibrosis) under the effect of different antiarrhythmic drugs

(amiodarone, dofetilide and sotalol), simulated in sheets of

cardiac tissue.

Several supervised models were trained to evaluate the

algorithm that better described the behavior of the population

including Quadratic Support Vector Machine (QSVM), Cubic

Support Vector Machine (CSVM), decision trees (DT),

K-Nearest Neighbors (KNN) with 10k-fold cross validation.

The input of the algorithms corresponded to a combination of

the variables from the population of models: gNa, INaK, gK1, gCaL,

gKur, IKCa, diffusion (D), extracellular potassium concentration

([K]o) and extracellular sodium concentration ([Na]o), including

the variation induced in the final conductance of the channel (Gi)

by the different antiarrhythmic drugs tested (amiodarone,

dofetilide or sotalol), and the percentage of fibrosis (0, 5% or

10%). AI algorithms were trained to predict a binary outcome:

conduction along the plane (labeled as 1) or absence of

conduction (labeled as 0). An example of a conducting and

non-conducting profile both with 10% fibrosis and in the

absence of drugs are shown in Figure 1. Figure 1A shows how

two consecutive impulses propagate in each profile across the

TABLE 1 Constants for drug modelling.

Drug [Cd]i (µM) IC50 IKr (µM) IC50 ICaL (µM) IC50 INa (µM)

Amiodarone 0.8 0.9 1.3 4.6

Dofetilide 0.005 0.002 0.006 0.006

Sotalol 86.3 2100 2100 2.1
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simulated tissue and Figure 1B the time-space plot along the

propagation direction. While at 10% fibrosis the combination of

variables in the cardiomyocytes of the first profile allow to

conduct both impulses, in the second profile, the different

combination of variables produces a conduction block for the

second stimulus. The cardiomyocyte variables in the conducting

profile shown in Figure 1 correspond to the baseline reference

Koivumaki Model with Skibsbye modifications (Skibsbye et al.,

2016), and the variables in the non-conducting profile are:

gNa=+73.13%, INaK=+76.95%, gK1=-38.37%, gCaL=+92.17%, gKur=+77.18%,

IKCa=-47.2%, D=-30.64%, [K]o=+94.93% and [Na]o=+89.34% relative to

the baseline cardiomyocyte model. Algorithms were trained

FIGURE 1
Example of conducting and non-conducting profiles both with 10% of fibrosis, in the absence of the effect of any antiarrhythmic drug. (A)
Propagation of two stimuli in each profile across the simulated tissue (2 cm × 2 cm) from left to right, with no-flux boundary conditions. While the
second impulse propagates in the first profile, it does not in the second profile as the simulated tissue is failing to repolarize to initial membrane
potential. (B) Time-space plot along the propagation direction in both profiles, showing effective propagation in the first profile and the
blockade in the second profile.
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using the variable parameters for the population of models while

the output for prediction was if propagation was possible along

the plane or not. Training testing ratio was set 80:20 as in

previous experiments by the group (Sanchez de la Nava et al.,

2021a).

The algorithms were evaluated by means of specificity,

sensitivity, positive predictive value, negative predictive value

and accuracy, as follows:

Sensitivity � Number of true positives

Number of true positives +Number offalse negatives

Specificity � Number of true negatives

Number offalse positives +Number of true negatives

Positive PredictiveValue � Number of true positives

Number of true positives +Number offalse positives

Negative PredictiveValue � Number of true negatives

Number of true negatives +Number offalse negatives

Accuracy � Number of correct predictions

Total number ofpredictions

Variability on the simulated models:
Validation of the protocol

In order to evaluate the potential applicability of this

technology into different fields, and specially for translating

the results into the clinic, we evaluated small variations on the

population of models to quantify changes in propagation of the

electrical impulse.

Statistical analysis

The t-test was used to evaluate the statistical significance

between continuous paired or unpaired variables. One-way

ANOVA, Kruskal Wallis test calculator and Chi Square test

were calculated to evaluate differences among the three

studied groups (0% fibrosis, 5% fibrosis and 10% fibrosis) in

continuous and binary variables, respectively. Statistical

significance was considered for p <0.05 in all cases.

Results

Construction and calibration of the model
population

From the complete population consisting on 127 different

electrophysiological profiles that conducted the electrical impulse

along the plane in 0% fibrosis conditions, 58 profiles conducted

for the 5% condition and 32 for the 10% fibrosis (Figure 2). In

addition, when the drugs were added, the number of conductive

profiles diminished for all cases due to the antiarrhythmic effect

of the compound (Figure 2). The distribution of the variables of

the population of models that present propagation during

simulations at three different fibrosis concentrations in basal

conditions (no drugs) presented no significant differences and

are shown in Supplementary Figure S1. All the subsequent results

are presented for the profiles that did conduct the electrical

impulse at 5% or at 10% fibrosis level.

The effects of fibrosis on the electrophysiological

measurements in the simulations are shown in Figure 3. At

the electrophysiological level, the presence of fibrosis

produced a shortening of the APD90 (0% fibrosis: 187.77 ±

37.62 ms; 5% fibrosis: 93.29 ± 82.69 ms; 10% fibrosis: 106.37 ±

85.15 ms; p-value<0.001) on the simulated cardiomyocytes.

Conduction velocity was significantly reduced for higher

presence of fibrosis (0% fibrosis: 67.52 ± 7.3 cm/s; 5%

fibrosis: 58.81 ± 14.04 cm/s; 10% fibrosis: 57.56 ± 14.78 cm/

s; p-value<0.001). Both RMP (0% fibrosis: −78.63 ± 4.63 mV;

5% fibrosis: −79.46 ± 5.46 mV; 10% fibrosis: −77.35 ± 5.43 mV;

p-value: >0.1) and peak membrane potential value in the

cardiomyocytes (0% fibrosis: 89.16 ± 16.01 mV; 5% fibrosis:

70.06 ± 17.08 mV; 10% fibrosis: 82.21 ± 19.90 mV;

p-value<0.001) presented a decrease for 5% fibrosis and an

increase for 10% fibrosis planes (Figure 3).

Drug implementation on the stable ionic
profiles

All drugs were studied at two different levels on the

conducting profiles at basal conditions: first, regarding the

variations on the ionic conductances present at the population

FIGURE 2
Distribution of the profiles in which propagation was
observed depending on the fibrosis degree and the effect of the
drug. * <0.05 for ANOVA statistical test.
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of models and secondly, based on the clinical biomarkers

extracted from the simulations.

Figure 2 shows the distribution of the profiles conducting the

electrical impulse for each scenario and Table 2 contains the

proportion of profiles with conduction velocity modifications in

the population with respect to the corresponding control

population (0%, 5% or 10% fibrosis without drug). An

example of a conducting profile and non-conducting profile

for 10% fibrosis can be consulted in Figure 1. Interestingly, in

the absence of fibrosis (0% fibrosis simulations), all the profiles

presented a decrease in conduction velocity under the effect of all

drugs, in accordance to what is described and expected for AADs.

FIGURE 3
Mean values for the electrophysiological characterization of simulations conducting for the different fibroblast concentrations. (A) Action
Potential Duration at 90% repolarization (APD90) (B)Conduction velocity (C) RestingMembrane Potential (RMP) and (D) Peak Transmembrane Value.
As the number of profiles conducting in each group (0%, 5% and 10% fibrosis) differ, each group is compared against the basal (0% fibrosis)
electrophysiological values of the same profiles.* <.05 for t-test statistical test.

TABLE 2 Change in conduction velocity for the studied antiarrhythmic drugs under the effect of fibrosis (number of profiles and percentage).

0% Fibrosis 5% Fibrosis 10% Fibrosis

Increase in CV Decrease in CV Increase in CV Decrease in CV Increase in CV Decrease in CV

Amiodarone 0 124 (100%) 0 28 (100%) 5 (31.25%) 11 (68.75%)

Dofetilide 0 124 (100%) 7 (28%) 13 (52%) 6 (37.5%) 3 (18.8%)

Sotalol 0 124 (100%) 15 (65.21%) 6 (26.08%) 7 (43.75%) 2 (12.5%)
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However, the simulations with fibrosis showed a different effect

of some drugs: dofetilide and sotalol simulations exhibited part of

the profiles in which the conduction velocity was increased

(dofetilide: 28% of profiles; sotalol: 65.21%). Finally, when

simulations were repeated with a higher percentage of fibrosis

(i.e. 10% fibrosis) a dispersed effect on the conduction velocity

was observed under the effect of all the tested drugs (increased

conduction velocity of 31.25% for amiodarone profiles, 37.5% for

dofetilide profiles and 43.75% for sotalol profiles).

In addition, the electrophysiological characterization of the

simulations can be observed in Table 3, where the variation of

four electrophysiological biomarkers (change in CV, APD90, RMP

and peak value) induced by the different drugs is shown. Regarding

the electrophysiological characterization, an average decrease or

maintenance in CV was observed with respect to the

corresponding control population, but the effect was more

variable when fibrosis was present. The effect or drugs tended to

reduce APD90 in most cases when measuring the variables in the

cardiomyocytes except for the 5% fibrosis simulations. However,

high variability in APD90 changes was observed among the different

profiles. In the case of RMP, an average increase was observed on the

0% fibrosis under the effects of drugs, however, drugs tended to have

the opposite effect and reduce RMP in the different profiles in the

presence of fibrosis. The effect on RMP was highly variable for the

different profiles, and in particular in the presence of dofetilide.

Finally, the peak value tended to reduce in all cases except for the

10% fibrosis under the effect of dofetilide and sotalol.

In Silico models and artificial intelligence

Comparing the prediction accuracy of the different AI

methods tested in this work, Cubic SVM showed the best

performance for the tested dataset. As it can be observed from

Table 4; Figure 4, the Area Under the Curve (AUC) was 0.95, the

accuracy of the algorithmwas 90.4% (C.I. 88.83%–91.85%) with a

sensitivity of 90.43% (C.I. 88.20%–92.36%), specificity 90.41%

(88.00%–92.48%), positive predictive value of 91.55% (C.I.

89.62%–93.15%) and negative predictive value of 89.15% (C.I.

86.92%–91.04%). All the other tested methods (QSVM, DT and

KNN) showed an accuracy above 80% and an AUC larger than

0.89, but lower in comparison with CSVM.

The CSVM algorithm (Cristianini and Shawe-Taylor, 2000)

includes an analysis to evaluate how important are the input

features in outcome prediction. In particular, Sequential Minimal

Optimization (Platt, 1998) that was implemented to solve the

nonlinear problem during the algorithm training, enabled the

identification and posterior optimization of the variables

included in the final CSVM prediction algorithm. Once the

problem has been solved, the kernel calculated for the support

vector machines can reveal the relative importance of

contributions during calibration by each of the input

parameters. That is, their contribution to minimizing the

error when predicting the outcome can be ranked based on

quantifying their support vector magnitude. Utilizing such

approach the CSVM algorithm revealed that the most

important features for evaluating the block or conduction of

the action potential in the tissue were in decreasing order: (i) the

type of drug added, (ii) the values of the sodium currents (INak

and gNa) and (iii) the values of the potassium currents (gK1 and

gKur).

Discussion

In this study, we present a new methodology to identify and

predict the propagation of the electrical impulse in the presence

of electrophysiological variability, the presence of different

TABLE 3 Change in conduction velocity for the studied antiarrhythmic drugs under the effect of fibrosis.

ΔCV
(cm/s)

p-value ΔAPD90
(ms)

p-value ΔRMP
(mV)

p-value ΔPeak
value
(mV)

p-value

Amiodarone 0% fibrosis −3.59 ± 1.52 0.24 −49.42 ± 96.72 0.06 0.14 ± 0.43 <0.01 −4.76 ± 0.98 0.01

5% fibrosis −4.96 ± 2.15 −16.32 ± 93.05 −1.97 ± 3.15 −7.34 ± 3.61

10% fibrosis 0.62 ± 9.56 −28.79 ± 142.98 −5.39 ± 7.29 −1.97 ± 22.96

Dofetilide 0% fibrosis −13.43 ± 4.07 <0.01 −29.51 ± 71.67 0.92 1.78 ± 9.83 0.04 −18.85 ± 9.47 <0.01
5% fibrosis 0.14 ± 1.87 5.73 ± 136.26 4.75 ± 27.58 −0.96 ± 3.83

10% fibrosis 0.05 ± 1.16 −18.92 ± 129.98 −1.94 ± 4.29 3.59 ± 11.31

Sotalol 0% fibrosis −0.023 ± 0.24 <0.01 −15.83 ± 43.76 0.06 0.18 ± 0.16 <0.01 −0.04 ± 0.16 <0.01
5% fibrosis 0.30 ± 4.69 3.80 ± 135.56 −0.46 ± 3.34 −0.41 ± 3.12

10% fibrosis 0.22 ± 1.39 −40.28 ± 106.18 −1.93 ± 4.28 3.49 ± 11.49
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degrees of fibrosis and the effect of antiarrhythmic drugs. Several

algorithms were trained and cubic SVM showed the best

performance using the in silico data from the simulations.

These simulations included: (i) electrophysiological variability

using a population of models, (ii) substrate variability using

different percentages of fibrosis, and (iii) drug effect

variability, introduced by the implementation of the effect of

three different antiarrhythmic drugs used in the clinical practice

for AF treatment. The main result of the study showed that,

depending on the percentage of fibrosis and the effect of the drug,

the modifications of the conduction velocity of the substrate

could lead to proarrhythmic scenarios in specific subgroups.

Electrical conduction in 2D cardiac tissue:
Effect of ionic profile and fibrosis presence

To our knowledge, this study is the first one that explores 2D

tissue simulations combining a population of atrial

cardiomyocytes with different percentages of diffused fibrosis.

Previous studies have shown the effect of diffused fibrosis on the

electrophysiological properties of the tissue, in line with the

results presented in this publication (King et al., 2013; Palacio

et al., 2021; Rios-Munoz et al., 2021). Our results are in

agreement with studies that evaluated the effect of fibrosis in

the electrophysiological characteristics of cardiac tissue showing

a decrease in conduction velocity (Spencer et al., 2017).

Drug effect on fibrotic tissue behaviour:
Electrophysiological implications

Populations of models have been implemented in the

cardiac scenario for the prediction of drug effect on cardiac

tissue (Britton et al., 2013; Muszkiewicz et al., 2016; Sanchez de

la Nava et al., 2021a; Peirlinck et al., 2021). Here, the 2D fibrotic

tissue simulations were not only evaluated at basal conditions

but also under the effect of different antiarrhythmic drugs,

including amiodarone, dofetilide and sotalol. Overall, these

antiarrhythmic drugs showed a total block in the majority of

the profiles. In those in which electrical conduction was

preserved, a decrease on conduction velocity was observed

when simulations were performed in the 0% fibrosis tissue

patch. This effect was preserved for amiodarone in the 5%

TABLE 4 Evaluation metrics for the different AI algorithms trained including sensitivity, specificity and accuracy expressed in percentage and
respective confidence interval in brackets, and Area Under the Curve (AUC).

Sensitivity Specificity Accuracy AUC

QSVM 84.67% [82.14%–86.96%] 93.11% [90.83%–94.97%] 88.12% [86.39%–89.71%] 0.94

CSVM 90.43% [88.20%–92.36%] 90.41% [88.00%–92.48%] 90.40% [88.83%–91.85%] 0.95

DT 79.85% [77.17%–82.35%] 92.93% [90.50%–94.90%] 84.71% [82.81%–86.48%] 0.89

KNN 78.65% [75.91%–81.22%] 90.05% [87.30%–92.38%] 82.94% [80.96%–84.80%] 0.92

FIGURE 4
(A) ROC curves and (B) confusion matrix for the Cubic SVM trained algorithm.
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fibrosis patch. Finally, 10% fibrosis simulations showed that

part of the profiles increased CV while others showed a decrease

in this variable.

This confirms our hypothesis that the expected effect of the

drug can be altered due to the presence of fibrosis and that, for

higher percentage of fibrosis, the effect is less predictable and more

frequent to present unexpected effects. Furthermore, we observed

that the antiarrhythmic drug that showed less variability of the

effect among the different profiles was amiodarone, causing a

decrease in the conduction velocity (CV) in most of the profiles

with and without fibrosis. In contrast, the long-term use of

amiodarone in porcine animal models with myocardial fibrosis

showed no adverse effects (Zagorianou et al., 2016).

Reduced and more heterogeneous CV in the myocardium

increases the probability of arrhythmia and can be caused by a

single or combined effect of structural changes, alterations in

electrical coupling in the tissue, or the effect of different drugs.

In our study, the different profiles showed variability in the ionic

current values and action potential morphology, leading to

modifications of fibroblasts conduction velocity and

arrhythmogenicity. Our results may help to further interpret the

drug-induced modifications of CV in prior studies. Angiotensin

converting enzyme inhibitors, angiotensin II type 1 receptor

antagonists and pirfenidone have been shown to be effective in

attenuating arrhythmogenic atrial remodeling, resulting in amarked

reduction in atrial fibrosis, with reduced conduction heterogeneity

and AF vulnerability (Li et al., 2001; Kumagai et al., 2003; Lee et al.,

2006). On the other hand, the effects of drugs designed to enhance

gap-junctional coupling on cardiac CVmay depend on the presence

of fibrotic changes. Rotigaptide showed that in the absence of

fibroblasts, CV increases monotonically with gap junctional

coupling (Lin et al., 2008). However, the presence of fibroblasts,

resulted in a biphasic effect on CV, as showed in both experimental

and computational studies (Miragoli et al., 2006; Zlochiver et al.,

2008; Tveito et al., 2012). Additionally, the relative expression of

Cx40 and Cx43 may either increase or decrease CV in experiments

and humans (Bagwe et al., 2005; Dhillon et al., 2014). Finally, while

acetylcholine induced APD shortening was able to induce an spiral

wave AF episode in healthy canine hearts (Schuessler et al., 1992),

shortening the APD using pinacidil induced AF was driven by

intramural reentry anchored to atrial bundles insulated by fibrosis

(Hansen et al., 2015). Therefore, we expect that using mathematical

models such as used here may help to improve the understanding of

the complex relationship of cardiac electrical substrate, electrical

conduction and drugs effects on propagation and

arrhythmogenicity.

Artificial intelligence for the evaluation of
tissue conduction

In silico simulations allow to produce a significant number of

scenarios that is suitable for the application of AI algorithms that

enable to better analyze and extract patterns. The use of this

technology has increased exponentially in the last years with the

aim of better predicting and identifying new biomarkers.

In this case, these algorithms were implemented with the main

objective of identifying the capabilities of the tissue to conduct the

electrical signal. Lack of conduction of a small patch in the heart

has been proved to cause arrhythmia, described as anatomical

reentry, where the anatomical pathway is fixed (Arenal et al.,

2012). Among the algorithms explored in this study, all showed an

accuracy above 80%. However, Cubic SVM showed the best

performance compared to QSVM, DT and KNN, with an

accuracy of 90.4% and an AUC of 0.95. This high accuracy

highlights the potential of these techniques as collaborative and

predictive tools in the clinic. Using this methodology in more

patient-specific complex scenarios is more likely to predict the

potential benefit of an antiarrhythmic drug on a specific patient by

avoiding the occurrence of conduction blocks. For example, after

further validation, using patient specific 3D geometry and fibrosis

distribution obtained by MRI and combining it with this in silico

model, the CSVM algorithm could be applied to help in the

decision of which antiarrhythmic drug may be more appropriate.

Limitations

The main limitations of this study include the high

computational cost associated to obtain a broad number of

profiles. In the same line, simulations were performed in 2D

planes to reduce the overall computational cost, but the study will

benefit to include more complex structures in the model such as

the pulmonary veins, different CV areas (Sánchez et al., 2019) or

a 3D configuration.

Although we considered the variability of the cardiomyocyte

population, new approaches should explore the possibility of

developing a population for human fibroblasts to be included in

the model, as for this study variability was only introduced in the

cardiomyocyte model.

Finally, regarding the diffused fibrosis that has been studied,

the percentage of fibroblasts was varied from 0% to 5% and 10%,

but the distribution of the fibroblast was determined randomly

for each percentage and kept constant for all the profiles.

Running the different profiles with the same percentage of

fibrosis, but different distributions should be further tested in

order to corroborate the obtained results.

Clinical implications

The identification of specific scenarios and combination of

variables that present proarrhythmic effects can be of great

importance in the understanding and development of new

tools for future pharmacological treatments in the concepts of

personalized medicine and optimizing treatment efficacy.
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Conclusion

Cardiac fibrosis can alter the expected behavior of

antiarrhythmic drugs in a minority of the population and data

analysis using artificial intelligence can reveal the profiles that

will respond differently.
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Combined contact force and
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during repeat atrial fibrillation
catheter ablation
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Background: Optimal lesion formation during catheter-based radiofrequency

current (RFC) ablation depends on electro-mechanical tip-tissue coupling

measurable via contact force (CF) and local impedance (LI) monitoring. We

aimed to investigate CF and LI dynamics in patients with previous atrial

fibrillation (AF) ablation who frequently present with heterogenous

arrhythmia substrate.

Methods: Data from consecutive patients presenting for repeat AF or atrial

tachycardia ablation using a novel open-irrigated single-tip ablation catheter

were studied. RFC applications were investigated regarding CF, LI and the

maximum LI drop (ΔLI) for evaluation of ablation efficacy. ΔLI > 20Ω was

defined as a successful RFC application.

Results: A total of 730 RFC applications in 20 patients were analyzed. Baseline

CF was not associated with baseline LI (R = 0.06, p = 0.17). A mean CF < 8 g

during ablation resulted in lower ΔLI (<8 g: 13Ω vs. ≥ 8 g: 16Ω, p < 0.001).

Baseline LI showed a better correlation with ΔLI (R = 0.35, p < 0.001) compared

tomeanCF (R =0.17, p <0.001). MeanCF correlated better with ΔLI in regions of

low (R = 0.31, p < 0.001) compared to high (R = 0.21, p = 0.02) and intermediate

voltage (R = 0.17, p = 0.004). Combined CF and baseline LI predicted ΔLI > 20Ω
(area under the receiver operating characteristic curve (AUC) 0.75) better

compared to baseline LI (AUC 0.72), mean CF (AUC 0.60), force-time

integral (AUC 0.59) and local bipolar voltage (0.55).

Conclusion: Combination of CF and LI may aid monitoring real-time catheter-

tissue electro-mechanical coupling and lesion formation within heterogenous

atrial arrhythmia substrate in patients with repeat AF or atrial tachycardia

ablation.
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Introduction

Optimal lesion formation during catheter-based radiofrequency

current (RFC) ablation has been known to depend on sufficient

mechanical contact and electrical coupling for more than two

decades (Ariyarathna et al., 2018). Measurement of beat-to-beat

tip-tissue contact force (CF) is widely implemented today as a

surrogate parameter for catheter stability (Calkins et al., 2018).

However, as a physical parameter CF does not give insights into

tissue response during ablation.

The applied electrical current inducing tissue heating is

dependent on the resistive load during catheter tip-tissue

contact, with measurement attempted via impedance by

different technologies: classical transthoracic impedance

measurement by RFC generators (between catheter tip and

indifferent surface electrodes) is limited by significant inter-

patient variability regarding torso impedance as well as intra-

patient variability subject to the respiratory phase (Borganelli

et al., 1992; Barkagan et al., 2018; Chu et al., 2022). Measurement

of local impedance (LI) is conducted by driving a non-

stimulatory current between a distal and proximal electrode. It

has gained interest as it resembles the resistive load at the catheter

tip which is proportional to the tissue-catheter contact (Barkagan

et al., 2018; Sulkin et al., 2018). Therefore, when compared to

generator impedance, baseline LI shows greater variation

between blood pool and tissue (Sulkin et al., 2018;

Gunawardene et al., 2019). A strong relationship between the

LI drop during ablation (ΔLI) and efficacy of lesion formation has

been demonstrated (Gunawardene et al., 2019; Garrott et al.,

2020; Das et al., 2021; Solimene et al., 2021), with a ΔLI > 20Ω
being proposed to result in sufficient lesion formation according

to previous clinical and experimental studies (Garrott et al., 2020;

Szegedi et al., 2021; Ikenouchi et al., 2022; Sasaki et al., 2022).

Low voltage zones indicate fibrofatty infiltration and contribute

to initiation and maintenance of atrial fibrillation (AF) and atrial

tachycardia (AT). This is especially of interest in repeat ablation

procedures, where reconnected pulmonary veins as well as

reconduction of previously ablated or new low voltage zones are

frequently encountered due to myocardial scarring (De Pooter et al.,

2019; Huo et al., 2020). Creating durable ablation lesions in these low

voltage zones remains of importance for ablation success but is

challenged by several factors: Scar tissue offers heterogenous

thermodynamic properties affecting resistive and conductive

heating. Lower resistivity of collagen results in reduced heating as

well as shunting of electrical current to blood, while adipose tissue is

often present in scar areas providing higher electrical resistivity

(Barkagan et al., 2019; Tao et al., 2019). We therefore aimed to

investigate howCF correlates with changes in LI during repeat AF or

AT ablation within heterogenous arrhythmia substrate.

Methods

Clinical cohort

In this explorative single-center series, consecutive patients

presenting for catheter ablation due to continuous symptomatic

atrial arrhythmia (AF or AT) after previous AF ablation were

analyzed retrospectively. This analysis was approved by the local

ethics committee (Ärztekammer Nordrhein, 201/2022) and

written informed consent was obtained from all patients.

Electrophysiological study setup and
catheter ablation procedure

The procedures were carried out in accordance to existing

consensus statements as well as previously published protocols

(Calkins et al., 2018; Alken et al., 2019). In short, patients

underwent the procedure in a fasting state under conscious

sedation using propofol or midazolam and fentanyl.

Hemodynamic monitoring consisted of continuous assessment of

saturation, non-invasive blood pressure as well as surface and

intracardiac electrocardiogram recordings. A single transseptal

puncture was conducted with fluoroscopic guidance and

catheters were introduced into the left atrium using a fixed curve

long sheath (SL0, 8-F; St. Jude Medical, for ablation catheter) and a

long steerable sheath (Zurpaz™, medium curl, 8.5-F, Boston

Scientific, for mini basket catheter). The catheter setting consisted

of a steerable 6F decapolar catheter (Inquiry™, 5 mm spacing; St.

Jude Medical, Saint Paul, MN, United States) positioned in the

coronary sinus and serving as the reference of the Rhythmia™ 3-D

electroanatomical mapping system (Boston Scientific Corporation,

Marlborough, MA, United States) as well as an expandable, open-

irrigated 64-pole mini basket mapping catheter (IntellaMap

Orion™, Boston Scientific) comprising 8 splines with 8 electrodes

for creation of ultra-high density maps. Furthermore, a novel open-

irrigated single-tip ablation catheter (IntellaNav StablePoint™,
Boston Scientific, Marlborough, MA, United States) capable of

continuously assessing CF (translation of force to inductive

sensors via a spring) and LI (non-stimulatory alternating current

between tip and proximal ring electrode) was introduced (Garrott

et al., 2020). Activated clotting time was monitored after first access

of the left atrium, targeting a level >300 s.
A blood pool reference value was established without tissue

contact for both CF and LI before ablation onset. In general,

persistence of pulmonary vein isolation as well as previously set

linear lesions was checked and discovered gaps were ablated. RFC

applications were delivered with a standard power of 30 W, while

adjusting power to 25 W at the posterior left atrial wall and 40 W

Frontiers in Physiology frontiersin.org02

Alken et al. 10.3389/fphys.2022.1001719

141

https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://doi.org/10.3389/fphys.2022.1001719


at the cavotricuspid isthmus where applicable. The irrigation rate

was maintained at 17–30 ml/min for up to 120 s and the upper

temperature limit was set at 48°C. Additional substrate

modification via ablation of complex fractionated atrial

electrograms was conducted at the operator’s discretion. In

macro-reentrant AT the critical isthmus was detected and

ablated consecutively. In case of localized or focal AT, the site

of earliest activation was targeted. Pacing maneuvers and

pharmacological provocation were performed repeatedly to

test for arrhythmia non-inducibility. A bidirectional block was

confirmed whenever linear lesions were generated. Acute

ablation success was defined as non-inducibility of atrial

arrhythmias at the end of the procedure.

Postprocedural radiofrequency current
application analysis

To study the biophysics of lesion formation, point-by-point RFC

applications were analyzed regarding applied CF, force-time integral

and detected LI before onset and during ablation. An automatized

export software integrated into the Rhythmia™ system was used to

export CF and LI data, while full-length procedure recordings and

generated voltage maps were reviewed complementing analysis.

Baseline, minimum, maximum and mean CF/LI values as well as

the absolute and relative difference between baseline and minimum

LI during ablation (maximum absolute LI drop, ΔLI; maximum LI

drop in percent, ΔLI%) were measured. To account for inter-patient

variability of blood pool LI, the difference between baseline tissue LI

and blood pool LI (Δbaseline LI) was measured in all patients.

Sufficient lesion formation was defined as a ΔLI > 20Ω according to

previous preclinical findings (Garrott et al., 2020; Szegedi et al., 2021;

Ikenouchi et al., 2022; Sasaki et al., 2022). CF and LI dynamics were

further analyzed considering local bipolar voltage for each RFC

application, differentiating between high (>0.5 mV), intermediate

(0.1–0.5 mV) and low (<0.1 mV) voltage (Frontera et al., 2018). RFC

applications with a duration <10 s, poor signal quality, instable

catheter contact or dragged ablation points were excluded from

analysis for parameter standardization.

Statistical analysis

Continuous variables are expressed as mean ± standard

deviation or absolute numbers and percentages. In case of non-

parametric data, results are provided as medians with interquartile

ranges. All analyses were performed using Graphpad Prism 9

(Graphpad Inc., La Jolla, CA, United States), MedCalc (MedCalc

Software Ltd., Ostend, Belgium) and Microsoft Excel. For

determination of normal distribution, the Shapiro-Wilk test was

conducted. In case of paired datasets, a paired t-test was conducted

for normally distributed and a Wilcoxon signed-rank test for non-

normally distributed datasets. For comparison of unpaired

datasets, an unpaired t-test was conducted in case of normal

and the Mann-Whitney U test in case of non-normal

distribution. A Kruskal–Wallis test was applied for unpaired

comparison of more than two groups in case of non-normal

distribution and an one-way analysis of variance (ANOVA) in

case of normal distribution of datasets.

Correlation analysis was conducted to investigate the relationship

of baseline LI to ΔLI and mean CF using Pearson correlation

coefficients for normally distributed and Spearman correlation for

non-normally distributed datasets. A Pearson R or Spearman R

coefficient was calculated, where a positive value indicates a positive

and a negative value a negative linear relation. Linear regression

analysis was conducted to determine a fitted regression graph with

95% confidence bands. Simple andmultiple logistic regression analysis

was performed for prediction of a ΔLI > 20Ω which has been

described to result in sufficient lesion formation (Garrott et al.,

2020). A p-value <0.05 was considered statistically significant.

Results

Baseline contact force and local
impedance characteristics

Baseline patient as well as procedural characteristics are

displayed in Table 1, 2. Out of 1488 RFC applications in 20

TABLE 1 Baseline patient parameters.

Variable Total (n = 20)

Age [years] 66±11

Female sex, n (%) 8 (40)

Time since atrial fibrillation diagnosis [years] 8±6

Paroxysmal atrial fibrillation, n (%) 9 (45)

Persistent atrial fibrillation, n (%) 11 (55)

Atrial tachycardia, n (%) 10 (50)

Prior ablation procedures [n] 1.7±0.9

CHA2DS2-VASc-Score [n] 3 (2-4)

Arterial hypertension, n (%) 18 (90)

Diabetes mellitus, n (%) 2 (10)

Hyperlipidemia, n (%) 6 (30)

Prior stroke / transient ischemic attack, n (%) 1 (5)

Coronary artery disease, n (%) 7 (35)

Heart failure, n (%) 8 (40)

Left ventricular ejection fraction [%] 49 (43-60)

Ischemic cardiomyopathy, n (%) 2 (10)

Dilated cardiomyopathy, n (%) 1 (5)

Hypertrophic cardiomyopathy, n (%) 1 (5)

Tachymyopathy, n (%) 4 (20)

Prior revascularization, n (%) 4 (20)

Variables are expressed as absolute values with percentages, mean with standard

deviation or median with interquartile ranges.
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consecutive patients, 730 (49%) were eligible for analysis, of

which 93 % were located in the left atrium. Ablation was

conducted at the pulmonary veins (54%), left atrial anterior

wall (15%), left atrial roof (9%), mitral isthmus (6%),

interatrial septum (5%), left atrial posterior wall (3%), left

atrial appendage (1%), cavotricuspid isthmus (6%), coronary

sinus and superior vena cava (1%). Acute procedural success

was achieved in all patients and no catheter-related

periprocedural complications were observed.

Baseline blood pool LI serving as a non-contact reference was

similar compared to left and right atrial baseline LI (blood pool:

median 146 (interquartile range 138-156) Ω vs left atrial: 147

(136-163) Ω and right atrial: 146 (132-165) Ω, Kruskal-Wallis

test, p = 0.95). Median baseline LI was 146 (132-165) Ω and

applied baseline CF was 9 (5-15) Ω. Baseline CF and LI did not

show a significant correlation in the overall cohort (Spearman

correlation, R = 0.06, p = 0.17) as well as when distinguishing

between high (Spearman correlation, R = 0.17, p = 0.23),

intermediate (Spearman correlation, R = −0.18, p = 0.054)

and low voltage zones (Spearman correlation, R = 0.19, p =

0.23). ΔBaseline LI was not associated with baseline CF

(Spearman correlation, R = 0.04, p = 0.39), while 45% of

analyzed RFC applications displayed lower baseline LI

compared to blood pool LI.

Impact of contact force and baseline local
impedance on the local impedance drop

The median ΔLI per RFC application displayed at 15

(interquartile range 11–21) Ω and ΔLI% at 11 (8–14) %. High

baseline LI predicted an increased δLI and correlated better withΔLI
(Spearman correlation, R = 0.35, p < 0.001) compared to ΔLI%
(Spearman correlation, R = 0.12, p = 0.001, Figures 1A,B). ΔLI
increased by 1Ω with every 6.5Ω baseline LI gain.

The median value of mean CF per RFC application was 11

(7–19) g. Transient catheter-tissue contact loss due to respiratory

motion was reflected by low CF and simultaneous LI increases

ultimately resulting in reduced ΔLI (Figure 2A). Mean CF and

force-time integral showed a weaker correlation with ΔLI
(Spearman correlation, CF: R = 0.17, p < 0.001; force-time

integral: R = 0.16, p < 0.001) and with ΔLI% (Spearman

correlation, CF: R = 0.24, p < 0.001; force-time integral: R =

0.21, p < 0.001, Figure 2B) compared to baseline LI.

For determination of the optimal mean CF cut-off value to

achieve a ΔLI > 20 Ω, receiver operating characteristic analysis

was conducted and revealed a mean CF level ≥8 g as the best

predictor with overall limited sensitivity (0.75) and specificity

(0.39). RFC applications with a mean CF < 8 g displayed lower

ΔLI (< 8 g: 13 (9-18) Ω vs. <8 g: 16 (11-22) Ω, Mann-Whitney

test, p < 0.001). However, mean CF rises beyond 8 g did not

further alter ΔLI (8-16 g: 16 (11-21) Ω vs. > 16 g: 17 (12-22)Ω,

Mann-Whitney test, p = 0.24, Figure 2C). A force-time

integral <400 gs was also associated with lower ΔLI (<400
gs: 14 (10-20) Ω vs. <400 gs: 18 (12-24) Ω, Mann-Whitney

test, p < 0.00).

Influence of underlying myocardial
substrate on force-impedance dynamics

A subset of 547 RFC applications was analyzed regarding

underlying local bipolar voltage. Baseline LI was higher in

regions of high vs intermediate or low voltage (high: 152 (136-

163) Ω vs. intermediate: 143 (132-155) Ω vs. low: 142 (131-156) Ω,
Kruskal-Wallis test, pp < 0.0001), with applied baseline CF being

higher in the high compared to the low voltage group (high: 12 (7-

19) g vs. intermediate: 9 (6-16) g vs low: 8 (4-15) g, Kruskal-Wallis

test, p = 0.02). Baseline CF did not correlate to baseline LI in high/

low voltage regions and displayed a weak negative correlation in

intermediate voltage regions (Spearman correlation, high: R = 0.06,

p = 0.53; intermediate: R = −0.13, p = 0.04; low: R = 0.08, p = 0.41,

Figure 3A).

Overall median ΔLI was higher in regions of high compared

to intermediate voltage and was similar compared low voltage

regions (high: 17 (11-24)Ω vs. intermediate: 15 (11-20)Ω vs. low:

16 (10-22) Ω, Kruskal-Wallis test, p = 0.02). Applied mean CF

was greater in regions of high compared to low voltage (high: 13

(8-21) g vs. intermediate: 11 (7-18) vs. low: 10 (6-16) g, Kruskal-

Wallis test, p = 0.007). Mean CF correlated better with ΔLI in
regions of low compared to high and intermediate voltage

(Spearman correlation, high: R = 0.21, p = 0.02; intermediate:

R = 0.17, p = 0.004; low: R = 0.31, p < 0.001). When applying a

mean CF cut-off level of 8 g, ΔLI was higher in regions of high

compared with intermediate voltage with CF levels ≥8 g (high: 18
(12-25) Ω vs. intermediate: 16 (12-21) Ω vs. low: 17 (11-23) Ω,
Kruskal-Wallis test, p = 0.04). However, no differences were

observed for a mean CF < 8 g between regions (high: 12 (9-19)Ω
vs. intermediate: 13 (9-18)Ω vs. low: 14 (9-19)Ω, Kruskal-Wallis

test, p = 0.72, Figure 3B). When analyzing for underlying baseline

TABLE 2 Procedure characteristics.

Variable Total (n = 20)

Procedure time [min] 225 (128-270)

Fluoroscopy time [min] 17 (7-26)

Dose area product [cGy*cm2] 75 (47-117)

Number of radiofrequency deliveries analyzed per patient [n] 35 (22-46)

Total ablation time per patient [min] 20 (11-34)

Ablation duration per radiofrequency delivery [s] 20 (14-29)

Repeat pulmonary vein isolation, n (%) 15 (75)

Left atrial tachycardia ablation, n (%) 11 (55)

Right atrial tachycardia ablation, n (%) 4 (20)

Variables are expressed as absolute values with percentages or median with interquartile

ranges.
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LI, mean CF correlated better to ΔLI in the high (158 - 220Ω) and

intermediate baseline LI tercile (140-158Ω) compared to the low

tercile (106-140 Ω, Figure 3C). While mean CF was higher in the

low compared to the intermediate and high baseline LI tercile

(high: 10 (6-16) g vs. intermediate: 10 (7-17) g vs. low: 11 (8-20)

g, Kruskal-Wallis test, p < 0.001), ΔLI was elevated the most in

the high baseline LI tercile (high: 18 (13-25) Ω vs. intermediate:

16 (12-22) Ω vs. low: 14 (10-18) Ω, Kruskal-Wallis test, p <
0.001).

Prediction of a local impedance
drop >20Ω

A ΔLI > 20Ω was reached in 29.8% of RFC applications.

Receiver operating characteristic analysis displayed combined CF

and baseline LI as the best predictor for ΔLI > 20Ω (area under

the receiver operating characteristic curve (AUC)

0.75 [confidence interval (CI) 0.71–0.79], negative/positive

predictive value 0.76/0.66, p < 0.001) compared to baseline LI

[AUC 0.72 (CI 0.68–0.76), negative/positive predictive value

0.84/0.44, p < 0.001], Δbaseline LI [AUC 0.69 (CI 0.65–0.73),

negative/positive predictive value 0.80/0.50, p < 0.001], mean CF

(AUC 0.60 (0.55–0.64), negative/positive predictive value 0.79/

0.35, p < 0.001), force-time integral [AUC 0.59 (CI 0.54–0.63),

negative/positive predictive value 0.75/0.35], p = 0.001) and

bipolar voltage [AUC 0.55 (CI 0.49–0.60), negative/positive

predictive value 0.64/0.53, p = 0.01, Figure 4].

Discussion

In this single-center retrospective explorative study, we

present for the first time an initial experience of combined CF

and LI dynamics in patients undergoing repeat AF or AT

ablation. The major findings consist of the following: 1)

Applied baseline CF is not significantly associated with

baseline LI levels. 2) A minimum mean CF level of 8 g

increases ΔLI resembling stable contact, while further CF

increases beyond 8 g do not additionally affect ΔLI. 3)

Combined mean CF during ablation and baseline LI

predicts ΔLI as a surrogate for lesion formation, with the

highest ΔLI being observed in regions of high voltage and high

baseline LI.

Biophysical rationale of combined force
and impedance assessment

The relevance of sufficient tip-tissue contact for effective

lesion formation has been described more than two decades ago

(Organ, 1976; Haines, 1991, 2004). CF provides physical

feedback on mechanical tip-tissue contact and cardiac as well

as respiratory motion (Ariyarathna et al., 2018).

Multidimensional indices incorporating parameters additional

to CF were introduced aiming for real-time lesion formation

estimation during ablation, while lacking information on tissue

response (Hussein et al., 2018; Taghji et al., 2018). Here, LI

FIGURE 1
(A) Representative CF and LI raw aswell as time-smoothed averaged recordings in a single patient during ablation are displayed. High baseline LI
(dark blue) predicted increased ΔLI, while lower baseline LI (light blue) resulted in low δLI despite similar energy output of 30 W and adequate CF
levels ≥8 g. (B) Baseline LI correlated better with ΔLI (upper panel) compared to the ΔLI% (lower panel). CF, contact force; LI, local impedance; ΔLI,
absolute local impedance drop; ΔLI%, relative local impedance drop.
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measurement can complement CF: According to Ohm’s law,

transmitted current density relies on the electrical field and local

tissue resistivity (Garrott et al., 2020; Chu et al., 2022). As power

output is fixed by many ablation generators, baseline LI reflects

resistive heating potential (Shapira-Daniels et al., 2019) and the

degree of ΔLI mirrors volumetric tissue heating during ablation

(Barkagan et al., 2018; Sulkin et al., 2018; Garrott et al., 2020).

Therefore, combining CF and LI may improve real-time

evaluation of lesion formation as electro-mechanical tip-tissue

coupling can be assessed simultaneously. This may also

contribute to improved safety, as avoiding high mechanical

force as well as myocardial tissue heating via CF and ΔLI
assessment may reduce the risk of steam pops or cardiac

perforation (Ariyarathna et al., 2018; Gunawardene et al.,

2019; Garrott et al., 2020). In our analysis, a minimum level

of 8 g mean CF during ablation ensured sufficient mechanical

tip-tissue catheter contact and resulted in increased ΔLI. This is
in accordance with previous experimental and clinical studies on

other catheter systems measuring CF only, which proposed cut-

off values of 5–20 g (Ariyarathna et al., 2018). Excessive CF

application may even lower lesion dimensions as it can impair

catheter irrigation and result in excessive catheter-tip heating and

FIGURE 2
(A) Representative CF and LI raw as well as time-smoothed averaged recordings in a single patient during ablation are displayed. In regions of
similar baseline LI, high constant CF (blue curve) resulted in a rapid δLI after approximately 4 s, whereas intermittent decreases of CF to 0 g due to
inspiration (violet) went along with LI increases reflecting transient catheter-tissue contact loss with overall similar δLI. Continuously low CF (red)
resulted in a reduced ΔLI. (B)Correlation ofminimum/maximum/meanCF during ablation and force-time integral with ΔLI (upper panel) and ΔLI
% (lower panel). (C) A mean CF < 8 g was concomitant with a reduced LI drop, whereas increases beyond 8 g did not further increase the LI
drop. **p ≤ 0.01; ****p ≤ 0.0001. For abbreviations see Figure 1.
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charring marked by an impedance increase (Ring et al., 1989;

Makimoto et al., 2018). High baseline LI guaranteed electrical

coupling and may aid catheter positioning additional to CF in

challenging regions such as the coronary sinus (Sulkin et al.,

2018).

Baseline LI showed the highest correlation to ΔLI which is in

line with recently published experimental (Garrott et al., 2020;

Gutbrod et al., 2022) and clinical studies (Martin et al., 2018;

Gunawardene et al., 2019; Szegedi et al., 2021; Matsuura et al.,

2022; Solimene et al., 2022). Furthermore, according to our

results combined mean CF and baseline LI was the best

predictor for a ΔLI > 20Ω in comparison to applied mean CF

or baseline LI alone. Therefore, maintaining a mean CF level ≥8 g

may be valuable in ensuring sufficient tip-tissue contact, while LI

provides information on the degree of electrical coupling and

real-time tissue response to RFC applications.

Value of combined force and impedance
assessment during repeat atrial arrhythmia
ablation

Several experimental and clinical studies have recently

been published reporting experiences of combined CF and LI

assessment during index AF ablation (Szegedi et al., 2021;

Gutbrod et al., 2022; Solimene et al., 2022; Yasumoto et al.,

FIGURE 3
(A) Correlation analysis of baseline CF to LI (upper panel) and mean CF to the ΔLI (lower panel) is shown. (B) Baseline LI and ΔLI during ablation
are displayed depending on local bipolar voltage and applied CF classified by the estimated mean CF cut-off of 8 g. (C) Correlation analysis of mean
CF to ΔLI depending on underlying baseline LI terciles. *p ≤ 0.05; ***p ≤ 0.001. For abbreviations see Figure 1.
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2022). Single-shot devices have seen increased usage for index

AF ablations in recent years (Mulder et al., 2021). Therefore,

the strength of combining CF and LI monitoring may lie in

repeat AF and AT procedures: Here, previously conducted

pulmonary vein isolation may show reconnection in up to 70%

of cases (Hindricks et al., 2020). Adjunctive ablation strategies

additional to pulmonary vein isolation including linear

lesions, posterior wall isolation, ablation of non-pulmonary

vein triggers and complex fractionated atrial electrograms

may be required (Calkins et al., 2018). Reconduction over

previous linear or substrate ablation and development of new

low voltage areas are frequent findings during repeat AF

ablation, while persistent conduction blocks have been

reported to be present in only 21% using conventional

ablation setups (Huo et al., 2020).

Therefore, index and repeat ablation procedures as well as

ablation within healthy compared to impaired myocardium need

to be distinguished when evaluating LI and CF dynamics: In our

analysis, baseline LI was lower compared to previous results on index

AF procedures, but LI correlated better with ΔLI compared to CF

which is in line with published data (Szegedi et al., 2021; Ikenouchi

et al., 2022; Solimene et al., 2022; Yasumoto et al., 2022). Furthermore,

baseline LI was lower compared to blood pool LI in 45% of RFC

applications, whereas an elevation of tissue baseline LI beyond blood

pool LI was observed in index AF procedures (Solimene et al., 2022).

Median ΔLI was lower at 15Ω compared to index AF procedures

reporting ΔLI ranges between 19–27Ω. These observations may be

explained by two central aspects: First, in our cohort with a mean of

2 prior ablation procedures per patient, 60%of RFC applicationswere

located in areas of low voltage where baseline LI was reduced

according to our current and previous results (Gunawardene

et al., 2019). Second, lesion formation within scarred myocardial

tissue results in irregular and lowered tissue injury due to altered

thermodynamic characteristics compared to healthy myocardium

(Barkagan et al., 2019; Tao et al., 2019). The target ΔLI of >20Ω
chosen in our analysis was only reached in 30% of RFC applications.

Currently proposed target ΔLI values are based on experimental and

clinical index AF/atrial flutter procedures aiming for healthy

myocardium in most cases. Target ΔLI also differs depending on

the ablation location within the left atrium (Chu et al., 2022).

Therefore, currently proposed target ΔLI levels using this catheter

system may not be appropriate in repeat ablation cohorts but rather

may be lower due to more extensive regions of low voltage and low

baseline LI.

Combination of CF and LI monitoring may allow to

improve ablation procedures in regions of low voltage: 1) LI

mapping may complement electrogram-based substrate maps

potentially facilitating selection of optimal ablation sites within

previously ablated areas (Unger et al., 2021). This is supported

by our findings confirming baseline LI as a better predictor for a

ΔLI > 20 Ω compared to local voltage. 2)When ablating in areas

of low voltage and encountering low baseline LI and ΔLI,
combined CF and LI monitoring allows to discriminate

between insufficient contact and low electrical coupling due

to myocardial scar. A study analyzing conduction gaps acutely

after index cavotricuspid isthmus ablation proposed that gaps

could not be distinguished by baseline LI, whereas effective

lesions showed higher ΔLI (Sasaki et al., 2020). Therefore,

algorithms incorporating both CF and LI may enhance

ablation efficacy (Schreieck et al., 2021), while combining CF

and baseline LI may improve prediction of a sufficient ΔLI
according to our analysis. Further studies are needed to

investigate advanced ablation strategies incorporating

individualized ΔLI and CF targets depending on anatomical

region, baseline LI and local voltage.

Limitations

The following limitations need to be addressed: First, this

study reports an initial single-center experience with a relatively

small sample size. Guidance of ablation using LI measurement

was not performed prospectively. However, the amount

of >700 analyzed RFC applications allowed to evaluate CF

and LI dynamics. Second, as heterogenous regions of healthy

and impaired myocardium were targeted during ablation, target

ΔLI may vary from levels proposed in previous experimental and

clinical studies investigating index procedures (Garrott et al.,

2020; Szegedi et al., 2021; Ikenouchi et al., 2022; Sasaki et al.,

2022) depending on local myocardial thickness, regional

anatomical structures such as pouches and vessels as well as

degree of fibrosis. Lastly, as follow-up data were not yet available,

the impact of combined CF and LI assessment on long-term

arrhythmia outcomes during repeat AF/AT ablation needs to be

determined in future studies.

FIGURE 4
Predictors of a local impedance drop >20 Ω during ablation.
During receiver operating characteristics analysis, combinedmean
CF and baseline LI showed the highest area under the receiver
operating characteristics curve for predicting a >20 Ω. AUC,
area under curve. For further abbreviations see Figure 1.
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Conclusion

Taken together, the present findings suggest that combining

CF and LI may be useful to monitor real-time catheter-tissue

electro-mechanical coupling and lesion formation within

heterogenous atrial arrhythmia substrate in patients with

repeat AF or AT ablation. Further studies are needed to assess

the value for long-term outcome especially in challenging patient

cohorts.
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Solving the inverse problem in
electrocardiography imaging for
atrial fibrillation using various
time-frequency decomposition
techniques based on empirical
mode decomposition: A
comparative study

Zhang Yadan, Lian Xin and Wu Jian*

Research Center of Biomedical Engineering, Institute of Biopharmaceutical and Health Engineering,
Tsinghua Shenzhen International Graduate School, Shenzhen, China

Electrocardiographic imaging (ECGI) can aid in identifying the driving sources

that cause and sustain atrial fibrillation (AF). Traditional regularization strategies

for addressing the ECGI inverse problem are not currently concerned about the

multi-scale analysis of the inverse problem, and these techniques are not

clinically reliable. We have previously investigated the solution based on

uniform phase mode decomposition (UPEMD-based) to the ECGI inverse

problem. Numerous other methods for the time-frequency analysis derived

from empirical mode decomposition (EMD-based) have not been applied to the

inverse problem in ECGI. By applying many EMD-based solutions to the ECGI

inverse problem and evaluating the performance of these solutions, we hope to

find a more efficient EMD-based solution to the ECGI inverse problem. In this

study, five AF simulation datasets and two real datasets from AF patients derived

from a clinical ablation procedure are employed to evaluate the operating

efficiency of several EMD-based solutions. The Pearson’s correlation coefficient

(CC), the relative difference measurement star (RDMS) of the computed

epicardial dominant frequency (DF) map and driver probability (DP) map, and

the distance (Dis) between the estimated and referenced most probable driving

sources are used to evaluate the application of various EMD-based solutions in

ECGI. The results show that for DF maps on all simulation datasets, the CC of

UPEMD-based and improved UPEMD (IUPEMD)-based techniques are both

greater than 0.95 and the CC of the empirical wavelet transform (EWT)-based

solution is greater than 0.889, and the RDMS of UPEMD-based and IUPEMD-

based approaches is less than 0.3 overall and the RDMS of EWT-based method

is less than 0.48, performing better than other EMD-based solutions; for DP

maps, the CC of UPEMD-based and IUPEMD-based techniques are close to 0.5,

the CC of EWT-based is 0.449, and the CC of the remaining EMD-based

techniques on the SAF and CAF is all below 0.1; the RDMS of UPEMD-based

and IUPEMD-based are 0.06~0.9 less than that of other EMD-based methods

for all the simulation datasets overall. On two authentic AF datasets, the Dis
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between the first 10 real and estimated maximum DF positions of UPEMD-

based and EWT-based methods are 212~1440 less than that of others,

demonstrating these two EMD-based solutions are superior and are

suggested for clinical application in solving the ECGI inverse problem. On all

datasets, EWT-based algorithms deconstruct the signal in the shortest time (no

more than 0.12s), followed by UPEMD-based solutions (less than 0.81s),

showing that these two schemes are more efficient than others.

KEYWORDS

electrocardiography imaging, inverse problem, EMD-based solutions, time-frequency
decomposition, atrial fibrillation

1 Introduction

The recurrence of atrial fibrillation (AF) after ablation,

particularly persistent AF, remains a great challenge (Hussein,

2020). The location of the drivers that triggers and maintains AF

has not been accurately identified (Pellman and Sheikh, 2015). As

a result, improving the efficiency and accuracy of sourcemapping

of AF driving sources is a pressing issue that must be addressed

(Dubois et al., 2015).

Electrocardiographic imaging (ECGI) can non-invasively

reconstruct epicardial potential from body surface

electrocardiographic signals (ECGs) based on geometric

structural data of the heart and torso (Cluitmans et al., 2018).

By further calculating the isochronous map, domain frequency

(DF) map, and driver probability (DP) map on the atria surface,

the location of AF drivers can be more intuitively presented

(Dubois et al., 2015; Figuera et al., 2016; Salinet et al., 2021).

However, due to the limited number of body surface signals,

there is an ill-posed problem in solving the ECGI inverse problem

(Cluitmans et al., 2015).

Numerous regularization solutions have been proposed to

solve this ill-posed problem at present. A pioneering solution for

the ill-posed problem is the Tikhonov regularization, which is

strongly developed as a motivation for the regularization theory

(Wang, 2012; Benning and Burger, 2018). Besides, the truncated

singular value decomposition (TSVD) and its modified version

based on a singular value decomposition process are gradually

popular (Caulier-Cisterna et al., 2018). However, these

techniques have not yet achieved reliable and stable epicardial

potential reconstructions. These techniques do not screen the

different components of the ECGs from the perspective of

multiscale time-frequency decomposition, which could skew

the reconstruction of the epicardial potential. In our previous

study, we performed multi-scale decomposition of body surface

signals using the Uniform Phase Mode Decomposition

(UPEMD) technique (Zhang et al., 2022), which was derived

from Empirical Mode Decomposition (EMD) (Wang et al.,

2018). Then, based on the various time-frequency domain

features of the decomposed signal, alternative regularization

techniques are implemented for the portions comprising

various ECG information. Different weights are then assigned

to the regularization findings of each component, which

substantially increases the accuracy and robustness of the

inverse issue solution. Please reference (Zhang et al., 2022) for

a more thorough explanation of this technique.

Although we have studied the solution to the inverse problem

based on UPEMD in ECGI, various other methods for multi-

scale decomposition of signals developed based on EMD have not

yet been applied to the inverse problem solving, which is worthy

of further exploration.

EMD can decompose ECGs into several parts in the time-

frequency domain, but there will be mode mixing and residual

noise. In order to solve the above problems, many improved

algorithms based on EMD (EMD-based) have been proposed.

Among them, in recent years, multivariate empirical mode

decomposition (MEMD) (Zheng and Xu, 2019), noise-assisted

MEMD (NAMEMD) (Ahrabian et al., 2012), variational mode

decomposition (VMD) (Dragomiretskiy and Zosso, 2014),

successive variational mode decomposition (SVMD) (Nazari

and Sakhaei, 2020), empirical wavelet transform (EWT)

(Gilles, 2013; Hurat, 2020), UPEMD (Wang et al., 2018),

improved UPEMD (IUPEMD) (Hurat, 2020; Ying et al., 2021;

Zheng et al., 2021) have been proposed successively. The

effectiveness of the above methods has been verified in

mechanical fault detection, voice signal, ECG signal, and

seismic signal processing (Lal et al., 2018; Zeng and Yuan,

2021; Liu et al., 2022). In order to study the influence of

different EMD-based solutions on the accuracy and reliability

of ECGI inverse operation, firstly, the ECGs were decomposed

using the various EMD-based solutions mentioned above in this

paper. Secondly, the truly useful components for the inverse

operation were then screened out using the same principle.

Finally, the same post-processing was carried out on the

various parts screened out using the various EMD-based

solutions to obtain the final epicardial potential.

The remaining of the study is organized as follows. Section

2 describes the principle of the inverse problem, the algorithm

principles of various EMD-based technologies, the research

process of this paper, and the solutions to the inverse problem

based on EMD-based solutions. Section 3 focuses on introducing

the data source used in the experiment, the parameter selection of

the algorithm, the evaluation index of the algorithm, and the
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experimental results of various EMD-based technologies. Section

4 is a discussion of the results. The conclusion is presented in

section 5.

2 Methods

2.1 Inverse problem

ECGI can non-invasively reconstruct the electrical signal on

the heart surface based on the high-density ECGs (Borras and

Chamorro-Servent, 2021; Salinet et al., 2021). The mathematical

mechanism of the ECGI inverse problem can be expressed as

follows.

ΦH � A−1*ΦB (1)

Where A is the transfer matrix, indicating the conduction of

electrical signals from the epicardium to the body surface, and

ΦB is the ECGs, ΦH is the epicardial potential (Potyagaylo et al.,

2021). The transfer matrix is determined by geometric models of

the atrium and torso in this study (Zhou et al., 2018).

Even though the measurement error in the inverse problem’s

solution for ΦB is minimal, the inverse problem’s ill-posedness

results in a substantial calculation deviation on ΦH . The Tikhonov

regularization is a typical remedy for this issue, which can be

mathematically represented as follows (Tikhonov, 1963).

ΦH � argmin{‖ΦB − AΦH‖2 + λ‖ΛΦH‖2} (2)

Among them, Λ is the regularization operator, and λ is the

regularization parameter, which is typically determined by the

L-curve method (Orozco Rodríguez, 2011; Aster et al., 2018).

(Chen et al., 2019) presents a novel L-curve technique based on

bilateral accumulative area detector (L-BAA). BAA is a curve

feature point identification operator that offers superior anti-

interference capabilities. Tikhonov regularization can improve

the smoothness and stability of the inverse operation. TSVD

regularization, on the other hand, has a greater ability to suppress

noise. The mathematical principle underlying TSVD is given as

follows (Wu et al., 2013).

ΦH � argmin‖AkΦH − ΦB‖ (3)
k is the truncation parameter, and like Tikhonov, it may be found

using the L-BAA method. In addition to the influence of the

regularization method on the result of the inverse operation, ΦB

has a direct effect on ΦH .

2.2 EMD-based signal decomposition
solutions

To improve the accuracy of ΦH , EMD-based technology can

sieve the different time-frequency components of the ECGs ΦB,

assist in extracting specific components fromΦB to participate in

the inverse operation and suppress the other part that has a little

positive effect on the inverse operation. Currently, developed

EMD-based technologies primarily include the following.

2.2.1 Variational mode decomposition
VMD decomposes the raw signal into narrowband signals

with separate bands squeezed around different center frequencies

in a non-recursive manner (Dragomiretskiy and Zosso, 2014;

Zosso et al., 2017). In VMD, the setting of the optimal number of

modes k, and weight factor α are two key parameters. The larger

k, the heavier the computational burden the method has. The

smaller the k, the more severe the mode aliasing may be. The

smaller α, the larger the bandwidth of each component. VMD

defines intrinsic mode function (IMF) as a limited bandwidth

amplitude-modulation-frequency-modulation (AM-FM) signal,

requiring that the sum of each IMF’s estimated bandwidths is the

smallest, and that the sum of all IMFs is equal to the original

signal (Isham et al., 2019). For more detailed mathematical

principles and implementation steps of the algorithm

(Dragomiretskiy and Zosso, 2014), please refer to the appendix.

2.2.2 Successive variational mode
decomposition

(Nazari and Sakhaei, 2020) presented SVMD to discover the

optimal k with the use of a heuristic method to adaptively select

the best number of modes k and the weighting factor in VMD. In

contrast to VMD, SVMD incorporates a new penalty function to

lessen spectral overlap (Guo et al., 2022).

VMD extracts modes concurrently whereas SVMD extracts

all IMFs sequentially. SVMD has lower computational

complexity than VMD. SVMD operates by constantly

applying VMD to the signal until the decomposition error

reaches a certain threshold; this succession aids in accelerating

convergence and avoiding the extraction of undesired modes. In

SVMD, just an initial and maximum weighting factor is required

to be established in advance (Wang and Zhou, 2021). Please see

the appendix for further information on the algorithm’s

implementation steps and more precise mathematical

foundations.

2.2.3 Multivariate empirical mode
decomposition

When employing an EMD-based technique for multivariate

signal decomposition, the amount of IMFs decomposed from

various channel signals may vary, impeding the subsequent

synchronization analysis of decomposed multichannel signals.

MEMD was suggested by (Rehman and Mandic, 2010) as a

solution to the issue based on EMD. Using a low discrepancy

Hammersley sequence, the raw multivariate signal is first

projected into n-dimensional space in MEMD, and the

projection signal is then decomposed by EMD to generate the

same number of IMFs for multichannel signals. (Rehman and

Mandic, 2010; Bussett, 2021). The appendix has more
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information about the algorithm and how to put them into

practice.

2.2.4 Noise-assistedmultivariate empirical mode
decomposition

Rehman and Mandic (Rehman et al., 2013) also proposed

that NAMEMD can also decompose multi-channel signals into

the same number of modes. Compared with MEMD, NAMEMD

adds independent white noise to the signal to be decomposed to

improve the problems of modal aliasing and residual noise (Zhao

et al., 2022). Appendix contains the algorithm implementation

procedures.

2.2.5 Uniform phase empirical mode
decomposition

In order to get rid of the modal splitting and margin noise

present in noise-assisted EMD, UPEMD adds a sinusoidal signal

with a uniform phase (Wang et al., 2018). There will be some

empirical mistakes introduced since the sinusoidal signal added

to UPEMD’s magnitude and phase are governed by subjective

experience. See appendix for algorithm implementation details.

2.2.6 Improved uniform phase empirical mode
decomposition

To acquire the added sinusoidal signal’s ideal amplitude and

to increase the decomposition’s accuracy, IUPEMD applies an

orthogonality index to choose the optimal amplitude from

numerous decomposition results under various amplitudes.

Moreover, the mean curve is not able to be completely

isolated from the signal unless the iterative residual signal has

been updated, while IUPEMD employs minimum orthogonality

as an ideal weight selection criterion to make the mean curve

separated from the signal to reduce the residual (Ying et al., 2021;

Zheng et al., 2021). Appendix contains algorithm

implementation steps.

2.2.7 Empirical wavelet transform
The wavelet transform approach has a positive impact on

multi-resolution signal analysis. By merging EMD and wavelet

analysis theory, some researchers have developed EWT. EWT

generates an adaptive wavelet to extract AM and FM

components. First, previous knowledge is extracted from

the original signal’s Fourier spectrum, and the signal

spectrum is adaptively subdivided based on the distribution

of extreme points in the frequency domain; next, a wavelet

filter bank is formed. Finally, the empirical wavelet transform,

i.e. band-pass filtering, is implemented in the divided

spectrum range in order to separate individual FM and AM

components, and the spectrum of these components is

supported firmly (Gilles, 2013; Kedadouche et al., 2016; Liu

et al., 2016). Please refer to the appendix for a more

comprehensive description of the algorithm’s

implementation procedure.

The comparative study on EMD-based solutions to the

inverse problem.

In this comparative study, various EMD-based solutions are

first employed to accomplish multi-scale decomposition on N

ECG signals in the EMD-based solution of the inverse issue. The

N decomposed signal groups are represented as S1, S2,. . ., Sn, and

each S comprises m decomposed signals.

Secondly, the decomposed signal will be screened. The m

signals are separated into two parts, the valuable part P1 and the

less valuable signals P2, where the decomposed signals with a

higher variance contribution rate and the correlation coefficient

are treated as valuable parts and the rest of the decomposed

signals are taken as the less valuable signals. Then, the P1 parts of

the N decomposed signals are then combined to form ΦB1, and

the P2 parts are combined to form ΦB2.

Thirdly, utilizing Tikhonov and TSVD regularization for the

two parts ΦB1 and ΦB2 to produce the inverse solutions ΦH1

and ΦH2.

ΦH1 � argmin{‖ΦB1 − AΦH1‖2 + λ‖ΛΦH1‖2} (4)
ΦH2 � argmin‖AkΦH2 −ΦB2‖ (5)
ΦH � α*ΦH1 + (1 − α)*ΦH2 (6)

Finally, weighting and averaging ΦH1 and ΦH2 to obtain the

potential signal on the epicardium, ΦH. The literature (Yadan

et al., 2022) contains more detailed description about these steps.

The entire procedure is depicted in Figure 1.

The EMD-based technologies in ECGI are evaluated based

on the computational efficiency and precision of inverse

solutions.

3 Results

3.1 Datasets

To compare and test several proposed EMD-based solutions

for the inverse problem in ECGI, two simulation datasets

containing a total of five different AF types and two datasets

from real AF patients were used in this study. One of the

simulated datasets is from (Figuera et al., 2016; Pedron-

Torrecilla et al., 2016), including two different AF propagation

patterns, simple AF (SAF) and complex AF (CAF) on the atrial

surface. The other simulated dataset from the EDGAR project1

(Aras et al., 2015) contains realistic mathematical models of the

two atria and the torso with different AF impulse propagation

patterns. AF was simulated by a driving rotor on either the left

atrium (LA) or right atrium (RA) and fibrillatory conduction to

the rest of the atria, and in the case of LA driver, with and without

1 This simulation dataset can be found in the [EDGAR] https://edgar.sci.
utah.edu/human-cardiac-mapping.html.
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fibrotic conduction (LA_normal and LA_fibrotic); The dataset is

called RA_normal where the driver is located in RA without

fibrotic conduction. Torso potentials were computed by solving

the forward problem of electrocardiography (Pedron-Torrecilla

et al., 2016).

The real AF dataset from the EDGAR project consists of the

signals and geometrical meshes from two AF patients (Patient

one# and Patient 2#) derived for an ablation procedure. ECGs

were recorded simultaneously with the endocardial recordings

with high-resolution multipolar catheters. This genuine AF

dataset consists of 62-channel (Patient 1#) and 72-channel

(Patient 2#) intracardiac catheter mapping signals from two

AF patients, 54-lead body surface ECGs, atrial torso geometry,

and transmission matrix A.

3.2 Parameters selection

We determined the initial values of various parameters by

comprehensive tests, together with the sampling frequency

and features of ECGs. The ECGs are decomposed into

10 layers respectively in VMD, i.e. k � 10. In SVMD, the

number of decomposition layers of ECGs totally depends

on the different datasets, ranging from 5 to 19. All ECGs in

MEMD are adaptively decomposed into 11 layers. In

NAMEMD, when the added white noise standard deviation

is 1, the decomposition layers of ECGs are shown in Table 1

for different datasets. Furthermore, the ECGs are split into

10 layers using EWT. The amplitude of the sinusoidal signal

added in UPEMD is set to one for all datasets, and the optimal

number of phases is 18. In general, IUPEMD determines the

number of phases between 4 and 32, and the optimal

amplitude of the sinusoidal signal is set between 0.15 and

0.4. Table 2 shows the optimal signal amplitude and phase

quantity selected adaptively by IUPEMD for various datasets.

After the ECGs have been decomposed using the

aforementioned time-frequency decomposition solutions, the

decomposed signals are divided into two parts based on the

variance contribution rate and the correlation coefficient: one

containing a large amount of irrelevant information and the

FIGURE 1
EMD-based solution to the inverse problem in ECGI.
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other containing more useful information. In all of the inverse

problem solutions shown in this work, the processing that follows

is identical.

3.3 Evaluation index

In this study, Pearson’s correlation coefficient CC (Puth et al.,

2014; Liu et al., 2021; Cui et al., 2022)and relative difference

measurement star (RDMS) (Figuera et al., 2016) are used to

quantify the similarity between the calculated and actual DF and

the DP maps, thereby evaluating several EMD-based solutions to

the inverse problem.

CC � ∑m
i�1(xi − �x)(yi − �y)�����������∑m

i�1(xi − �x)2
√ �����������∑m

i�1(yi − �y)2√ (4a)

RDMS �

����������������
∑

j
⎛⎝ xk
‖x2‖ −

x̂k����x̂2����⎞⎠
2

√√
(5a)

In addition, to quantify the accuracy of the calculated DF or

DP from many perspectives, the Euclidean distance (denoted by

Dis) has also been employed (Etal, 2021). The calculated and

referenced numbered positions of the n greatest DF or DP points

will be processed as an n-dimensional vector, respectively. Dis

measures the distance between these two vectors, that is, the

similarity between the n biggest estimated DF or DP sites and

their references.

Dis �
������������∑n

i�1(xi − yi)2
√

(6a)

n denotes the number of sites. xi and yi are the calculated and

referenced numbered positions of the n greatest DF or DP points,

respectively. If n � 10, the Dis between the estimated and

reference first 10 greatest DP location or the DF position will

be calculated, representing the index distance between the

estimated and the reference driving sources.

3.4 Experimental results

The DF and DPmaps on the epicardium are constructed, and

potential AF drivers are identified using several EMD-based

solutions in this study.

3.4.1 Results on the simulation datasets
Figure 2 shows the DF maps of seven different EMD-based

solutions for five simulation datasets. Among them, the DF maps

generated by the UPEMD-based and IUPEMD-based solutions

are the most comparable to the real maps in all datasets; the DF

under the EWT-based solution also exhibits a good resemblance

to the real one for SAF and CAF. From the perspective of CC, for

the UPEMD-based, IUPEMD-based, and EWT-based methods,

the CC is higher than other methods. The CC of UPEMD-based

and IUPEMD-based techniques are both greater than 0.95 for

five distinct simulation datasets, while the CC of the EWT-based

solution is greater than 0.915 for all simulation datasets excluding

the LA_fibrotic dataset (CC on the LA_fibrotic: 0.889). The

aforementioned three solutions have distinct advantages over

other EMD-based technologies.

On these five simulation datasets, the RDMS of UPEMD-

based and IUPEMD-based approaches is less than 0.3 overall. On

the datasets SAF, CAF, and RA normal, the RDMS of EWT-

based method is less than 0.4; however, on the datasets

LA_normal and LA_fibrotic, the RDMS is 0.413 and 0.471,

respectively. Both the RDMS of VMD-based and SVMD-

based are more than 0.5. There is little difference between the

DF maps for MEMD-based and NAMEMD-based solutions,

whereas CC and RDMS for MEMD-based solutions are

slightly better than those for NAMEMD-based solutions,

indicating that when MEMD is used to decompose ECGs, the

addition of white noise cannot improve the inverse results; the

SVMD-based inverse solution is superior to VMD overall.

This paper calculates the DP maps for each algorithm and

identifies ten drivers with the highest probability as well. The

relevant details are shown in Figure 3. In general, DP maps of

TABLE 1 The decomposition layers of ECGs for different datasets in NAMEMD.

Dataset SAF CAF LA_fibrotic LA_normal RA_normal Patient #1 Patient #2

Decomposition layers 12 11 11 12 11 13 14

TABLE 2 The optimal signal amplitude and phase quantity selected by IUPEMD for different datasets.

Dataset SAF CAF LA_fibrotic LA_normal RA_normal Patient #1 Patient #2

Amplitude 0.17 0.17 0.15 0.15 0.2 0.15 0.25

Phase Quantity 4 4 8 8 4 4 4
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FIGURE 2
The DF maps using various EMD-based methods under the datasets SAF, CAF, LA_normal, LA_fibrotic, and RA_normal are represented by
(A–E), respectively. For each separate dataset, the reference DF map is in the first column, followed by the DF maps for the VMD-based, SVMD-
based, EWT-based, MEMD-based, NAMEMD-based, UPEMD-based, and IUPEMD-based solutions, startingwith the second column. On eachmodel,
a distinct color denotes the DF at that place. The RDMS (G) and CC (F) between the computed EMD-based algorithm and the real DF map for
each EMD-based solution are shown as well.

FIGURE 3
DPmaps (red circles mark the 10 locations with the highest probability of driver location). Among them (A–E) represent the DPmaps generated
by various EMD-based algorithms for SAF, CAF, LA_normal, LA_fibrotic, and RA_normal, which from left to right correspond to the DP maps for
VMD-based, SVMD-based, EWT-based, MEMD-based, NAMEMD-based, UPEMD-based, and IUPEMD-based solutions.
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UPEMD-based and IUPEMD-based solutions are the most

accurate, followed by EWT and other algorithms that have

varying degrees of false detection. Compared to VMD-based

and MEMD-based solutions, the inverse operation of the

upgraded algorithms, SVMD-based and MEMD-based

solutions, are not significantly enhanced. In the VMD-based

scheme for the RA _normal, the VMD-based solution does not

detect the driver, hence no driver position is marked in the

VMD-based inverse solution in (E).

Meanwhile, Figure 4 depicts the CC, RDMS, and the Dis

between the calculated drivers and the reference drivers on the

DP maps. If no driving source is discovered, its CC, RDMS, and

Dis are manually set to negative values. For DP maps, the CC of

UPEMD-based (CC = 0.498) and IUPEMD-based (0.496)

techniques are close to 0.5, the CC of EWT-based is 0.449,

and the CC of the remaining EMD-based techniques on the

SAF and CAF is all below 0.1; the RDMS of UPEMD-based and

IUPEMD-based solutions are lower 0.3 on LA_normal and

LA_fibrotic, while other EMD-based methods’ RDMS is more

than 1.2. On the SAF and CAF datasets, the RDMS of UPEMD-

based, IUPEMD-based, and EWT-based methods is likewise less

than that of other EMD-based methods. These results show that

the UPEMD-based, EWT-based and IUPEMD-based solutions

outperform other algorithms in the CC and RDMS of DP.

As for the Dis between estimated and reference driving

sources, in general, the drivers calculated by EWT-based,

UPEMD-based, and IUPEMD-based solutions are the closest

to the reference drivers; For all the datasets, the Dis for VMD-

based and SVMD-based solutions show no noticeable advantages

or disadvantages, as do MEMD-based and NAMEND-based

solutions, indicating that these algorithms have limited

efficacy in solving ECGI inverse problems.

3.4.2 Results on the real datasets
This paper analyzes the DF maps of the epicardial potential

generated by various EMD-based solutions on two authentic AF

datasets and identified the 10 sites with the maximum DF, as

shown in Figure 5 ((A) for patient one# and (B) for patient 2#).

FIGURE 4
Quantitative evaluation of the DP map: (A) CC (B) RDMS (C) Dis (top 10 greatest possible drivers). The horizontal axis displays, from left to right,
the quantitative indications of VMD-based, SVMD-based, EWT-based, MEMD-based, NAMEMD-based, UPEMD-based, and IUPEMD-based solutions
for every dataset.
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Figure 5A demonstrates that UPEMD-based and EWT-based

solutions identified multiple maximumDF sites in the left atrium

of patient 1#. Although these points were slightly dispersed in

regard to the 10 maximum DF spots on the reference left atrium,

the recognition results of UPEMD-based and EWT-based

algorithms are more accurate than those of other EMD-based

algorithms. For patient 2# (Figure 5B), both UPEMD-based and

EWT-based algorithms recognized multiple highest DF spots in

the RA. The maximum DF positions discovered by SVMD-based

and IUPEMD-based approaches are mostly situated in the LA,

which is much more than that of the reference LA, and they are

definitely absent in the RA.

To analyze the aforementioned DF maps’ findings

quantitatively, the Dis between the actual and measured

maximum DF was determined (62 locations for patient

one# and 73 sites for patient 2#). Also given is the

disparity between the projected and actual top

10 maximum DF positions. In general, the Dis between the

first 10 real and estimated maximum DF positions of

UPEMD-based and EWT-based methods are less than

1960 for patient 1#, while that of other EMD-based

techniques are all more than 2300; for patient 2#, the Dis

between the first 10 real and inversely calculated maximum

DF positions of UPEMD-based (Dis = 934) and EWT-based

(Dis = 875) techniques are lower to 935, less than that of

others (more than 1147). The UPEMD-based and EWT-based

are superior to others even for the Dis between the actual and

measured maximum DF (62 locations for patient one# and

73 sites for patient 2#), showing that the estimated epicardial

abnormal area by the UPEMD-based and EWT-based

solutions is closer to the reference one.

3.4.3 The execution efficiency of EMD-based
solutions

We counted the time taken by various EMD-based

approaches for the decomposition of ECGs to assess the

operational efficacy of various EMD-based solutions. The

effect of datasets and methods on decomposition time is

summarized in Figure 6.

On all datasets, EWT-based algorithms deconstruct the

signal in the shortest time (no more than 0.12s), followed by

UPEMD-based solutions (less than 0.81s), showing that these

two schemes are more efficient than others. Due to the adaptive

decomposition layers of the SVMD approach in different data

sets, the SVMD-based method is not consistently more efficient

than the VMD-based method in different simulated data sets. If

the number of decomposition layers is greater than that of the

VMD method, the length of time required will be greater. In

contrast, if the number of adaptive decomposition layers is less

than the predetermined value of the VMD method, the VMD

method will consume less time. Due to the addition of a

particular amount of white noise to the original signal in the

NAMEMD-based solution (Rehman and Mandic, 2011), the

time-frequency components of the signal become more

diverse. Hence, more decomposed layers are required to get

the final monotonic residual signal (Table 1). In comparison

to the UPEMD-based solution, the IUPEMD-based solution

must iteratively decompose the ECGs under various

FIGURE 5
DFmaps of two real patients with AF (red dots mark the 10 locations with the highest DF; both patients’ LA and RA are indicated by grey arrows).
(A)DFmaps for Patient 1#; (B)DFmaps for Patient 2#; (C) TheDis between the computed and actual DFmaps: C1, for Patient 1#, the Dis between the
estimated and actual 62 maximum DF positions for various EMD-based solutions; C2, for Patient 2#, the Dis between the estimated and actual
73 maximum DF positions; C3, for Patient 1#, the Dis between the first 10 real and estimated maximumDF positions; C4, for Patient 2#, the Dis
between the first 10 real and inversely calculated maximum DF positions.
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parameters (amplitude and phase number) using UPEMD and

then determine the current optimal amplitude and the number of

phases based on the principle of minimum orthogonality.

Consequently, this method requires more time.

4 Discussion

This study employed five A F simulation datasets and two

real AF patient datasets to evaluate the effect of various EMD-

based solutions in ECGI. We obtain the Dis between the

calculated and actual maximum DF, and maximum DP sites.

What’s more, the CC and RDMS of the estimated DF and DP

maps for different inverse operation methods are investigated for

simulated AF datasets as well.

UPEMD-based IUPEMD-based and EWT-based solutions

perform better than other EMD-based solutions on simulated

datasets from the CC and RDMS of DF and DP maps, and their

Dis between estimated and actual top 10 most probable driving

sources is shorter.

In comparison to the IUPEMD-based solution, the UPEMD-

based solution simply decompose ECGs with the assistance of a

sinusoidal signal whose amplitude and phase are pre-determined

(Wang et al., 2018), hence lowering the number of iterations and

saving calculation time. The IUPEMD-based solution is inferior

to the UPEMD-based solution, indicating that adding sinusoidal

signals with the phases and amplitudes adaptively determined by

the principle of minimum orthogonality to ECGs does not

significantly improve the solution of the ECGI inverse

problem. In real AF datasets, the maximum DF calculated by

the UPEMD-based solution and the EWT-based solution are the

closest to the actual maximum DF, indicating that the detected

drivers are more precise using UPEMD-based and EWT-based

solutions.

VMD-based and SVMD-based solutions are less satisfactory

when compared to UPEMD-based and EWT-based technology.

It demonstrates that the hypothesis that decomposition of the

ECGs is translated into a variational problem is not conducive to

the ECGI inverse problem (Dragomiretskiy and Zosso, 2014;Wei

et al., 2021). In these two decomposition methods, the screened

IMFs cannot distinguish the valuable components for the ECGI

inverse problem well. Although the SVMD-based solution, as an

improved version of the VMD-based solution, adds constraints

when solving variational problems (Liu et al., 2022), it is not

better than the VMD-based solution, in fact, it is marginally

worse. Dependent on the different ECGs, the execution efficiency

of VMD-based and SVMD-based solutions differs.

Similarly, neither the NAMEMD-based solution nor the

MEMD-based solution show any advantages, indicating that

the method of first mapping ECGs to a high-dimensional

space and then performing multi-scale decomposition of their

projected signals may not be appropriate for multi-scale solutions

of ECGI. The Dis calculated by the NAMEMD-based solution is

greater than that of the MEMD-based solution in the SAF,

LA_fibrotic, and genuine AF datasets, demonstrating that

NAMEMD-based, an enhanced MEMD-based solution, does

not solve ECGI inverse problems more effectively. The

execution efficiency of the NAMEMD-based solution is lower

than that of the MEMD-based solution.

5 Limitations

In this paper, only a small amount of data was used to test

these EMD-based approaches, and when these open data sets

were collected, they may have had mistakes because of the limits

of the measurement environment or the simulation

environment.

FIGURE 6
Decomposition time of ECGs by various EMD-based solutions for diverse datasets.
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We did not evaluate the effect of the geometric errors of the

atrium and torso models on the performance of various EMD-

based solutions. When AF occurs, not only does the electrical

activity of the atrium change, but so does the atrial structure to a

certain extent. The reconstructed portion of the structure, such as

fibrosis, must be distinguished from the normal portion during

the construction of the atrial geometric model andmesh division;

moreover, the static atrial model is utilized in this study. Using a

dynamic atrial model that incorporates the natural systolic and

diastolic activities of the atrium may increase the accuracy of

inverse calculations.

How the number of electrodes and electrode placements

affect the outcomes of various EMD-based inverse methods

has not been properly investigated. The two real AF datasets

used have a limited number of surface electrodes. Although

some researchers disagree that more surface electrodes make it

more conducive to study the inverse problem (Bear et al.,

2018; Gharbalchi No et al., 2020; Parreira et al., 2020), the

degree of inaccuracy brought on by 54 electrodes in the study

of the ECGI inverse problem deserves further in-depth

investigation.

In conclusion, this study disregards the influence of the

defects caused by the aforementioned challenges on the

inverse solutions and focuses solely on the application of

various EMD-based solutions to constrained datasets. To

some extent, the findings are useful; however, a large number

of clinical data have not confirmed them.

6 Conclusion

In conclusion, we study the application of different EMD-

based solutions in ECGI, and the results have strong

regularity. Considering the efficiency of algorithm

execution, UPEMD-based and EWT-based solutions have

prominent advantages and are easier to meet the needs of

ECGI in clinical applications. The UPEMD-based solution,

IUPEMD-based solution, and EWT-based solution are

superior to others for distinct datasets. However, the

IUPEMD-based solution’s running time is significantly

longer than that of the UPEMD-based solution and EWT-

based solution, causing the latter two more appropriate for

clinical applications. This paper can serve as a reference for

future researchers addressing relevant ECGI inverse problems

by examining the use of various EMD-based solutions

in ECGI.
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1Samsung Medical Center, Department of Anesthesiology and Pain Medicine, School of Medicine,
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Medicine, Seoul, Republic of Korea

Some patients with postoperative atrial fibrillation (POAF) after non-cardiac

surgery need treatment, and a predictive model for these patients is clinically

useful. Here, we developed a predictive model for POAF in non-cardiac

surgery based on machine learning techniques. In a total of 201,864 patients

who underwent non-cardiac surgery between January 2011 and June 2019

at our institution, 5,725 (2.8%) were treated for POAF. We used machine

learning with an extreme gradient boosting algorithm to evaluate the effects

of variables on POAF. Using the top five variables from this algorithm, we

generated a predictive model for POAF and conducted an external validation.

The top five variables selected for the POAF model were age, lung operation,

operation duration, history of coronary artery disease, and hypertension. The

optimal threshold of probability in this model was estimated to be 0.1, and

the area under the receiver operating characteristic (AUROC) curve was 0.80

with a 95% confidence interval of 0.78–0.81. Accuracy of the model using

the estimated threshold was 0.95, with sensitivity and specificity values of

0.28 and 0.97, respectively. In an external validation, the AUROC was 0.80

(0.78–0.81). The working predictive model for POAF requiring treatment in

non-cardiac surgery based on machine learning techniques is provided online

(https://sjshin.shinyapps.io/afib_predictor_0913/). The model needs further

verification among other populations.

KEYWORDS

cardiac event, atrial fibrillation, non-cardiac surgery, machine learning, prediction
model
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Introduction

Postoperative atrial fibrillation (POAF) is defined as new
onset atrial fibrillation following surgery in patients without
prior history of atrial fibrillation (1). PAOF is the most common
complication following cardiac surgery and is associated with
increased morbidity, mortality, length of hospital stay, and long-
term risk of stroke (2, 3). In non-cardiac surgery where the
heart is not manipulated directly, the incidence of POAF is
reported to be lower and to vary by surgery type (4, 5). Although
the majority of POAF converts spontaneously to sinus rhythm,
POAF in non-cardiac surgery is known to affect long-term
consequences (6). Moreover, current guidelines indicate that a
certain portion of POAF patients need immediate medication
treatment for heart rate or rhythm control (1, 4, 7). Considering
the large number of patients who undergo non-cardiac surgery
and their risks as they age, prediction of these events would be
helpful in daily clinical practice (8).

Previous studies have attempted to identify risk factors
for POAF in non-cardiac surgery (4, 5, 9). Reported risk
factors include age, male sex, history of cardiovascular disease,
and preoperative heart rate (10). There are limitations in
applying individual risk factors in clinical practice because
existing studies on these risk factors are heterogeneous and
show inconsistent results. Moreover, these studies have been
conducted with small numbers of patients or in specific groups
with select surgical procedures or diagnoses (4, 5, 9). Here,
we aimed to investigate risk factors of non-cardiac surgery in
a comprehensive manner and to generate a predictive model
of POAF that can be used in clinical practice. We used a
large real-world data set of consecutive adult patients and
identified those who needed interventional treatment for POAF
during the first postoperative 30 days. Based on machine
learning techniques, we developed a predictive model that can
be applied conveniently in clinical practice and conducted
an external validation. For further verification, we provided
the model online.

Materials and methods

Approval for this study was waived by the Institutional
Review Board of Samsung Medical Center (SMC 2021-
06-078) because the study registry was curated in a de-
identified form. The requirement for written informed consent
from participants was also waived. Using data for external
validation was approved by the Institutional Review Board
of Ajou University Hospital (AJIRB-MED-MDB-21-662). The
validation cohort was also curated in a de-identified form,
so written informed consent was waived. We followed the

Abbreviations: POAF, postoperative atrial fibrillation; XGB, extreme
gradient boosting.

Declaration of Helsinki and reported according to the guidelines
for Strengthening the Reporting of Observational Studies
in Epidemiology.

Data curation and study population

We utilized data from the Samsung Medical Center-Non-
Cardiac operation (SMC-NoCop) registry (KCT 0006363), a
single-center de-identified cohort of 203,787 consecutive adult
patients who underwent non-cardiac surgery under general or
regional anesthesia at Samsung Medical Center, Seoul, Korea,
between January 2011 and June 2019. The registry is based
on the institutional electronic archive system, which contains
medical information from electronic hospital records of over 4
million patients with more than 900 million laboratory findings
and 200 million prescriptions. Raw data were extracted using
“Clinical Data Warehouse Darwin-C,” an electronic system
for investigators to search and retrieve de-identified medical
records. In this system, mortality is updated consistently and
confirmed with the National Population Registry of the Korea
National Statistical Office using a unique personal identification
number for mortalities following hospital discharge.

After obtaining a preoperative evaluation sheet,
investigators independent from this study organized relevant
preoperative variables including demographic data, underlying
diseases, and information from blood laboratory tests. We
also estimated preoperative Charlson Comorbidity Index for
patients using preoperative diagnoses based on International
Classification of Diseases-10 (ICD-10) codes (11). Postoperative
diagnoses were organized based on in-hospital progress notes,
nursing charts, discharge notes, results of examinations, and
drug prescriptions. For analysis, we excluded patients who
experienced preoperative atrial fibrillation.

For external validation, we extracted data from patient
records who underwent non-cardiac surgery at Ajou University
Medical Center between January 2011 and October 2021.
Through the same recruitment criteria, 91,576 patients were
included in the external validation set.

Definitions and study endpoints

Risks in surgical procedures were stratified following
the European Society of Cardiology (ESC)/European
Society of Anesthesiology (ESA) guidelines on non-cardiac
surgery (12). For the predictive model, we included newly-
developed POAF events within 30 days following surgery and
requiring interventions such as intravenous administration
of antiarrhythmic agents such as propafenone, flecainide,
amiodarone, diltiazem, or verapamil. We also included patients
who required electrical cardioversion for rhythm or rate control.

The primary endpoint was POAF requiring interventional
treatment during hospital stay within 30 days after non-cardiac
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TABLE 1 Preoperative variables in patients with and without postoperative atrial fibrillation.

No atrial fibrillation
(N = 196,139)

Atrial fibrillation
(N = 5,725)

P-value

Male 83,392 (42.5) 3,512 (61.3) <0.001

Age 52.3 (±15.1) 64.1 (±12.5) <0.001

Hypertension 48,033 (24.5) 2,645 (46.2) <0.001

Diabetes 21,819 (11.1) 1,324 (23.1) <0.001

Current alcohol 39,590 (20.2) 704 (12.3) <0.001

Current smoking 15,203 (7.8) 310 (5.4) <0.001

Chronic kidney disease 3,040 (1.5) 236 (4.1) <0.001

Dialysis 866 (0.4) 68 (1.2) –

Previous disease

Charlson comorbidity index 0.1 (±0.5) 0.4 (±1.1) <0.001

Stroke 3,812 (1.9) 309 (5.4) <0.001

Coronary artery disease 3,181 (1.6) 821 (14.3) <0.001

Myocardial infarction 809 (0.4) 89 (1.6) <0.001

Coronary revascularization

Percutaneous intervention 2,510 (1.3) 439 (7.7) <0.001

Bypass graft 354 (0.2) 58 (1.0) <0.001

Heart failure 380 (0.2) 108 (1.9) <0.001

Arrhythmia 906 (0.5) 184 (3.2) <0.001

Peripheral artery disease 508 (0.3) 45 (0.8) <0.001

Aortic disease 603 (0.3) 80 (1.4) <0.001

Valvular heart disease 211 (0.1) 35 (0.6) <0.001

Chronic obstructive pulmonary disease 3,216 (1.6) 307 (5.4) <0.001

Preoperative blood laboratory tests

Hemoglobin, g/dl 13.3 (±1.8) 12.9 (±2.0) <0.001

Creatinine, mg/dl 0.9 (±0.8) 1.0 (±1.0) <0.001

Preoperative vital signs

Heart rate, bpm 68.2 (±11.6) 71.0 (±15.2) <0.001

Systolic blood pressure, mmHg 119.2 (±16.6) 122.6 (±17.9) <0.001

Diastolic blood pressure, mmHg 70.7 (±10.9) 71.6 (±11.1) <0.001

Mean blood pressure, mmHg 86.9 (±11.7) 88.6 (±12.0) <0.001

Data are presented as n (%) or mean (±standard deviation).

surgery. From a total of 201,864 patients, newly developed
POAF occurred in 7,757 (3.8%), and 5,725 (2.8%) required
interventional treatment. We quantified and compared the
effects of each variable on the predictive performance of the
model. After conducting feature elimination, we developed a
calculator for POAF prediction.

Development of the predictive model

A total of 50 predictor variables obtained from a
preoperative evaluation sheet was provided as input to each

model (Supplementary Table 1). We applied machine learning
techniques with an extreme gradient boosting (XGB) algorithm,
which is a decision tree-based ensemble model using a gradient
boosting framework and the Shapley value framework (13,
14). The hyper-parameters were optimized based on a grid
search using the area under the receiver operating characteristic
(AUROC) curve, and 5-fold cross-validation was employed
during model development. We divided the data into training
and test sets. A stratified random split of the data was conducted
while maintaining a constant ratio of an event, POAF in
this study, and 80% of the data were reserved for creating
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TABLE 2 Operative variables in patients with and without postoperative atrial fibrillation.

No atrial fibrillation
(N = 196,139)

Atrial fibrillation
(N = 5,725)

P-value

General anesthesia 169,710 (86.5) 5,170 (90.3) <0.001

Emergency operation 13,602 (6.9) 629 (11.0) <0.001

Operation duration, min 130.8 (±100.3) 170.8 (± 118.9) <0.001

Surgical risk – – <0.001

Mild 77,427 (39.5) 1,280 (22.4) –

Intermediate 107,282 (54.7) 3,518 (61.4) –

High 11,430 (5.8) 927 (16.2) –

Inotropic drug infusion 15,762 (8.0) 1,534 (26.8) <0.001

Blood transfusion 6,321 (3.2) 560 (9.8) <0.001

Red blood cell 6,129 (3.1) 531 (9.3) <0.001

Cryoprecipitate 365 (0.2) 40 (0.7) <0.001

Fresh frozen plasma 1,262 (0.6) 151 (2.6) <0.001

Platelet concentrate 229 (0.1) 37 (0.6) <0.001

Surgery types – – –

Neuroendocrine 12,889 (6.6) 136 (2.4) <0.001

Lung 10,682 (5.4) 1,277 (22.3) <0.001

Head and neck 30,129 (15.4) 702 (12.3) <0.001

Breast 17,477 (8.9) 159 (2.8) <0.001

Stomach 12,200 (6.2) 279 (4.9) <0.001

Hepatobiliary 16,566 (8.4) 485 (8.5) 0.97

Colorectal 13,331 (6.8) 409 (7.1) 0.32

Urology 17,942 (9.1) 445 (7.8) <0.001

Gynecology 24,348 (12.4) 156 (2.7) <0.001

Bone and skin etc. 40,575 (20.7) 1,677 (29.3) <0.001

Data are presented as n (%) or mean (±standard deviation). Surgical risk was stratified according to the 2014 European Society of Cardiology (ESC)/European Society of Anesthesiology
(ESA) guidelines.

the machine learning model, and the remaining 20% was for
the testing model.

Feature interpretation was presented in a SHapley Additive
exPlanations (SHAP) summary plot. The impact of each feature
on POAF was presented as a SHAP value, which represents the
characteristic of deriving a marginal distribution and weighted
average by fixing all variables except one and predicting that
one to determine its importance (14). In the SHAP summary
plot, features are sorted in descending order by effect on
POAF, and each patient is represented by one dot on each
variable line. The horizontal location of each dot indicates
the level of association between the feature and outcome. The
area shown on the right side is the point where the SHAP
value is greater than zero. Variable-specific SHAP values >0
indicate increased risk.

For practical use in clinical practice, we eliminated variables
and developed a predictive model for POAF with the fewest

number of variables. We also leveraged Shiny, an application-
building package from R, which users can access gratis via a
public link. Our model was developed based on our observed
top five patient features. Using an estimated threshold for
probability, AUROC, accuracy, sensitivity, and specificity were
computed. For further validation, we generated a case-balanced
dataset within an internal dataset and also conducted an
external validation.

Statistical analysis

We compared differences between patients who developed
POAF following non-cardiac surgery and patients who did
not. Continuous features are presented as mean ± standard
deviation or median with interquartile range, and comparisons
were conducted by t-test or Mann-Whitney test, as applicable.
Categorical features are presented as number and percentage,
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and differences were evaluated using Chi-square or Fisher’s exact
test. Analysis was performed using R 4.1.0 (Vienna, Austria)1.

Results

Baseline characteristics and mortality

We excluded 1,923 patients with preoperative atrial
fibrillation. The baseline characteristics of patients with and
without POAF are presented in Table 1. Patients with POAF
were older, predominantly male, and had a higher incidence
of underlying disease. In patients with POAF, preoperative
hemoglobin level was significantly lower and creatinine level
was higher. Large differences in operative variables were
observed between patients with and without POAF (Table 2).

Predictive models for POAF

The SHAP summary plot for results of the XGB model
is shown in Figure 1, with features shown in descending
order of contribution to PAOF development. The horizontal
line comprised of dots presents variable effects on POAF.
Representing patient characteristics, SHAP values greater than
zero (presented on the right side) indicate increased risk, while
values on the left side indicate lower risk for POAF. The top five
variables with SHAP values greater than 0.1 were age (0.559),
lung operation (0.190), operation duration (0.154), history of
coronary artery disease (0.138), and hypertension (0.113).

To apply our findings to clinical practice, we eliminated a
number of variables in the predictive model, as the predictive
models based on 10 and seven variables showed similar power
(Supplementary Figure 1). Finally, we developed the predictive
model based on the top five variables, which is simpler and more
convenient for clinical use. A functioning version of the model
is provided online at https://sjshin.shinyapps.io/afib_predictor_
0913/ (Figure 2). When values for each of the top five variables
for target patients are entered, the probability for POAF is
shown as an output. An optimal threshold of probability in
this model was estimated based on the maximal Youden index
(Supplementary Table 2). We also estimated the correlation
matrix of the selected features (Supplementary Figure 2). They
were all below 0.2 except for the one between hypertension
and age, indicating that there was a correlation only between
hypertension and age among the top five variables. The receiver
operating characteristic curve of the model is shown in Figure 3.
Applying 0.1 as a threshold, the AUROC was 0.80 with a 95%
confidence interval of 0.78–0.81. Accuracy of this threshold was
0.95, with sensitivity and specificity values of 0.28 and 0.97,

1 http://www.R-project.org/

respectively. The F1 score was 0.222, and precision was 0.185.
In a case-balanced dataset, the AUROC was 0.77 with sensitivity
and specificity values of 0.85 and 0.68, respectively. The F1 score
was 0.785, and precision was 0.727.

External validation of the predictive
model

The external validation dataset consisted of 91,576 patients.
POAF developed in 1,977 (2.2%) patients, and 790 (0.9%)
required interventional treatments. Based on the top five
variables, our predictive model achieved an AUROC of 0.80
(0.78–0.81) in an external validation dataset (Figure 3). Using
the same threshold of 0.1, the sensitivity and specificity values
were 0.21 and 0.89, respectively.

Discussion

In this study, we used machine learning techniques with
an XGB algorithm to identify variables associated with POAF
requiring treatment in non-cardiac surgery and created a
predictive model. The incidence of POAF was 2.8%, and the
top five variables retained in our predictive model were age,
lung operation, operation duration, history of coronary artery
disease, and hypertension. Our predictive model achieved an
AUROC value of 0.80 (95% confidence interval 0.78–0.81) at a
threshold of 0.1.

Postoperative atrial fibrillation in non-cardiac surgery
is typically considered to be a transient and reversible
phenomenon of minor clinical significance. However, recent
studies have revealed that POAF in non-cardiac surgery is
associated with increased risk of long-term complications such
as ischemic stroke (15–17). In addition, some POAF patients
demonstrate instability in vital signs. Immediate treatment
to control heart rate or rhythm can be urgent for these
patients. In this regard, a predictive model for POAF requiring
interventional treatment can be useful in postoperative care.
Accordingly, we aimed to develop a predictive model that can
be used in non-cardiac surgery to identify potentially high-risk
patients and to adjust care and treatment at the individual level.

When applying artificial intelligence such as machine
learning techniques in a field of medicine, interpretability should
be primarily considered (18). We chose variables based on SHAP
feature importance, and those that were clinically explainable.
Age, which ranked as the first variable, has consistently been
reported as a predictor of POAF in previous studies (4, 5, 9).
This association is well-explained by age-associated structural
changes and fibrosis in the atrium that provide substrate for
arrhythmias (19). Another explanation could be the higher
incidence of cardiovascular comorbidities in older patients.
Comorbidities such as hypertension and coronary artery disease
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FIGURE 1

SHapley Additive exPlanations (SHAP) summary plot representing the results of a machine learning-based extreme gradient boosting (XGB)
algorithm.

are also used in our predictive model. In hypertensive patients,
the renin angiotensin aldosterone system and sympathetic
outflow are activated, resulting in left ventricular hypertrophy,
diastolic dysfunction, and atrial stiffness—all of which induce
atrial fibrillation (20). Coronary artery disease contributes
to POAF with a bidirectional relationship (21). The pro-
inflammatory condition of coronary artery disease can cause
myocardial inflammation exacerbated by a supply-demand
mismatch, which triggers atrial fibrillation by altering cardiac
conduction (22). In addition, myocardial infarction leads to left
ventricular remodeling that can predispose patients to atrial
fibrillation. Similar processes can occur in hypoxic patients, and

coronary artery disease might lower the threshold for POAF
development (10).

Among operative variables, thoracic surgery is well-known
to result in a high incidence of POAF, ranging from 6.4 to
19% in various patient samples (23, 24). The atrial stretching
induced by pulmonary vasoconstriction and local inflammation
of pulmonary veins can contribute to POAF (10). In thoracic
surgery, aspects of the procedure are known to affect the
incidence of POAF (24). According to our SHAP summary
plot, a short operation time had a definite negative impact on
POAF, but a long operation time did not have a clear positive
impact. Numerous studies have demonstrated that operation
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FIGURE 2

An online predictive model for postoperative atrial fibrillation.

duration is associated with postoperative outcomes (25), but an
association with POAF has rarely been reported. This might
be due to limitations in traditional regression models that
implicitly assume a linear relationship between each risk factor
and outcomes (26).

In the present study, XGB algorithms were used for
machine learning techniques to evaluate the broad spectrum of
non-cardiac surgical procedures with various diagnoses. XGB

algorithms are known for superior performance in comparison
to traditional algorithms and have been used to develop effective
prediction models in a wide range of applications (13). We
relied on SHAP feature importance based on Shapley values
because they are computationally fast and have good theoretical
properties (14). A Shapley value is defined as the average
marginal contribution of a feature across all possible feature
coalitions. Under this definition, Shapley values are affected by
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FIGURE 3

Receiver operating characteristic curve of the predictive model for postoperative atrial fibrillation in (A) original and (B) external validation
datasets.

incidence, and the positions of dots on the y-axis should be
considered in interpreting SHAP summary plots. Our results
show the relatively low importance of valvular heart disease,
which is a well-known risk factor for POAF (27), and this
might be related to the low prevalence of valvular heart
disease in our cohort. Traditional methods can ignore complex
relationships among a large number of risk factors with non-
linear interactions (26). By applying an advanced model that
considers multiple risk factors, we aimed to overcome the
conventional drawbacks of traditional statistical models.

An additional strength is that our predictive model can
be applied widely. It was based on heterogeneous patients
undergoing a broad spectrum of surgical procedures, and the
generated model was further validated with an external dataset.
In the external validation, our model achieved similar predictive
power, despite lower incidence of POAF. The incidence of
POAF has been reported to vary widely in previous studies,
and our results suggest that our model can be applied in
groups of patients with different characteristics. Furthermore,
our predictive model is available to the public for further
verification or clinical application.

Study strengths and limitations

There are several study limitations that need to be
considered. First, due to the nature of the retrospective data,
causality cannot be confirmed in the current study. Moreover,
we could not evaluate the difference between self-limited POAF
and POAF requiring intervention due to the nature of the
dataset. The presence of underlying disease as variables was

all self-reported. Second, perioperative care was not controlled
during the long period of study. Despite the presence of an
institutional protocol based on current guidelines, decisions
were often made at the discretion of attending clinicians. Third,
we cannot generalize our results to other patient groups due to
the limitations of a single-center study, and ethnic differences
were not considered. In addition, our model could not be
compared with pre-existing predictive models for POAF in
cardiac surgery because our study aimed to develop a predictive
model in non-cardiac surgery. Detailed preoperative cardiac
evaluations, including findings such as left ventricular ejection
fraction or coronary artery angiograms, were not available for
all patients in our sample. Fourth, the causality-based feature
selection is not guaranteed in our model. To be specific, SHAP
values are a measure of the importance of a feature related to the
model which is different from the importance of a feature for the
outcome. Last, factors retained in our model were mostly non-
modifiable, and additional prevention or treatment strategies
could not be established. Despite these limitations, this is the
first study to identify risk factors for POAF in non-cardiac
surgery using a machine learning algorithm and a proven
predictive model.

Conclusion

Using five variables identified by machine learning
techniques, we developed a predictive model for POAF
requiring treatment with good predictive power in patients
undergoing non-cardiac surgery. The predictive model is
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available online, with the model in need of further verification
among other populations.
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Cardiovasculares (CIBERCV), Madrid, Spain

Pulmonary vein isolation (PVI) is the most successful treatment for atrial fibrillation
(AF) nowadays. However, not all AF patients benefit from PVI. In this study, we
evaluate the use of ECGI to identify reentries and relate rotor density in the
pulmonary vein (PV) area as an indicator of PVI outcome. Rotor maps were
computed in a set of 29 AF patients using a new rotor detection algorithm. The
relationship between the distribution of reentrant activity and the clinical outcome
after PVI was studied. The number of rotors and proportion of PSs in different atrial
regions were computed and compared retrospectively in two groups of patients:
patients that remained in sinus rhythm 6months after PVI and patients with
arrhythmia recurrence. The total number of rotors obtained was higher in
patients returning to arrhythmia after the ablation (4.31 ± 2.77 vs. 3.58 ± 2.67%,
p = 0.018). However, a significantly higher concentration of PSs in the pulmonary
veins was found in patients that remained in sinus rhythm (10.20 ± 12.40% vs. 5.19 ±
9.13%, p = 0.011) 6 months after PVI. The results obtained show a direct relationship
between the expected AF mechanism and the electrophysiological parameters
provided by ECGI, suggesting that this technology offers relevant information to
predict the clinical outcome after PVI in AF patients.

KEYWORDS

atrial fibillation, ECGI, pulmonary vein isolation, clinical outcome, rotors

1 Introduction

Pulmonary vein isolation (PVI) is the most successful treatment for atrial fibrillation (AF)
nowadays. Disoite this, 62 months after the intervention only 59% of patients remain free from
AF (Kis et al., 2017). The main reason explaining this poor management of AF is the lack of
understanding behind the mechanisms that originate and maintain this arrhythmia.

In the last years, many theories supporting localized drivers as the cause of atrial fibrillation (AF)
have gained relevance (Guillem et al., 2016; Narayan et al., 2012). Rotors, or functional reentries, are
a well-described type of local driver consisting in rotational activation patterns that perpetuate an
asynchronous electrical propagation in the heart. Rotors have been theorized and implemented in
many in silico models (Rodrigo et al., 2017a), as well as observed in vitro. However, their
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identification in the clinics remains elusive. Several factors may hamper
rotor identification in the EP lab, like their movement in the atria or the
presence of transmural reentrant circuits. However, themain limitation to
be faced nowadays is technological. Current sequential mapping systems
do not allow for global characterization of the atria, making the
identification and tracking of rotors very challenging.

Electrocardiographic Imaging (ECGI) is a non-invasive mapping
technology that allows panoramic visualization of the atria, posing it
as an interesting tool to understand the presence of rotors in the
pulmonary veins (PPVV). This understanding may help to stratify
non-invasively patients that may benefit from PVI from those who
will return to arrhythmia after the intervention, saving resources and
minimizing unnecessary risks for some patients. The most extended
methodology used nowadays to localize rotors using ECGI is based on the
detection of phase singularities (PSs) in phase maps (Li et al., 2020;
Rodrigo et al., 2017b; Molero et al., 2021). Many strategies have been
developed so far to identify PSs automatically (Li et al., 2020). However,
the lack of standardized postprocessing techniques to identify PSs in phase
maps obtained from ECGI and technological limitations associated to
ECGI validation have raised skepticism on the use of phase maps and
confusion about the electrophysiological interpretation of phase
singularities (PS) (Podziemski et al., 2018; Cluitmans et al., 2018).

In this context, the main objective of this article is to develop and
validate a methodology to identify reentries in AF patients using ECGI
data. Additionally, the capacity of ECGI to find differences between
patients in which the pulmonary veins region plays a relevant role in
the maintenance of AF, and those in whom other atrial zones could be
responsible of AF maintenance was studied.

2 Materials and methods

2.1 Study population

The data acquisition protocol used in this study was approved by
the ethics committee of Hospital Gregorio Marañón, Madrid, Spain
(reference 475/14) and all patients provided informed consent of the

procedure. A total of 29 AF patients participated in the study with a
subpopulation of 7 men and 22 women (mean age of 62.63 ± 14.26).
The number of patients presenting paroxysmal and persistent AF
numbered 16 and 13, respectively. Antiarrhythmic drugs were taken
by a set of 6 patients before PVI procedure (for more details, see
Table 1).

Patients were split into 2 groups attending to their clinical outcome
6months after PVI. Those who remained in sinus rhythmwere labelled as
“Non-recurrence” patients (n = 15) and those that presented any kind of
arrhythmia (i.e., AF or Atrial flutter) were classified as “recurrence” (n =
14). Clinical validation of the cardiac rhythms 6 months after the
procedure was performed with a standard 12 lead ECG and quality-
of-life questionnaires (Molero et al., 2021).

2.2 Ablation and electroanatomical mapping

Circumferential PVI was performed in all 29 patients point by point
using irrigated catheters (Cool-Flex/TactiCath/Sapphire-Blue, St. Jude
Medical). Energies ranging 25–35W were delivered via conventional
ablation in both pairs of pulmonary veins. Additionally, FIRMap 64-poles
mapping catheters were consecutively placed in the right and left atrium
for 3-dimensional electroanatomic imaging (NavX, St. Jude Medical).
Cather placement was achieved via vein access through the femoral vein
reaching the right atrium and later to the left atrium through transeptal
punction. In patients arriving in sinus rhythm electrical burst pacing was
used to induce AF (Rodrigo et al., 2020).

2.3 Data acquisition and preprocessing

Body Surface Potential Maps (BSPM) were recorded in all the
patients during AF right before circumferential PVI. A set of
57 electrodes were employed to record the signals. The acquisition
and preprocessing protocols employed in this study were already
presented previously (Molero et al., 2021; Rodrigo et al., 2020). As an
overview, BSPM signals were recorded with a 1 kHz sampling

TABLE 1 Description of the population used in the study.

All patients (n = 29) Non-recurrence (n = 15) Recurrence (n = 14)

Male (%) 7 (24.14%) 6 (40.00%) 1 (7.14%)

Age (Years) 62.63 ± 14.26 58.13 ± 15.06 64.57 ± 13.18

Paroxysmal AF (%) 16 11 (73.33%) 5 (35.71%)

Valvuloplasty (%) 14 8 (53.33%) 6 (42.86%)

Medical Therapy Beta-blockers 1 1 0

Flecainide 1 1 0

Amiodarone 6 3 3

Medical Therapy After Ablation Beta-blockers 15 5 10

Flecainide 2 2 0

Amiodarone 12 5 7

Patients with Previous Ablation 27 (93.10%) 14 (93.33%) 13 (92.86%)

Ablations Per Patient 1.14 ± 0.51 1.13 ± 0.52 1.14 ± 0.53
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frequency and filtered using a 0.05–500 Hz bandpass filter. The
geometry of the torso and electrode positions were determined
using photogrammetry and the anatomy of the atria was
segmented from MRI/CT images. A total of 57 segments with
similar durations (4.06 ± 0.311 s) were included in the analysis.
Additionally, other 57 segments were recorded during adenosine
injection in order to compare the clinical results obtained from
adenosine-free signals (see Supplementary Material S1). Regarding
signal processing, the baseline was removed using a low-frequency
polynomial fitting. The signal was then filtered using a 10th
Butterworth band-pass filter with cut-off frequencies of 2 and
45 Hz. In order to remove the ventricular activity, QRS
cancellation was performed following a temporal PCA separation
approach (Castells et al., 2005). The inverse problem was then
computed using the boundary element method formulation, and
zero-order Tikhonov regularization with L-curve optimization
methods for matrix inversion. Once the 3D voltage maps were
obtained, these were transformed into 2D squared images using a
Teichmüller external mapping approach, guaranteeing a uniform
conformal distortion of the 3D point cloud surface (Meng et al.,
2016) (See Supplementary Material S1 for more information). Finally,
phase maps were computed from 2D voltage maps by means of the
Hilbert transform.

2.4 Rotors and phase singularities detection

The details on the proposed rotor detection algorithm are
explained in Supplementary Material S1 but the general workflow
of the algorithm is described in this section. The first stage on the
detection algorithm consists on the identification of the center of
rotation of rotors, namely phase singularities (PSs), on a given time
instant. In this study, PS are defined as locations in the atria
surrounded by the whole activation cycle, or equivalently, the full
range of phases [-π,π] obtained by applying the Hilbert transform on
inverse computed electrograms. PSs are identified by the topological
charge (Bray and Wikswo, 2002). Then, PSs non-complying with a
gradual spatial progression of phases between -π and π in their
surroundings (Rodrigo et al., 2017b) were discarded. After having
identified PSs we then connect them spatiotemporally into rotors and
through filaments in order to both discard transient PSs that appear
for a short period of time most likely corresponding to changes in
direction of the propagation front- and connect PSs whose tracking is
transiently lost. Rotors filaments were then dilated using a prism-
shaped kernel in the direction of the trajectory, and skeletonized in
order to cluster and identify the trajectories. Finally, the number of
turns is quantified in each rotor and PSs belonging rotors that spin for
less than a given number of turns are discarded for further analysis.

2.5 Rotor metrics and clinical outcome study

Two different parameters were calculated to study the relationship
between the detected reentrant activity, and the clinical outcome of the
patients after PVI. The first parameter was the number of rotors or
clusters in the whole atria per unit time. The second set of parameters
was the percentage of PSs at 9 different atrial regions. This percentage
was calculated as the number of PSs detected at a particular atrial
region over the total number of PS detected. After clustering PSs into

rotors, the mentioned metrics were obtained in two different
conditions: Considering all the detected rotors and PS, or keeping
only those rotors (and correspondent PSs) that spin for at least 1 turn.
These two implementations were applied to recordings obtained with
and without adenosine injection. Finally, Mann-Whitney U test was
used in order to compare the number of rotors detected in ‘Non-
recurrence’ and “Recurrence” groups. The same test was used to study
statistical differences in the percentage of PS obtained in the 9 different
atrial regions. An independent test was used to evaluate differences
between ‘Recurrence’ and “Non-recurrence” groups in each region
using only values obtained from different recordings, assuring in this
way, independency between samples.

2.6 Validation dataset

The proposed methodology for rotor detection in ECGI data was
evaluated both, using recordings from patients and simulated data.
Specifically, two mathematical models with well-defined location of
reentries were employed. To identify the reentries maintaining the
arrhythmia, we performed a virtual ablation in the middle of the
fibrillatory episode. Then we solved the inverse problem and applied
the rotor detections algorithm presented in this study to compare the
pre- and post-ablation scenarios (see Supplementary Material S1 for
further details on the simulations).

Regarding the validation in patients, a dataset of 9 ECGI segments
where reentrant patterns could be visually identified were selected
from the main database of patients. The algorithmwas applied in these
recordings in order to detect rotors, which were blindly labelled in the
validation dataset according to two conditions: rotors spin for at least
1 turn and there was linear progression of the phase around the
detected singularities. These conditions were visually checked by the
operator labelling the data. The detected and manually labelled set of
detections were then compared.

2.7 Evaluation metrics

The performance of the algorithm was evaluated using the
precision (P) and recall (R), defined in Eqs 1, 2:

P � TP

TP + FP
(1)

R � TP

TP + FN
(2)

Where TP are the true positive detections, FP the false positive and FN
the false negative. Precision (P) is a measure of how much the
proposed algorithm overestimates the presence of PSs. On the
other hand, recall (R) measures how often PSs are undetected. All
the PSs detected within a tolerance distance of 5 mm from a manually
labelled PS were considered true positives. In contrast, false positives
were annotated when more than one PS was detected in the 5 mm
surrounding area of a labelled PS. False negatives were identified as the
absence of any detected PS withing a 5 mm distance from a labelled PS.
In order to include the precision and recall information in only one
parameter, the Fβ score was also computed [5] (see Eq. 3). This
parameter allows to weight the relevance of the precision and recall in
the final score through the constant β. In this study the same value
presented in the literature of β = 2 was used for better comparison.
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Fβ � 1 + β2( ) · P · R
β2 · P + R

(3)

Finally, the regional accuracy of the algorithm was also evaluated.
For that, the atrial geometries of all the patients were divided into
9 different regions depicted in Figure 3. The number of PS manually
labelled in the validation data set was then compared to the number of
PS detected by the algorithm in every region. The mean absolute error
between these two quantities and the relative error were calculated.
This last was defined as the ratio between the mean absolute error and
the mean number of PSs labelled in each region.

3 Results

3.1 Validation of the rotor detection algorithm
in simulations

The simulated AF episodes are illustrated in Figure 1. In the first
AF episode (Figures 1A–C), a reentry driving the arrhythmia was
localized near the left pair of PPVVs. In Figures 1A, B the
transmembrane potentials of two different pre- and post-ablation
instants in this episode are presented. The reentry was identified in
ECGI signals by using our rotor detection algorithm after forward and
inverse propagations. The rotor histograms summarizing the whole
reentrant activity in the pre-ablation period is shown in Figure 1B. We
can observe how most of the reentrant activity is located near the left
pair of pulmonary veins. A virtual ablation in the PPVV area was able
to stop the arrhythmia (Figure 1C). In contrast, in the second episode

(Figures D–F) reentrant activity is spread throughout different atrial
locations far from the PPVV. When applying PVI, the electrical
activity is prevented from entering in the PPVV area and the
dynamics of the arrhythmia are modified (see Figure 1F). However,
PVI is not able to eliminate rotors present in the right atrial posterior
wall, leaving some pro-arrhythmic mechanisms intact outside the
PPVV and, thus the arrhythmia is not terminated.

3.2 Validation of the rotor detection algorithm
in patients

In Figure 2A the global recall, precision and F-score values

obtained for all the recordings in the validation dataset are

represented. The mean F-score, precision and recall values of all

these recordings were 0.84, 0.84 and 0.85 respectively. The lowest

recall was found in recording 3 with a value of 0.66, and the lowest

precision was found in the recording number 5 with also a value of

0.66. In Figures 2B, C a comparison of the rotor histograms obtained

in two different recordings are presented: recording 9 with a high recall

value (0.87), and recording 3 with a low value (0.66). In this example, it

is shown how, in spite of missing some of the reentry areas (mostly in

the right pair of PPVV), a map with very similar locations of the main

reentrant activity is obtained.
The accuracy of the algorithm was also evaluated regionally. The

proposed division for the atria is shown in Figures 3A, B. Regarding
the local accuracy in each of these regions, the mean number of
detected and annotated PSs along with the mean absolute error

FIGURE 1
Information about simulations 1 and 2 is presented in the first and second panel rows. Panels (A, D) show the simulated action potentials in an instant
previous to the ablation, while panels (B, E) show the action potentials after ablation. In (C, F), ECGI-derived rotor histograms of the pre-ablation periods are
shown.
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between these twomagnitudes are presented in Figure 3E. In general, it
can be observed a good correspondence between the annotated and
detected PSs with a mean absolute error of 7.9 PS across all the regions.
The areas with higher absolute errors were the RB (23,22 PSs) followed
by the LB (18,11) which are also the largest regions in the proposed
atrial segmentation. Regarding the relative error, it ranged between 0%
and 67% with a mean value of 16.11%. The SVC is the atrial structure
with lower relative error and RAPP the one with the largest. The
distribution of the relative errors in the rest of atrial regions is
presented in Figures 3C, D.

3.3 Relation between rotors and PVI outcome

In Figure 4 the number of rotors per second obtained in the whole
atrium is presented for both studied groups: patients that remained in
sinus rhythm and patients that returned to arrythmia 6 months after

PVI (AF-recurrence). The number of rotors was quantified in two
different ways: including all the rotors detected (any turns, Figure 4A)
and discarding those rotors spinning for less than 1 turn (Figure 4B).
Patients with an unsuccessful PVI had more rotors in the whole atria
than patients remaining in sinus rhythm 6 months after the ablation.
This difference was more noticeable when all the rotors detected were
considered in the analysis, median values 54.83 ± 10.43 vs. 70.92 ±
27.77 (p < 0.01, Figure 4A). However, when keeping only rotors that
spin for at least 1 turn, the difference is still preserved although the
significance lowers down (3.59 ± 2.67 vs. 4.31 ± 2.78, p < 0.05,
Figure 5B).

In both groups, higher concentrations of PS are found in the
regions located in the left atria. This result is in line with the general
belief that most of the initiation mechanisms of AF are present in the
left atrium. In a regional level, a larger proportion of PS in the PPVV
was always found in the non-recurrence group. This last finding is
expected given the assumption that the mechanisms driving AF are

FIGURE 2
(A) Recall, precision and F-score values obtained in the validation dataset. (B,C), Manually labelled and automatically detected rotor histograms obtained
from recordings 9 (top) and 3 (bottom) respectively. The recall, precision and F-score values calculated in recording 9 were 0.87, 0.92, and 0.87 while the
recall, precision and F-score values of recording 3 are 0.66, 1, and 0.7 respectively.
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more frequently located in the PPVV in patients with a successful
PVI. This difference is presented in Figure 5B for stable reentries,
that is, reentries spinning for at least 1 turn (10.20 ± 12.40 vs. 5.19 ±
9.13, p > 0.05), but also in Figure 5A where all the PS detected are
included in the analysis. The statistical differences obtained in the
different atrial regions are presented in Figure 5C, where it is shown
that the PPVV and LAPP areas are the only areas presenting p-values
lower than 0.05.

When considering all the PSs and not only those completing a full
rotation, sudden wavefront direction changes due to conduction block
areas, wavefront collisions or partially detected transmural reentries
may be detected as PS. These factors may be indicators of the
complexity of the arrhythmia and the underlying atrial substrate.
However, also far field artefacts may be detected as PSs and included in
the analysis. Under these conditions, it is interesting to remark that the
same regions presenting statistically significant differences in the

FIGURE 3
(A) and (B) Illustration of the regional anatomical division of the atria; (C) and (D) relative errors obtained in each of the atrial regions; (E)Mean number of
annotated and detected PSs in different atrial regions across the validation dataset. The mean absolute error between these twomagnitudes is also presented
in black.

FIGURE 4
Number of rotors obtained in all the patients: In blue are represented patients staying in sinus rhythm (No recurrence) and in orange patients returning to
arrhythmia 6 months after PVI (Recurrence). The number of rotors was calculated in the whole atria in two different scenarios regarding the number of turns
used to filter the PS: (A) Number of rotors obtained without any turn filtering; (B) Number of rotors spinning for at least one turn.
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proportion of PS remained, including the PPVV (10.13 ± 5.47% vs.
6.81 ± 6.71%, p < 0.05) and LAPP, being the proportion of PS larger
again in the non-recurrence group of patients.

4 Discussion

In this study, a rotor detection algorithm was presented and
validated. Additionally, a higher prevalence of PS prevalence in the
PPVV area in patients with a favorable outcome after PVI was found
with this algorithm. This finding suggests that the identified reentrant
activity is linked with the mechanism sustaining AF.

4.1 Algorithm evaluation

In terms of global performance, the use of simulations showed a
precise localization of the main reentrant activity during AF as well
as a mechanistic explanation on why PVI works in the first
simulation, with a localized reentry in the PPVV area, and not
in the second, with multiple spread drivers. Regarding labelled data
coming from AF patients, it was found that the F-score value
obtained (0.84) outperforms other algorithms presented in the
literature. A closely related study in this regard is (Li et al.,
2020), where the same definitions of precision, recall and
F-score values were used. In this study, 4 different rotor
detection algorithms were tested in 2D geometries obtaining
F-scores values ranging between 0.527 and 0.831. Similarly,
these algorithms were validated in non-invasive ECGI phase
maps obtained from AF patients, where the presence of rotors
was manually labelled by an operator.

The performance of our algorithm was also evaluated locally in
9 different regions. The mean discrepancy present in all areas between
the detected and annotated PSs was 16.11%. An abnormally high
relative error in the RAPP region (67%) was observed. The origin of
this high error must be related to the low number of PSs detected in the
RAPP. This factor increases the effect of miss detections in the relative
error value.

4.2 ECGI in the detection of AF sources

The existence of well localized mechanism driving AF has been
reported by means of invasive and non-invasive mapping techniques
(Narayan et al., 2012; Haïssaguerre et al., 2006; Gao et al., 2019). This
finding has justified the use of personalized driver-specific ablation
strategies to terminate AF. In this line, Narayan et al. (2012) showed
that focal impulse and rotor modulation ablation (FIRM), in
combination with PVI, had a higher successful rate in long-term
AF termination than standard PVI alone. Haissaguerre et al. (2014),
also tried a similar ablation strategy, but this time obtaining the
cumulative maps of focal and reentrant activity from ECGI
mapping. They guided ablation in 103 patients with persistent AF
demonstrating that the mean ablation time can be reduced guiding the
procedure with non-invasive ECGI mapping. Furthermore, a higher
degree of fractionation in reentry areas identified with ECGI was
found, providing clinical evidence of the detections.

In spite of the clinical evidence showing the potential advantages
of a personalized ablation strategies, the positive results obtained in the
mentioned studies have not been reproducible. A possible reason for
this may be the lack of robustness of the overall approach and a
dependence on the operator expertise to determine what is a reentry.

FIGURE 5
(A,B) Proportion of PSs per second detected in different regions in each studied group: in blue is presented the data from patients that remained in sinus
rhythm 6 months after ablation (Non-recurrence), and in orange patients that returned to arrhythmia (Recurrence). In panel (A), are presented the results
obtainedwhen all the reentries are considered in the analysis. In panel (B), the same results are shown, when only the reentries lasting formore than 1 turn. The
distribution of the statistical p/values obtained for each regions are presented din panel (C).
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In our pipeline, we include a full methodology that allows to remove
the human factor by automatically computing the number of turns of
the rotors and filtering the PSs with no linear progression of phases in
their surroundings.

4.3 PS detection and rotor tracking with ECGI

We have already developed automatic PS detection methods for
ECGI in the past. Specifically, Rodrigo et al. (2017b), Rodrigo et al.
(2017a) proposed a methodology to detect reentries directly on 3D
atrial meshes. There, PS were detected at nodes in which the full range
of phases [-π,π] was observed in their surroundings. Additionally, the
spatial progression of the phases was checked to be ‘linear’ around
each PS. The resultant PS were then tracked to obtain filaments or
rotors by imposing a radius distance criterium. This methodology was
validated in AF simulations.

Other studies have proposed to detect reentries by means of local
activation time (LAT) mapping (Vandersickel et al., 2019; Rogers
et al., 1999). However, this approach is hardly transferable to ECGI
during AF since there is no consistent method for detecting LATs in
ECGI signals during AF. Some challenges causing the lack of standard
methods are the inherent spatial smoothing present on ECGI
electrograms and the presence of remaining far-field artifacts
leading to loss of tracking of PSs that needs to be corrected. In this
context, phase mapping has been postulated as an alternative way to
detect reentries in ECGI (Haissaguerre et al., 2013; Dhillon et al.,
2021). Phases provide equivalent information about the electrical
propagation encoded in the low-frequency content of the signals
with no need for LAT detection. Given the exposed advantage, we
decided to stick to a phase-mapping based approach, but updating our
methodology according to the results obtained in (Li et al., 2020). In
this work, algorithms based on topological charge, a metric closely
related to the curl of the electrical propagation, presented the highest
performance for PS detection. In addition, around the PSs obtained
from topological charge, a checkup of linearity in the surrounding
phases was included. This feature overcomes the presence of false
positive PS at locations with complex or fractionated signals (Rodrigo
et al., 2017b). Additionally, we perform PS detections in a 2D domain
in order to speed up the calculations. For that, we use a transformation
that assures a homogeneous distribution of nodes in the atria, and
provides a direct transformation of the data to a 2D grid, where we can
efficiently track rotors. Furthermore, having a homogeneous
disposition of nodes is also very convenient in some steps of our
methodology like phase linearity checking around PSs, or counting the
number of turns per rotor. Other 2D-3D transformations, such as the
universal atrial coordinates (UAC) system have been proposed in the
past (Roney et al., 2019). However, our methodology is better suited
for our purpose than UAC. First, our transformation is fully automatic
and does not require from manual landmark placement. Additionally,
UAC was conceived for data transferring between different patients
and does not result in a uniform grid with preservation of distances in
the original mesh.

The methodology for rotor tracking was also updated in this
study. It consists in combining neighbor voxels containing a PS
into filaments. The methodology is completely based in image
processing operations such as voxel dilation and skeletonization
which present two main advantages with respect to the previous
approach. The first one comes from the efficiency of convolutional

operations such as dilation or skeletonization performed on image
stacks. The second one is about specificity. Our tracking algorithm
is more specific when combining PS into rotors than imposing a
radius around each PS in space. This is because a prism-shaped
dilation kernel is applied following the direction of the trajectory of
the rotor at each voxel, preventing the algorithm from
combing independent filaments together that eventually get too
close in space. A similar methodology was applied in (Clayton and
Holden, 2004), where filaments in simulated ventricular fibrillation
episodes were created by linking together voxels in a 3D space. In
contrast with our algorithm, the method used in Clayton et al.
uses a grassfire algorithm instead of dilation and skeletonization
operations to obtain filaments. This approach has the advantage
that no kernel needs to be specified like in our approach,
however the computational time needed to run it is higher.
Finally, another important difference between our method and
the one employed by Clayton et al. is that we count the number of
turns of each rotor by taking into account the surround phases of
the filament. This last step allows us to filter out rotors with a low
number of turns.

4.4 Non-invasive atrial substrate evaluation in
AF patients

The results obtained in this study suggest that ECGI provides
relevant information about the functional state of the atria in AF
patients. In a prior study we already related the stability of rotor-
derived metrics with ablation outcome (Molero et al., 2021) while we
could not relate the location of these rotors with the success of PVI, in
the same line as other studies (Dhillon et al., 2022). In this study we
have developed a new methodology for rotor tracking that allows for a
more restrictive definition of a rotor, specifically suited for analysis of
ECGI data, a context with low spatial resolution and loss of tracking
due to remaining far-field components. In addition to the
methodological differences for PS detection and rotor tracking
explained in the previous section, we also explored regional
differences in the presence of reentries. For that purpose, we
divided the atria in 9 different areas where the prevalence of
reentries was estimated as the percentage of PS. Additionally, we
computed a different global parameter, the total number of rotors
detected in the atria per unit time.

Regarding the number of rotors per second found in the atria, a
larger number was detected in the recurrence group, reflecting a
possible higher complexity of the electrical activation patterns in
patients with poor PVI outcome. This finding is in concordance
with the reproducibility results obtained by Molero et al. A
possible explanation supporting this findings is the detection of
changes in the direction of wavefronts as PS. Relative to this,
Podziemski et al. (2018) stablished a relationship between PSs
obtained from phase maps and spots of conduction block. In this
way, recurrence patients with a higher prevalence of complex atrial
substrate may have more conduction block spots that produce this
effect. Another explanation is the detection of hidden transmural
rotors where only part of the rotor cycle is visible in the epicardium. In
this regard, Clayton and Holden. (2004) observed in in silico
simulations of ventricular fibrillation (VF) that only 65% of
reentries touched the epicardium and most of them for less than
one cycle.
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In addition to factors that are actually related to the dynamics
and complexity of the arrhythmia, the presence of far field artefacts
and the limited spatial resolution reduce the accuracy of ECGI to
provide the exact location of reentries. In this scenario,
postprocessing algorithms employed on top to the ECGI signals
are of great importance to detect rotors robustly. Indeed, some
studies quantifying the amount reentries in the PPVV have found
a great overlap between recurrence and non-recurrence AF patients
using CardioInsight system (Dhillon et al., 2022; Gao et al., 2019), In
our study, we also observed how the number of rotors overlapped
between the studied groups. However, with our methodology, in
contrast with the previous ones, we obtained statistically significant
differences in the number of rotors and the proportion of phase
singularities in the PPVV. In Figure 6 it can be observed how when
keeping only PS with a linear progression of phases in their
surroundings, the areas showing a high prevalence of reentries
shrinks down. In this example, red areas of high PS prevalence
outside the roof of the atria are removed, keeping only a small core.
This filtering has therefore an effect on the percentage of PS
calculated in the different areas. When comparing these
percentages in the recurrence and non-recurrence group of
patients with no filtering strategy, we see how all the statistical
differences observed with our post-processing algorithm disappear,
with a p = 0.579 in the PPVV. This observation highlights the

importance of the methodology to observe differences in the
reentrant activity when comparing recurrence and non-recurrence
AF patients after PVI.

Finally, a higher prevalence of PSs in the PPVV area was quantified
in patients with a favorable outcome after PVI. According to our results,
the application of a threshold of one turn enhances the differences in the
prevalence of PSs in the PPVV area as compared to other regions. In this
regard, it was observed how the significant difference found in the LAPP
obtained when including all the PS in the analysis (no turn filtering), was
reduced when only PS belonging to long-lasting rotors (1 turn or more)
are included in the analysis. A possible explanation for this reduction is
the role of the LAPP as an anatomical obstacle, leading to direction
changes in the propagation of wavefronts that do not cover an entire
turn. In this way, the application of a threshold of 1 turn seems to reduce
the relevance of this secondary patterns in the analysis, enhancing the
importance of the mechanisms present in the PPVV. Additionally, this
analysis was also performed during adenosine injection (see
Supplementary Material S1). Adenosine is a drug that stops the
ventricular activity, providing a more favorable scenario for the
inverse problem. Again, similar tendences and significant differences
in the proportion of phase singularities were found between the studied
groups. The coherence in the results obtained under different filtering
and adenosine conditions suggest that the presented approach is robust
against far field artefacts coming from the ventricular activity.

FIGURE 6
(A,B) PS histograms with and without filtering. (C) Percentage of PSs found in all the different atrial regions when no filtering strategies are applied. No
statistically significant differences are observed.
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4.5 Clinical implications

The efficacy of PVI in AF patients decreases as the disease
progresses due to the higher complexity and variety of mechanisms
involved in the arrhythmia (Haïssaguerre et al., 2006; Haissaguerre
et al., 2014). This progression leads to a lower success of PVI in
patients with an advanced disease. In this study, we observed that the
prevalence of reentries measured as singularity points in non-invasive
phase mapping is a predictive factor of the clinical outcome of patients
undergoing PVI. Therefore, this finding can help clinicians to stratify
patients non-invasively before any electrophysiological study, saving
in this way resources and reducing risks for patients who will not
benefit from PVI.

4.6 Limitations and future work

Some of the characteristics of the dataset employed, such as the large
prevalence of previous ablations or valvuloplasties are very particular of
our population. Additionally, due to the lack of a standardized gold-
standard in rotor detection with ECGI technology, we have opted for
manually labelling ECGI data, which may somehow bias our results. In
the future, we plan to continue the validation of the algorithm presented
in this study, by comparing the locations of reentries to low voltage areas
obtained with electroanatomical mapping.

5 Conclusion

In this study we have shown that ECGI allows detecting the spatial
dominance of the reentrant activity at different atrial regions during
AF episodes. A higher concentration of PSs in the PPVV was found in
those patients that remained in sinus rhythm 6 months after PVI,
showing a direct relationship between the expected AF mechanism
and the electrophysiological parameters provided by ECGI.

The results of this study may help in the future to predict which
patients will benefit from a PVI procedure. Furthermore, we have
shown that the approach employed is robust and valid for non-
invasive applications like personal AF studies or patient stratification.
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Exploring interpretability in deep
learning prediction of successful
ablation therapy for atrial
fibrillation

Shaheim Ogbomo-Harmitt, Marica Muffoletto, Aya Zeidan,
Ahmed Qureshi, Andrew P. King and Oleg Aslanidi*

School of Biomedical Engineering and Imaging Sciences, King’s College London, St Thomas’ Hospital,
London, United Kingdom

Background: Radiofrequency catheter ablation (RFCA) therapy is the first-line
treatment for atrial fibrillation (AF), the most common type of cardiac arrhythmia
globally. However, the procedure currently has low success rates in dealing with
persistent AF, with a reoccurrence rate of ~50% post-ablation. Therefore, deep
learning (DL) has increasingly been applied to improve RFCA treatment for AF.
However, for a clinician to trust the prediction of a DL model, its decision process
needs to be interpretable and have biomedical relevance.

Aim: This study explores interpretability in DL prediction of successful RFCA
therapy for AF and evaluates if pro-arrhythmogenic regions in the left atrium
(LA) were used in its decision process.

Methods: AF and its termination by RFCA have been simulated in MRI-derived 2D
LA tissue models with segmented fibrotic regions (n = 187). Three ablation
strategies were applied for each LA model: pulmonary vein isolation (PVI),
fibrosis-based ablation (FIBRO) and a rotor-based ablation (ROTOR). The DL
model was trained to predict the success of each RFCA strategy for each LA
model. Three feature attribution (FA) map methods were then used to investigate
interpretability of the DL model: GradCAM, Occlusions and LIME.

Results: The developed DL model had an AUC (area under the receiver operating
characteristic curve) of 0.78 ± 0.04 for predicting the success of the PVI strategy,
0.92 ± 0.02 for FIBRO and 0.77 ± 0.02 for ROTOR. GradCAM had the highest
percentage of informative regions in the FA maps (62% for FIBRO and 71% for
ROTOR) that coincided with the successful RFCA lesions known from the 2D LA
simulations, but unseen by the DL model. Moreover, GradCAM had the smallest
coincidence of informative regions of the FA maps with non-arrhythmogenic
regions (25% for FIBRO and 27% for ROTOR).

Conclusion: The most informative regions of the FA maps coincided with pro-
arrhythmogenic regions, suggesting that the DL model leveraged structural
features of MRI images to identify such regions and make its prediction. In the
future, this technique could provide a clinician with a trustworthy decision
support tool.
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atrial fibrillation, catheter ablation, medical imaging, cardiac modelling, deep learning,
interpretability
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1 Introduction

Atrial fibrillation (AF), the rapid, uncoordinated contraction of the
atria, is a heart condition that affects 33 million people
worldwide—making it the most common type of cardiac arrhythmia
globally (Hart and Halperin, 2001; Chugh et al., 2014). Currently, the
precise mechanisms of AF are unclear. However, there is evidence that
ectopic electrical beats originating from the pulmonary veins (PVs) can
trigger AF (Chen et al., 1999). The triggers can then generate re-entrant
drivers (rotors) that sustain AF, and spatial fibrosis distributions in the
left atria (LA) have been demonstrated to facilitate such drivers
(Morgan et al., 2016; Roy et al., 2020). A common treatment for AF
is radiofrequency catheter ablation (RFCA) therapy. RFCA involves
using induced heat from a rapidly alternating current in a catheter to
ablate (isolate or destroy) the arrhythmogenic area of atrial tissue that
harbours triggers or rotors, thus restoring sinus rhythm and the
mechanical function of the heart (Townsend and Sabiston, 2001).
Presently, the success rate of RFCA is ~70% for paroxysmal
AF—which is relatively high (Oketani et al., 2012). However, the
procedure is much less successful when dealing with persistent AF,
which has a reoccurrence rate of ~75% post-intervention. Therefore,
with the high reoccurrence rate of AF, there is a need for improvements
within (Wang et al., 2017; Yubing et al., 2018).

Image-based computational modelling has been used to
understand the structure-function relationship that determines
re-entrant atrial drivers for AF with the aim of improving RFCA
outcomes. As a result, computational methods have been introduced
to improve RFCA outcomes, ultimately leading to the FIRM (Focal
Impulse and Rotor Modulation) mapping, which locates rotational
activity around a centre (rotor) from electroanatomical maps
(Narayan et al., 2012a). The CONFIRM trial showed patients
that underwent FIRM-guided ablation maintained a higher
freedom of AF (AF termination in 86% of patients) when
compared to patients with conventional ablation strategy (AF
termination in 20% of patients) (Narayan et al., 2012b).
However, the multicentre REAFFIRM trial did not show evidence
that FIRM-guided ablation strategy is superior to pulmonary vein
isolation (PVI) (Zhao et al., 2019).

With the recent rise of artificial intelligence (AI), machine and
deep learning (DL) have been applied to patient medical imaging
data and computational cardiac modelling with the aim to develop
more effective RFCA treatments. The applications of AI include
predicting AF reoccurrence post-RFCA and the origins of AF
triggers and ablation (Kim et al., 2020; Liu et al., 2020; Firouznia
et al., 2021; Roney et al., 2022). Furthermore, Luongo et al. have
applied machine learning to predict AF ablation targets, but used 12-
lead ECG data instead of medical imaging (Luongo et al., 2021).
Other studies have also leveraged the power of AI in AF by using DL
with ECG data to estimate atrial fibrosis and to classify AF from
atrial flutter or tachycardia (Nagel et al., 2021; Rodrigo et al., 2022).
Zololotarev et al. applied AI to identify AF drivers from multi-
electrode mapping, with the AI model then validated using optical
mapping; the results were comparable to the state-of-the-art with
higher computational efficiency (Zolotarev et al., 2020). Popescu
et al. applied DL for arrhythmic sudden death prediction from
clinical and imaging data, which proved successful and achieved a
concordance index of 0.83 and 0.74, and 10-year integrated Brier
score of 0.12 and 0.14, respectively (Popescu et al., 2022).

However, DL is limited by its black-box nature. This is an issue
when considering the European Union’s General Data Protection
Regulation (GDPR), as any algorithmic decision used in patient care
requires an explanation for transparency (Mourby et al., 2021).
Moreover, clinicians have also argued that if AI can outperform
human diagnosis, understanding the AI model’s decision process
will be beneficial in discovering new biological processes and
furthering medical knowledge (Watson et al., 2019). Moreover, it
will increase confidence in the AI-generated results, which means
the clinicians are more likely to trust and leverage them. Hence, this
has led to the growing field of deep learning interpretability for
medical imaging analysis, where methods such as concept learning
models, latent space interpretation and attribution maps have been
applied to many medical fields (Salahuddin et al., 2022).
Organisations have also expressed an interest in AI
interpretability, e.g., the Avicenna Alliance (AA) and the Virtual
Physiological Human Institute (VPHI). The AA and VPHI aims are
to promote the synergy of AI and in silicomodelling into healthcare,
while providing policymakers and regulators with directions
towards applying these technologies safely in clinics, including AI
interpretability (Geris et al., 2022).

Muffoletto et al. were the first to apply DL to directly informing a
clinician to treat AF using RFCA therapy and developed a
convolutional neural network (CNN) to predict suitable in silico
ablation strategies for a given patient, using synthetic tissue-based
atrial models with randomly distributed fibrotic patches. The
approach proved effective (79% accuracy) and illustrated the
proof-of-concept (Muffoletto et al., 2019). Ultimately, this led to
the approach being applied to MRI-derived data to predict the
patient-specific optimal RFCA strategy. As a result, the developed
CNN had a 100% accuracy for classifying optimal fibrosis- (FIBRO)
and rotor-based (ROTOR) strategies success and 33% accuracy for
the PVI strategy (Muffoletto et al., 2021).

Currently, research into interpretability for DL-based AF
management is very limited. For example, one study by
Alhusseini et al. used gradient-weighted class activation mapping
(GradCAM) to show that their feature attribution (FA) map closely
replicated rules used by clinicians. However, only one method was
validated within this study, and a comparison with other methods
was not investigated. Furthermore, the study used spatial maps of
the activation phase derived from electrocardiogram data from a
basket catheter. Hence, there has been no investigation into DL
interpretability for models which use medical imaging data to make
explainable predictions for cardiac arrhythmias and anti-arrhythmic
treatments (Alhusseini et al., 2020).

In this study, we present a novel qualitative and quantitative
comparison of established DL interpretability methods for medical
imaging and image-based cardiac modelling of RFCA, as well as new
quantitative metrics to assess interpretability of FA maps for the
image-based cardiac models.

2 Methods

2.1 Overview

We propose a DL approach to 1) accurately predict the
outcomes of RFCA therapy based on image-based modelling and
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simulations and 2) interpret the decision process of the DL model.
To achieve this, standardised 2D LA models with patient-specific
distributions of fibrosis were derived from late gadolinium-
enhanced (LGE) MR imaging data. Simulations of AF and its
termination with three RFCA strategies were performed, the DL
model was applied to predict the success of each strategy, and the
RFCA simulation results were compared with DL interpretability
maps to identify proarrhythmogenic locations. Three established
interpretability approaches were also compared qualitatively and
quantitatively to interpret the DL model’s predictions.

2.2 Data acquisition and pre-processing

The datasets used in this study were derived from 122 LGE
MRI patient scans: 86 datasets with spatial resolution of 0.625 ×
0.625 × 0.625mm3 were acquired from the Atrial Segmentation
Challenge at the STACOM 2018 workshop (Xiong et al., 2021);
additionally, 36 LGE MRI images were collected at St. Thomas’
Hospital London with resolution of 1.3 × 1.3 × 4mm3 (specifically,
18 AF patients were scanned both pre-and post-intervention)
(Chubb et al., 2018).

Generating 2D LA models with fibrosis first required
manual segmentation of patient LGE MRI data to produce
3D patient-specific endocardial LA surface meshes. The LGE
MRI image intensities were then mapped to these models and
the image intensity ratio thresholding technique was applied to
quantify and visualise LA fibrosis (Roy et al., 2020). Finally, the
3D LA fibrosis maps were unwrapped using the LA

standardised unfold mapping technique to produce models
in the 2D LA disk format for use as input to the DL network,
as shown in Figure 1A (Williams et al., 2017; Qureshi et al.,
2020).

Furthermore, to increase the size of the dataset, synthetic 2D
LA disks were generated by weighted-averaging of the patient
datasets to vary the fibrosis distribution and PVs. The creation of
synthetic disks consisted of three steps. First, 65 MRI images were
extracted from the STACOM 2018 dataset and were each
weighted by assigning a random weight (between 0 and 1) to
all voxels of a given image; the weighted-average of all images was
thresholded (Case xA in Figure 1B). This number was chosen as
less than 65 would result in low variability in the synthetic tissues
and more than 65 would result in most of the synthetic tissues
being covered in fibrosis. Supplementary Figure S1 illustrates that
selecting the 65 LA tissues in generating the synthetic LA tissues
would result in a mean fibrotic tissue percentage of approximately
50%. Thus, 65 corresponds to a folding point of this sigmoidal
dependence, and any number above 65 would lead to a majority of
tissue being fibrotic. Then the extracted fibrosis distribution was
further augmented by applying one or multiple affine
transformations (translation, rotation and flipping). The
fibrosis threshold value and the types of transformation were
randomly selected. Lastly, the PVs were varied by assigning one of
6 different variants, which included changing PV size and
position (Case xB in Figure 1B) (Muffoletto et al., 2021). This
resulted in a total of 199 synthetic 2D LA tissue models in
addition to the 122 patient-specific models, totalling 321 2D
LA tissue models.

FIGURE 1
DiagramofMRI-derived 2D LA tissue disk. (A). Workflowof 2D LA tissue generation pipeline. The figure illustrates the process of how the 2D LA tissue
models are obtained from LGE MRI by LA segmentation, thresholding fibrosis from healthy tissue and mapping onto 2D LA tissues. (B). Workflow for
generating synthetic tissues. 65 tissues were randomly selected from the total dataset of 122 real tissues. These 65 tissues were used to generate the
synthetic images by iterating overstages 1 to 4 (199 times) to create a virtual cohort of 199 tissues. ‘Case xA’ denotes the combination of data
augmentation techniques used to create the synthetic fibrosis distributions. ‘Case xB’ determines how the PV sizes and locations were varied from those
in the standardised discs.
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2.3 Atrial tissue modelling and AF simulation

Eq. 1 represents the Fenton-Karma semi-physiological model,
which consists of three ionic currents representing the overall ion
current in the electrical dynamics of atria cells; If i represents the fast
inward currentNa+, Iso is the slow outward current K+ and Isi is the
slow inward current Ca+ (Fenton and Karma, 1998):

Iion � If i + Iso + Isi (1)

Eq. 2 is the standard monodomain equation to describe electrical
wave propagation.

zVm

zt
� ∇.D∇Vm − Iion

Cm
(2)

Vm is the membrane potential, Cm is the membrane capacitance,
D is a tensor that represents the diffusion of the electrical
coupling within tissue. Eq. 2 with ion current determined in
Equation 1 was solved using the forward Euler method with a
finite-difference approximation of the Laplacian. Therefore,
Equation 1 and Equation 2 were solved using each 2D tissue
disk as a spatial domain to simulate electrical waves sustaining
AF. Such waves in the form of rotors were generated using the
standard cross-field protocol at 28 ms into the simulation (Tobón
et al., 2014). The numerical integration steps were 0.01 ms time
step and 0.3 mm spatial step. Additionally, healthy tissue had a D
value of 0.1 mm2s−1 to match the physiological value of
healthy myocardium tissue. Fibrotic tissue had D value of
0.015 mm2s−1.

The three ablation strategies were simulated to terminate
persistent AF: PVI, FIBRO and ROTOR strategies; details of
the simulations have been published previously (Muffoletto
et al., 2021). The FIBRO strategy involved ablating the
perimeter of the fibrotic tissue, while PVI consisted of ablating

the circumference of the PVs and ROTOR ablated the phase
singularities of the electrical wave. The ablation strategy was
deemed successful for a tissue if AF was terminated within
2000 ms and less than 40% of the tissue was ablated
(Muffoletto et al., 2021). Therefore, using the stated simulation
pipeline, the success of the three RFCA strategies was determined
for AF simulations in the 2D LA tissues (including patient MRI
derived and synthetic data). Furthermore, since multiple
strategies can be successful/unsuccessful for a given 2D LA
tissue, the classification task was multi-label.

2.4 Deep learning

We employed the CNN with hyperparameters (parameters
and number of convolutional and fully connected layers) based
on the study by Muffoletto et al. as the basis of our interpretability
framework (Muffoletto et al., 2021). The hyperparameters were
tuned by Muffoletto et al. by performing 24 experiments which
involved changing number of layers, filter size of convolutional
layers and dropout rate. The optimal hyperparameters were
chosen by selecting the DL model with the highest average
accuracy across a 5-fold cross-validation. The CNN consisted
of four convolutional layers of 32 × 32 filters, each followed by
Rectified Linear Unit (ReLU) activation and max pooling with a
pool size of two. These are followed by three linear layers (2048,
128 and 3 units, respectively) and another ReLU activation. A
Dropout layer followed this at a rate of 0.8 and a sigmoid function
(Paszke et al., 2019). Since we address a multi-label classification
problem (i.e., multiple ablation strategies), we modified the
loss function to be a mean-squared error tailored to perform
multi-label classification for the three ablation strategies
(Figure 2).

FIGURE 2
Diagram of CNN with parameters to predict RFCA simulation strategy success from 2D LA tissue.
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MSE yscore, y( ) � ∑N
i�0

yiscore − yi

N
(3)

Eq. 3 is the mean-squared error function formulation, where
yscore is the predicted class score array and y is the RFCA strategy
success ground truth (where 1 = success and 0 = unsuccessful).
Here, N represents the number of classes/strategies (three in this
study) and i is the index of a class in the class score array. To train
and effectively test the CNN, a leave-one-out cross-validation was
used where the total dataset was split into two sets: a hold-out test
set and training set. The training set was then split into five folds,
where four folds were used to train the CNN, and the last fold was
used as a validation set to select the optimal CNNmodel state (i.e.
the model with the lowest loss during training) (Raschka, 2018;
Muffoletto et al., 2021). In total, there were 271 2D LA tissues in
the leave-one-out cross-validation dataset (96 MRI derived and
175 synthetic). Within each fold the DL model was trained for
100 epochs using an ADAM optimiser with a learning rate of 1e-4
(Kingma and Ba, 2014). For each fold, the optimal model was
tested on the hold-out test set of 50 2D LA tissues (26 MRI derived
and 24 synthetic) from the total dataset to evaluate the DL
model’s performance. Pre- and post-ablation images were not
split during cross-validation, as there was little similarity between
the respective fibrosis distributions (see Supplementary Materials
Section 2 and Supplementary Figure S2).

2.5 Interpretability

Three popular local post hoc interpretability methods were
used to interpret the CNN’s predictions - GradCAM, occlusions

and local interpretable model-agnostic explanations (LIME)
(Zeiler and Fergus, 2014; Ribeiro et al., 2016; Selvaraju et al.,
2017; Kokhlikyan et al., 2020). GradCAM and LIME were chosen
as they are widely used saliency maps in DL medical image
analysis (Magesh et al., 2020; Graziani et al., 2021; Patel et al.,
2021; Mahapatra et al., 2022), while occlusions is one of the first
saliency map methods used for DL computer vision. Each method
evaluates feature attribution using different approaches:
GradCAM uses gradient information, LIME uses an
interpretable model within a local space and the occlusions
method uses perturbations.

The DL model state from the most accurate fold of the leave-
one-out cross-validation was used to produce the FA maps for the
three methods on the hold-out test set. The GradCAM method was
applied to the last convolutional layer of the CNN. Each FAmap was
thresholded above the respective map’s average FA to highlight the
most informative features. Three metrics were evaluated to
quantitatively analyse the informative regions of each FA map:
Jacquard index (IoU), lesion percentage and non-arrhythmogenic

TABLE 1Mean lesion percentage, NAT percentage, IoU of the informative region and ablation lesions with errors (standard deviation) for each FAmapmethod and
RFCA strategy.

Ablation strategy Method Lesion percentage IoU NAT percentage

PVI LIME 0.44 ± 0.24 0.077 ± 0.023 0.32 ± 0.24

Occlusions 0.55 ± 0.15 0.065 ± 0.17 0.57 ± 0.15

GradCAM 0.47 ± 0.17 0.063 ± 0.029 0.60 ± 0.12

FIBRO LIME 0.57 ± 0.19 0.18 ± 0.09 0.47 ± 0.27

Occlusions 0.45 ± 0.14 0.19 ± 0.11 0.38 ± 0.20

GradCAM 0.62 ± 0.25 0.26 ± 0.11 0.27 ± 0.16

ROTOR LIME 0.62 ± 0.16 0.12 ± 0.07 0.63 ± 0.25

Occlusions 0.53 ± 0.16 0.14 ± 0.06 0.36 ± 0.16

GradCAM 0.71 ± 0.13 0.20 ± 0.08 0.25 ± 0.06

TABLE 2 Mean AUC score on independent hold-out test set (with standard deviation) for each RFCA strategy and type of data.

Ablation strategy MRI derived data MRI derived + synthetic data

PVI 0.67 ± 0.03 0.78 ± 0.04

FIBRO 0.85 ± 0.02 0.92 ± 0.02

ROTOR 0.62 ± 0.05 0.77 ± 0.02

TABLE 3 Mean area under the receiver operating characteristic curve (AUC)
score, recall, precision and F1-score on independent hold-out test set (with
standard deviation) for each RFCA strategy.

Ablation strategy AUC Recall Precision F1-
score

PVI 0.78 ± 0.03 0.35 ± 0.07 0.68 ± 0.28 0.42 ± 0.06

FIBRO 0.92 ± 0.02 0.89 ± 0.03 0.82 ± 0.02 0.85 ± 0.01

ROTOR 0.77 ± 0.02 0.93 ± 0.04 0.76 ± 0.02 0.84 ± 0.01
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TABLE 4 Mean AUC, recall, precision and F1 score (with standard deviation) of DL model trained with real data only and with synthetic and real data from a leave-
one-out cross-validation on a hold-out test (~20% of the respective dataset).

Ablation strategy MRI derived data MRI derived + synthetic data

AUC Recall Precision F1 score AUC Recall Precision F1 score

PVI 0.67 ± 0.03 0 1.0 0 0.78 ± 0.03 0.35 ± 0.07 0.68 ± 0.28 0.42 ± 0.06

FIBRO 0.85 ± 0.02 0.75 ± 0.08 0.70 ± 0.03 0.72 ± 0.04 0.92 ± 0.02 0.89 ± 0.03 0.82 ± 0.02 0.85 ± 0.01

ROTOR 0.62 ± 0.05 0.99 ± 0.02 0.64 ± 0.01 0.78 ± 0.02 0.77 ± 0.02 0.93 ± 0.04 0.76 ± 0.02 0.84 ± 0.01

Bold numbers signify the highest score from each FA method for each metric.

FIGURE 3
Diagram of 2D LA tissues with highlighted feature attributionmaps.White areas in the 2D tissues are healthy tissue and red areas are fibrosis. Ablation
lesion locations known from simulations are shown (yellow) for all three RFCA strategies, along with respective FA maps for LIME, GradCAM and
occlusions and highlighted thresholded informative regions (translucent green). Same colour scheme in used in Figures 7, 8 below.

FIGURE 4
Boxplot of Jacquard index (IoU) for each FA method (GradCAM, LIME and Occlusions) and RFCA strategy (PVI, FIBRO and ROTOR) on the hold-out
test set.
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tissue (NAT) percentage. The IoU was evaluated by calculating IoU
of the informative regions of a FA map and lesions of a given
ablation strategy. Lesion percentage was evaluated by calculating the
percentage of lesions of a given ablation strategy within the
informative regions.

The motivation for analysing the lesion percentage was to
determine if the DL model focused on clinically relevant features.
The number of the lesions (unseen by the DLmodel but known from
simulations–and known to clinicians when ablating a patient) found
in a FAmap’s informative region is a relevant metric, as such lesions
are associated with arrhythmogenic regions in atrial tissue. Thus,
PVI lesions isolate the area of the initial arrhythmogenic triggers,

FIBRO lesions aim to isolate the fibrotic tissue border where AF
reentrant drivers commonly reside, and ROTOR lesions directly
target such reentrant drivers. Therefore, the ability of DL model to
predict lesion locations (again, without seeing such lesions during
training) should help the clinician to understand and trust these
predictions.

Lastly, the NAT percentage was calculated by finding the
percentage of healthy tissue (with no lesions or fibrosis) within
the informative regions of a FA map. NAT percentage was
evaluated to assess how much of the clinically
irrelevant features were highlighted as informative by the DL
model.

FIGURE 5
Boxplot of lesion percentage for each FA method (GradCAM, LIME and Occlusions) and RFCA strategy (PVI, FIBRO and ROTOR) on the hold-out
test set.

FIGURE 6
Boxplot of NAT percentage for each FA method (GradCAM, LIME and Occlusions) and RFCA strategy (PVI, FIBRO and ROTOR) on the hold-out
test set.

Frontiers in Physiology frontiersin.org07

Ogbomo-Harmitt et al. 10.3389/fphys.2023.1054401

190

https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://doi.org/10.3389/fphys.2023.1054401


2.5.1 GradCAM
GradCAM uses the gradient from a given convolutional

layer to measure FA for a particular decision of interest.
GradCAM is an improvement of the class activation map
(CAM) method. CAM produces a localisation map for an
image classification model, utilising a specific architecture
where globally averaged pooled convolutional feature maps
are fed directly into a softmax layer. GradCAM improves on
CAM by being architecture-independent, and it can be applied
to any CNN. Furthermore, a study by Adebayo et al.
implemented a sanity check of GradCAM through a model
parameter and data randomisation test. It demonstrated that
GradCAM’s saliency maps could support tasks that require
explanations that are faithful to the model and the data
generation process (Adebayo et al., 2018).

αc � 1
z
∑
i

∑
j

zyc

zAij
(4)

Feature attribution, αcij (i and j are the indices of the feature in a
FA map), of a given class c is calculated in GradCAM by evaluating
the partial derivative of the score of class c and a feature from
activation map of a given convolutional layer Aij. The result of
evaluating the partial differential for each feature is then pooled
globally by dividing each element of the FA map by the
total number of features to find the final FA map (Selvaraju
et al., 2017).

2.5.2 LIME
The core idea of LIME is to explain predictions of any classifier

faithfully by learning an interpretable model locally around the

FIGURE 7
IoU, lesion and NAT percentage values for each interpretability method and ablation strategy with altered informative region threshold value. (A).
Informative region threshold value 25% above the average FA. (B). Informative region threshold value 25% below the average FA.
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prediction. LIME achieves this by generating simulated data points
around an instance through random perturbation and weighting
them as a function of proximity to the original data points, fitting a
sparse linear model to the predicted responses from the perturbed
points and using the sparse linear model as an explanation model
(i.e., weights of features in linear model).

ξ x( ) � argmin
g∈G

L f , g ,πx( ) +Ω g( ) (5)

L f , g , πx( ) � ∑
z,z′∈Z

πx z( ) f z( ) − g z′( )( )2 (6)

FA ξ(x) of given features x is calculated in LIME by
minimising the loss function L and complexity, Ω(g), of the
function g (a model from a class of possibly interpretable
models). In essence L is a function that measures how
unfaithful the function g is at approximating f (the model
being explained) in the local space defined by πx . Eq. 6 shows
how the loss function uses the L2 distance to measure how
unfaithful function g is at approximating f , where z is sample
from x, z is the set perturbed samples of x with associated labels
and z′ is perturbed sample from set z (Kokhlikyan et al., 2020).

2.5.3 Occlusions
Occlusions is a perturbation-based approach to calculate FA,

which involves perturbing the feature space with a rectangular
region and evaluating the difference of class score from a given
class prediction by the perturbation. FA is then assigned by looking
at the feature in the multiple rectangular regions it is in and
averaging the multiple class score differences (Ancona et al.,
2017). The occlusion FA method was based on an occlusion
sensitivity analysis used to validate a DL interpretability method
by Zeiler et al. (Zeiler and Fergus, 2014).

3 Results

3.1 Dataset analysis

In the dataset comprising of 122 LA tissues derived from MRI
data, the PVI strategy led to successful AF termination in only 11.6%
of cases, while 88.4% resulted in failed terminations. Meanwhile, the
FIBRO and ROTOR strategies resulted in 42.6% and 74.4%
successful terminations, respectively. Notably, FIBRO

FIGURE 8
Averaged LGE MRI intensities and FA maps on the hold-out test set. (A). Averaged and normalised LGE MRI intensity in the LA tissue disks. (B).
Averaged and normalised GradCAM FA map for the ROTOR ablation strategy. (C). Averaged and normalised GradCAM FA map for the FIBRO ablation
strategy. (D). Averaged and normalised GradCAM FA map for the PVI ablation strategy.
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demonstrated the most balanced AF termination outcomes, whereas
ROTOR and PVI exhibited a similar level of misbalance in the
outcomes. In the larger dataset consisting of 321 LA tissues,
including both MRI-derived and synthetic data, the PVI strategy
achieved successful AF termination in 27.1% of cases,
demonstration a positive impact of augmentation. The FIBRO
and ROTOR strategies also resulted in 58.3% and 75.7%
successful terminations, respectively.

3.2 Convolutional neural network
performance

The success of the FIBRO ablation strategy was predicted
most accurately by the CNN, as shown in Table 1, where the
FIBRO class has the highest AUC score and the most balanced
recall and precision scores. Furthermore, the FIBRO strategy
also had the highest AUC score when predicting ablation
success exclusively on the real data (Table 2). PVI had the
second-highest AUC score on mixed real and synthetic data, as
well as exclusively on real data. Meanwhile, ROTOR had a
comparable AUC score to PVI on the real and synthetic data

but performed worse exclusively on the MRI-derived data
(Table 2).

However, the CNN struggled to predict successful AF
termination cases by PVI, which is reflected in the low recall and
F1 score in Table 3. Even though there was a similar class imbalance
in ROTOR compared to PVI, the CNN was able to predict the
successful and failed AF termination cases to a reasonable degree
(see recall and F1 score in Table 3). Lastly, the CNN had a
significantly higher AUC score (p < 0.05) when trained and
predicted on a dataset comprised of synthetic and MRI derived
data compared to training exclusively on MRI derived data
(Table 4). This was confirmed using a one-sided t-test (PVI: p =
0.030; FIBRO: p = 3.5e-05; ROTOR: p = 6.15e-06). This was due to
the increased dataset size when combining the real and synthetic
data as the CNN has more training examples–effectively improving
the task’s generalisation. Notably, incorporating synthetic data has
improved accuracy in predicting the outcomes of PVI.When trained
exclusively on MRI-derived data, the model showed a zero F1-score
for PVI, attributed to significant class imbalance. This resulted in the
model predicting unsuccessful AF termination for all PVI cases,
explaining the precision score of 1.0. However, integrating synthetic
data into the dataset improved the model’s ability to classify

FIGURE 9
Averaged and normalised ablation lesions and GradCAM FA maps for FIBRO and ROTOR on the hold-out test set. (A). Ablation lesions for ROTOR.
(B). FA map for ROTOR. (C). Ablation lesions for FIBRO. (D). FA map for FIBRO.

Frontiers in Physiology frontiersin.org10

Ogbomo-Harmitt et al. 10.3389/fphys.2023.1054401

193

https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://doi.org/10.3389/fphys.2023.1054401


successful ablation for PVI (F1 score of 0.42 ± 0.06), due to the 15.5%
increase in successful PVI cases in the dataset. This allowed the
model to improve its classification of successful AF termination
by PVI.

3.3 Qualitative interpretability analysis

As shown in Table 1, GradCAM was characterised by the
highest lesion percentage and IoU metrics for the FIBRO and
ROTOR strategies. Additionally, Figure 3 shows that in FA
maps obtained with GradCAM for ROTOR and FIBRO, the
informative regions coincided with most ablation lesions.
Figure 3 also illustrates that GradCAM had the lowest NAT
percentage for the FIBRO and ROTOR strategies, as the FA
maps did not highlight large, but clinically irrelevant regions of
healthy tissue–whereas LIME and occlusions did. For the PVI
strategy, the occlusions method provided FA maps with the

greatest lesion percentage, and LIME provided FA maps with
the highest IoU score.

3.4 Quantitative interpretability analysis

Using the Wilcoxon signed-rank test, the ROTOR strategy
lesion percentage for GradCAM was significantly greater (p <
0.017 using Bonferroni correction) than that for occlusions, but
not for LIME (p = 3.1e-8 and p = 0.0253, respectively). Moreover,
for the FIBRO strategy, the lesion percentage for GradCAM was
significantly higher than that for the occlusions method, but again
not for LIME (p = 4.0 e-6, p = 0.06, respectively). However, the IoU
scores for GradCAM were significantly greater (p < 0.017) than
those for occlusions and LIME for ROTOR (p = 3.3e-6 and p =
2.1e-9, respectively) and FIBRO (p = 4.2e-6 and p = 1.6e-9,
respectively). GradCAM also had a significantly less NAT
percentage (p < 0.017) than occlusions and LIME for ROTOR

FIGURE 10
Correct and incorrect classification examples of FA maps (LIME, GradCAM and occlusions) for FIBRO.
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(p = 5.5e-05 and p = 2.3e-09, respectively) and FIBRO (p = 1.2 e-5
and 2.3e-6, respectively).

Therefore, GradCAM produced more interpretable FA maps
than LIME (for FIBRO and ROTOR) as the informative regions
were more focused on areas with a high number of ablation
lesions–reflected in GradCAM having a significantly greater IoU
score than LIME (Figures 4, 5). Furthermore, GradCAM was also
more interpretable in a sense that its FA maps highlighted less
regions that were non-arrhythmogenic, and hence it had a
significantly less NAT percentage than LIME and occlusions
(Figure 6).

For the PVI strategy, the occlusions method provided FA
maps with the greatest lesion percentage and LIME FA maps
had the highest IoU score. The difference in best FA map
methods in terms of lesion percentage and IoU score can be
seen in Table 1, as informative regions in the occlusions’ FA
maps cover a vast area highlighting the ablation lesions but are
not local to the PVs. Meanwhile, the LIME FA map highlights
areas around the PVs, but does not cover many ablation
lesions.

Supplementary Figure S3, S4, S5 show the difference in the mean
score of each interpretability metric for correct and incorrect
classifications of AF termination for each ablation strategy and FA
method on the hold-out test set. This analysis shows no clear or
consistent relationship between interpretability and model accuracy.
The mean interpretability scores reflect this, as they were similar
across the correct and incorrect classification groups. Additionally, the
mean interpretability score variability is inconsistent across each ablation
strategy FA method and interpretability metric - further illustrating no
relationship between interpretability and accuracy.

3.5 Feature attribution thresholding
sensitivity analysis

The findings presented above show little dependence on the
threshold between informative and uninformative regions. As
shown in Figure 7, when the threshold value is set to 25% above
and below the average feature attribution, Grad-CAM still has
the highest lesion percentage and IoU compared to LIME and

FIGURE 11
Correct and incorrect classification examples of FA maps (LIME, GradCAM and occlusions) for ROTOR.
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Occlusions for the ROTOR and FIBRO strategies. GradCAM
still had a lower NAT percentage for FIBRO and ROTOR when
the threshold value was 25% below the average FA. However,
occlusions had a lower NAT percentage for FIBRO and ROTOR
when the threshold value was above 25% of the average FA.
Occlusions had a lower lesion percentage and IoU, which shows
that GradCAM was more interpretable when the threshold was
25% above the average FA.

3.6 Population-level interpretability analysis

Figure 8 compares the average GradCAM FAmaps for ROTOR,
FIBRO and PVI with the average fibrosis density across the 2D LA
tissue disks. It shows that the high FA regions in the average FAmap
for ROTOR (Figure 8B) and FIBRO (Figure 8C) correspond with
dense fibrotic areas (Figure 8A). Furthermore, there was a similar
good correspondence between the average GradCAM FA maps for
ROTOR and FIBRO (Figure 9B,D) and the respective average
lesions across the 2D LA tissue disks (Figure 9A,C).
Unsurprisingly, the average GradCAM FA map for PVI
(Figure 8D) showed relatively small correspondence to areas with
high fibrosis density areas.

4 Discussion and conclusion

Predicting RFCA outcomes from imaging data is a challenging
task, as shown by Kim et al., who predicted AF recurrence post-
RFCA with a 0.61 accuracy from a CNN which used a combination
of MRI data and patient demographics (Kim et al., 2020). Moreover,
Roney et al. applied machine learning to predict in silico AF
recurrence after multiple ablation strategies (Roney et al., 2018;
Roney et al., 2020).

Therefore, developing a successful DL model to predict RFCA
outcomes in AF simulations is the natural first step to predict real
RFCA outcomes in AF patients. Hence, this study i) demonstrates
a multi-label classification CNN for the success of ablation
strategies in patient-specific simulations of AF, with AUC
scores of 0.92 ± 0.02 for FIBRO, 0.78 ± 0.04 for PVI and
0.77 ± 0.02 for ROTOR, and iii) explores different methods of
DL interpretability in the classification, with GradCAM shown to
provide the most interpretable FA maps for the ROTOR and
FIBRO strategy, suggesting that the DL model utilises pro-
arrhythmogenic regions to make its prediction. This is further
supported by the population-level interpretability analysis, as
average FA maps for ROTOR and FIBRO are focused on areas
with high fibrotic density. This can be explained by the fact that
the respective ablation lesions are primarily located within these
areas. Hence, the DL model can learn to predict AF termination
outcomes by implicitly leveraging pro-arrhythmogenic regions
related to a given strategy. Importantly, locations of the ablation
lesions have not been explicitly used in the CNN’s learning
process.

It is worth noting that classification of the PVI strategy was
difficult to interpret. A possible reason for this difficulty is that the
PVI strategy in the clinic is based on ablating PV triggers that
typically initiate AF. However, these initial PV triggers were not

present in the 2D LA tissue models. Therefore, the three FAmethods
could not produce interpretable maps in this case.

A possible explanation for why GradCAM performed better
than the other methods is that LIME is susceptible to unstable
generated interpretations due to random perturbations and feature
selection. Moreover, LIME and occlusions are not class
discriminative–meaning that they cannot localise the class (RFCA
strategy) within the feature space. GradCAM is gradient-based (does
not randomise parameters to obtain FA maps) and is class
discriminative, allowing it to localise pro-arrhythmogenic regions
more faithfully than LIME and occlusions (Selvaraju et al., 2017;
Zafar and Khan, 2021).

The RFCA strategy that has the highest magnitude of lesion
percentage and lowest magnitude of NAT percentage (ROTOR)
also had the lowest AUC score in testing (Table 3), showing that
the interpretability of a FA map does not increase with the
accuracy of the strategy’s prediction. This observation
demonstrates that the need for interpretability in RFCA
strategy prediction likely goes beyond FA, and in future
work, we will investigate the incorporation of confidence in
prediction outputs to enable our method to be used as a decision
support tool to help clinicians select the appropriate therapy.
Since Varela et al. showed that LA anatomy is a significant factor
in prediction of AF recurrence post ablation (Varela et al.,
2017a), the DL approach of the study should be extended to
3D LA images and simulations. Future work should also focus
on using exclusively real patient LA data and investigating
intrinsically interpretable DL models such as ICAM (Bass
et al., 2022).

Note that 2D LA disks were used in this study due to the
efficiency in providing the needed proof of concept and had
clear advantages over extremely computationally-intensive 3D
atrial simulations. Moreover, the standardised 2D unfolded LA
images allowed for generation of a large number of additional
synthetic images, which is crucial for training CNNs. Hence,
image-based 2D LA models provided a sensible balance between
realistic details (such as fibrosis distributions) and
computational efficiency (i.e., the ability to run a large
number of simulations and train the CNN). Previous work
has shown that atrial wall thickness is distributed more or
less evenly in the LA outside of PVs and that slow
conduction in fibrotic areas is the main determinant of the
rotor dynamics (Varela et al., 2017b; Roy et al., 2018).

Another worthwhile direction is applying an approach based on
counterfactual explanations, which alters the input’s feature space to
change the classifier’s prediction. Mertes et al. has applied this
approach to a generative adversarial network and showed its
superiority to LIME in an X-ray imaging study of pneumonia
(Mertes et al., 2022). This research utilised over 100 non-medical
experts for the evaluation, which ultimately should become a
standard for any interpretability study.

Our original approach to the evaluation is based on using a
large number of 2D LA tissue models with tractable features
(rather than a large number of experts) to understand the
predictions of the DL model. Simulations of the test set of
50 2D LA tissue models reveal the important features
determining the success of each given RFCA strategy, such as
the precise locations of ablation lesions and underlying structural
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features. This evaluation shows that GradCAM best characterises
if a DL model leverages relevant features in its predictions. The
fact that GradCAM highlights relevant features and does not
highlight healthy tissue devoid of such features is illustrated in
Figures 3, Figure 10, Figure 11 and supported by numerical
metrics calculated using all 50 LA tissue models and
summarised in Table 1.

The EU’s GDPR requires an explanation for any algorithmic
decision used in patient care; we believe our work represents a
significant step to meet this requirement. Most of the ablation
lesions in our study coincided with informative regions of the
GradCAM FA maps (specifically, for ROTOR and FIBRO, see
Figures 10,11), whereas healthy, non-arrhythmogenic tissue
(NAT) was outside of these informative regions. This suggests
that the DL model can learn from structural features of patient MR
images even without knowledge of the LA function. The
explanation is that the structural features constitute pro-
arrhythmogenic LA regions (e.g., fibrotic regions are well-
known for their ability to harbour rotors sustaining AF) that
need to be targeted by ablation. Such mechanistic explanations
should increase clinician’s confidence in using the DL predictions
in future.

This study’s analysis also suggests that there is no clear
relationship between a model’s interpretability and accuracy,
which opens future directions of research into the relationship
and interaction between a model’s performance and
explainability. Another interesting investigation would be into
how FA maps can be used as model feedback to improve its
performance. To our knowledge, no study has investigated the
application of interpretability feedback for DL model design and
development for biomedical applications. Bell et al. investigated
the trade-off between accuracy and explainability for black box
and interpretable models. They showed that the trade-off is
inconsistent, and in some cases models with high
explainability can also have high accuracy - but in others
higher explainability comes at the expense of low accuracy
(Bell et al., 2022).

Importantly, the purpose of FA maps is not to be directly
applied in the clinic to predict ablation lesions in a patient–but to
explain why the DL approach is making a certain prediction, and
to increase clinical confidence in this approach (Lipton, 2017).
The lesion percentage is a relevant metric as each RFCA lesion is
associated with an arrhythmogenic location of the atrial tissue.
The lesions are well defined from simulation of 2D LA models in
the current study (and known by a clinician when treating a
patient)—but the DL model does not learn the locations of the
ablation lesions during training. Hence, the ability of the DL
model to utilise these (unseen) lesion locations in its predictions
of the RFCA strategy from patient MRI provides foundation for
the development of interpretable AI. In the future, such AI
approaches can provide a clinician with decision support tools
that they understand and trust.
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