ISSN 2446-4740 (Online)

Volume 34, Number 4, p. 337-349, 2018

Original Article
DOI: https://doi.org/10.1590/2446-4740.180040

The temporal stability of recurrence quantification analysis attributes
from chronic atrial fibrillation electrograms
Tiago Paggi de Almeida1,2*, Fernando Soares Schlindwein3,4, João Salinet2, Xin Li5,
Gavin Shen-Wei Chu 5,6, Jiun Haur Tuan 6, Peter James Stafford 6, G André Ng 4,5,6,
Diogo Coutinho Soriano2
Aeronautics Institute of Technology, São José dos Campos, SP, Brazil.
Engineering, Modelling and Applied Social Sciences Centre, Federal ABC University, São Bernardo do Campo, SP, Brazil.
3
Department of Engineering, University of Leicester, Leicester, United Kingdom.
4
National Institute for Health Research Leicester Cardiovascular Biomedical Research Centre, Glenfield Hospital, Leicester, United
Kingdom.
5
Department of Cardiovascular Sciences, University of Leicester, Leicester, United Kingdom.
6
University Hospitals of Leicester NHS Trust, Leicester, United Kingdom.
1
2

Abstract

Introduction: The temporal behavior of atrial electrograms (AEGs) collected during persistent atrial fibrillation
(persAF) directly affects ablative treatment outcomes. We investigated different durations of AEGs collected during
persAF using recurrence quantification analysis (RQA). Methods: 797 bipolar AEGs with different durations
(from 0.5 s to 8 s) from 18 patients were investigated. Four RQA-based attributes were evaluated based on AEG
durations: determinism (DET); recurrence rate (RR); laminarity (LAM); and diagonal lines’ entropy (ENTR).
The Spearman correlation (ρ) between each duration versus 8 s was calculated. AEG classification was performed
following the CARTO criteria (Biosense Webster) and receiving operating characteristic (ROC) curves were
created for the RQA variables. Results: The RQA variables successfully discriminated the AEGs: the area under
the ROC curves were as high as 0.70 for AEGs with 3.5 s or greater. Three types of AEGs were found using these
variables: normal, fractionated and temporally unstable. The number of unstable AEGs decreased with longer
AEG segments. Different AEG durations significantly affected the RQA variables (P<0.0001), with no statistical
difference between the durations 6 s, 7 s and 8 s for DET, LAM and ENTR, and no difference between 7 s and 8 s
for RR (P<0.0001). AEGs with 3 s or longer have shown ρ ≥ 80% for all variables. Conclusion: The RQA variables
have been shown effective in the characterization of AEGs collected during persAF with a shorter duration than
current recommendations, which motivates their use for the characterization of atrial substrate during persAF
ablation.

Keywords Persistent atrial fibrillation, Fractionated electrograms, Catheter ablation, Electrophysiology mapping,
Recurrence plots, Recurrence quantification analysis.

Introduction
Atrial Fibrillation (AF), defined as a supraventricular
tachyarrhythmia characterized by uncoordinated atrial
activation with consequent deterioration of atrial
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mechanical function (Calkins et al., 2017), is the most
common sustained arrhythmia in clinical practice.
Pulmonary vein isolation (PVI) is currently a cornerstone
therapy for AF at early stages, with success rates as
high as 90% for paroxysmal AF (Calkins et al., 2017;
Haissaguerre et al., 1998). However, PVI has been shown
insufficient for the treatment of persistent AF (persAF)
due to the existence of extrapulmonary vein drivers and/or
extensive structural and electric remodeling induced by
sustained AF that, in turn, also participate directly in the
perpetuation of the arrhythmia (Bakker and Wittkampf,
2010). Currently, it is believed that different mechanisms
linked to remodeled substrate participate in persAF
perpetuation. The possible mechanisms are: the rapidly
discharging automatic foci (Haissaguerre et al., 1998);
the meandering of multiple wavelets (Konings et al.,
1994); the single reentrant circuit with fibrillatory
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conduction (Jalife et al., 2002); the conduction dissociation
between epicardial and endocardial layers (Groot et al.,
2016); and functional reentry resulting from rotors
(Narayan et al., 2012). Patient-specific ablative strategies
aiming at substrate modification adjuvant to PVI have
been introduced for persAF treatment, none of which
have provided a definitive solution for persAF ablative
therapy (Clarnette et al., 2018) – such as posterior wall
isolation, linear ablation, targeting of sites with high
dominant frequency, rotational activity, areas with
abnormal atrial tissues as identified by voltage mapping
or fractionated atrial electrograms (AEGs). The latter
are of particular interest (Nademanee et al., 2004):
during persAF, fractionated activity has been linked to:
i) random activations from meandering wavelets that
propagate through the atria; ii) underlying anisotropic
conduction in the atrial remodeled tissue; and iii) the
occurrence of wave breaks or wave collisions in the
atrial tissue (Almeida et al., 2016).
Despite intense effort, the above highlights our lack
of understanding of the complex AF pathophysiology
and the need of novel biomarkers that better explain
patient-specific atrial substrate responsible for AF
perpetuation. Recent works have shown that the underlying
atrial activations during persAF are spatiotemporally
unstable (Almeida et al., 2018a; Haissaguerre et al.,
2014; Kimata et al., 2018; Salinet et al., 2013, 2017)
and this imposes further limitations for current methods
for atrial activation mapping. For instance, two of the
most frequently used commercial systems for automated
atrial substrate classification during electrophysiological
studies, the Ensite NavXTM (St. Jude Medical, St.
Paul, Minnesota) and the CARTO (Biosense Webster,
Diamond Bar, California) (Figure 1), still consider
sequential point-by-point collection of bipolar AEGs
(Almeida et al., 2016). Consequently, studies to better
define the shortest possible AEG duration – to reduce
the time of the clinical procedure – yet able to identify
important electrophysiological phenomena are of great
importance.
Recurrence analysis has been shown useful to
explore the underlying AF dynamics (Almeida et al.,
2018b). Additionally, the dynamics of cardiac signals
in the presence of arrhythmias have been extensively
investigated in the context of recurrence analysis, especially
when considering the main advantages of recurrence
quantification analysis (RQA) (Acharya et al., 2015;
Arce et al., 2016; Marwan et al., 2002, 2007; Tang et al.,
2006; Yang, 2011; Zbilut et al., 2002). However, few
works – if any – have investigated RQA-based attributes
to objectively characterize the temporal behavior of
persAF AEGs (Navoret et al., 2013). In the present
work, we sought to characterize the temporal behavior
of AEGs with different durations as measured by RQA
variables in patients with persAF.

Methods
Study population and electrophysiological
study
The population consisted of 18 patients (16 male; mean
age 56.1 ± 9.3 years; history of AF 67.2 ± 45.6 months)
referred to Glenfield Hospital (Leicester, UK) for first time
catheter ablation of persAF (Tuan et al., 2011). Details
of the clinical characteristics of the study subjects are
provided in Table 1. All procedures were performed with
full informed consent in a retrospective study according
with UK ethics guidelines.
All antiarrhythmic drugs, except amiodarone, were
discontinued for at least 5 half-lives before the start
of the procedure. Details of the mapping procedure
have been described previously (Tuan et al., 2011).
Briefly, 3D left atrium (LA) geometry was created
within NavXTM using a deflectable, variable loop
circular PV mapping catheter (Inquiry Optima, St. Jude
Medical). PVI was performed with a point-by‑point
wide area circumferential ablation approach (Cool
Path Duo irrigated RF catheter, St. Jude Medical),
followed by the creation of a single roof line. PVI was
defined as the abolition of electrical signals on the
circular mapping catheter when positioned within
each PV.
No additional ablation targeting fractionated
AEGs was performed in this study. AEG collection
was performed for further offline analyses. Sequential
point-by-point bipolar AEGs were collected also
using the Inquiry Optima from 15 pre-determined
atrial regions before and after PVI (Tuan et al., 2011).
All patients were in AF before and after PVI during
signal collection.
Table 1. Clinical characteristics of study population (N = 18).

Age (years)
Male/Female
History of AF, months
Ejection Fraction (%)
Left Atrial Diameter (mm)
History of coronary artery disease
Medication* (number of patients on)
ACE inhibitor / ARB
Amiodarone
Beta-blockers
Calcium channel blockers
Digoxin
Sotalol

56.1 ± 9.3
16/2
67.2 ± 45.6
48 ± 1
47 ± 1
4
11
10
8
2
1
5

Values are mean ± SD or n. All anti-arrhythmic and rate-controlling
drugs were stopped for at least five half-lives before the procedure, with
the exception of amiodarone; *ACE = angiotensin-converting-enzyme;
AF = atrial fibrillation; ARB = angiotensin receptor blockers.
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Signal analysis
A total of 797 AEGs was recorded from the LA,
455 before and 342 after PVI (8 seconds duration;
1200 Hz sampling frequency; 30-300 Hz band-pass
filter built in the NavX system; Matlab’s iircomb 50 Hz
Notch filter). A stationary wavelet transform (SWT)
filter was implemented based on a previously described
method to further reduce both baseline oscillations
and high frequency noise (Schilling, 2012). A detailed
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description of the SWT filter applied to AEGs can be
found elsewhere (Almeida et al., 2018b).

The CARTO algorithm (CARTO 3 System,
2008-2014, Version 4.3)
AEG classification (normal vs. fractionated) was
performed following the CARTO criteria. A detailed
description of the CARTO system is provided elsewhere
(Almeida et al., 2016). Briefly, CARTO provides a 3D

Figure 1. (A) Illustration of automated AEG classification performed by algorithms embedded in commercial systems, with annotated normal (b) and
fractionated (c) AEGs. 3D atrial geometry representation for one patient, with the automated AEG classification algorithm performed by the CARTO
criteria; (B) Segment of normal AEG with the CARTO annotations; (C) Fractionated AEG with the CARTO annotations; (D) Illustration of the RPs
for normal (left-hand side) and fractionated (right-hand side) AEGs. MV = mitral valve; LPV = left pulmonary veins; RPV = right pulmonary veins.
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representation of the LA and online automated AEG =
(1)
x ( k )  x ( k ) , x ( k − τ ) , …, x ( k − ( de − 1) τ ) 
classification based on complex intervals between
successive peaks and troughs occurring inside a
in which de is the embedding dimension – number of
2.5 seconds window of sequentially recorded bipolar coordinates used for the x ( k ) representation – and τ
AEGs (Figures 1B and 1C). The number of identified represents the time-delay embedding among samples.
complex intervals is referred to as the interval confidence These parameters were estimated through the false
level (ICL), and characterizes the repetitiveness of the nearest neighbor test and the first local minimum of
fractionated complexes, which is then converted to a the self-mutual information, respectively, as classically
color-coded map that guides ablation. CARTO software performed in nonlinear analysis devoted to RP and RQA
also finds, as complementary attributes, the average of (Marwan et al., 2007; Marwan, 2011).
the identified interval, referred to as the average complex
The recurrence matrix (Ri,j) was defined based on the
interval (ACI), and the shortest identified interval, referred distance between the respective reconstructed states xi
to as the shortest complex interval (SCI). A duration of and x j and an arbitrary threshold ε for defining a binary
8 seconds was used for AEG classification following a proximity relation, which can be expressed as:
recent recommendation (Almeida et al., 2018a). AEGs
Ri , j ( ε ) = θ {ε − xi − x j }
(2)
were considered fractionated for ICL ≥ 4, ACI ≤ 82 ms
and SCI ≤ 58 ms (Almeida et al., 2016).
being θ {}
⋅ the Heaviside function.
Recurrence quantification analysis
The binary pattern observed in a RP is intrinsically
A Recurrence Plot (RP) consists of a two‑’dimensional related to the generative dynamics of the observation: the
horizontal structures are associated with the laminarity
graphical technique used for the study of the topological
(or turbulence) of the signal; the diagonal structures
structure of multidimensional dynamic systems
reflect the co-evolution of states and indicate possible
(Marwan et al., 2007). It aims to evaluate the reappearance
deterministic dynamics. For a RP obtained from a time
of states in a multidimensional vector based on the
series of N samples, with frequency distribution P(l)
construction of a binary distance matrix, associating the of diagonal line’s length, frequency distribution P(v)
value “1” whenever one point in the multidimensional of vertical line’s length, probability p(l) of finding a
vector is close to another sample by a distance less than ε,
diagonal of length l (i.e. P(l) normalized by the total
and “0”, otherwise (Marwan et al., 2007). This recurrence amount of diagonals found in the RP), the RQA is
matrix can be represented graphically by associating a associated with representative statistical measures of
black pixel to the value “1” (Figure 1D). This binary the matrix Ri,j (Marwan et al., 2007), being used here:
signal “fingerprint” exhibited in the RP is related to its
• The recurrence rate (RR), which represents the
dynamics allowing access to stationarity, regularity and
density of points in a RP:
predictability, being useful to characterize phase transitions
1 N
and the temporal evolution in general, even considering
RR = 2 ∑ Ri , j
(3)
N i , j =1
a small amount of data samples, since information
concerning the distance organization between all pairs
• The ratio between recurrence points that form
of points is taken into account in time and phase space
diagonal structures (with length l ≥ lmin), referred
(Soriano et al., 2009, 2011).
to as determinism (DET):
Complex patterns in RPs can be reduced to primary
∑ lN= lminlP ( l )
diagonal, vertical and horizontal dot patterns aligned on
(4)
DET =
a grid (Webber and Zbilut, 2007). It is the mixing and
∑ lN=1lP ( l )
matching of these primary structures that gives rise to
• The Shannon entropy of diagonal lines in a RP
all derivative graphical complexities and allows for the
(ENTR), which reflects the RP’s complexity
quantification of the recurrence organization. Therefore,
regarding the diagonal lines:
RQA was established by introducing statistical variables
N
considering the distribution of diagonal and vertical
ENTR = − ∑ p ( l ) ln p ( l )
(5)
lines of different sizes in the RP (Webber and Zbilut,
l = lmin
1994). Since usually just a single observation (the AEG)
• The ratio between recurrence points that form
is available for a time window, the phase space can be
vertical structures (with length v ≥ vmin), referred
reconstructed using the Takens’ theorem (Marwan et al.,
to as laminarity (LAM):
2007), aiming to reveal a possibly hidden low dimensional
geometric trajectory underlying the observation. In this
∑ vN= vmin vP ( v )
case, the auxiliary axes are estimated considering delayed
LAM =
(6)
∑ vN=1vP ( v )
samples of the unidimensional observation x(k), such as:
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The theoretical methodology and specificities of RQA
for the investigation of AEGs during persAF have been
provided elsewhere (Almeida et al., 2018b). Briefly, an
adaptive value for ε based on 2% of the maximum phase
space diameter of each AEG was chosen since it offers
a good compromise among the resulting recurrence
rate (RR) – as close to 1% as possible as suggested by
previous work (Marwan et al., 2007) – but also with
a good compromise between the AEG discrimination
and the portion of the maximum phase space diameter,
accordingly (Mindlin and Gilmore, 1992):

{

ε = 2 ⋅ 10−2 × max xi − x j

}

(7)

Determinism (DET) and laminarity (LAM) were
calculated considering minimum line lengths of 6 and 7,
respectively, to avoid undesirable saturation behavior
and for improved AEG discrimination.

RQA-based attributes with different AEG
durations and statistical analysis
All continuous non-normally distributed variables
are expressed as median ± interquartile interval.
Non‑parametric unpaired data were analyzed using the
Friedman test with Dunn’s correction.
The AEGs exported from NavX with 8 seconds were
segmented in smaller durations, accordingly: 0.5; 0.6; 0.7;
0.8; 0.9; 1; 1.5; 2; 2.5; 3; 3.5; 4; 4.5; 5; 6; and 7 seconds.
This resulted in different numbers of non-overlapping
segments for each duration – i.e., 16 segments for
0.5 seconds; 13 for 0.6 seconds; 11 for 0.7 seconds;
10 for 0.8 seconds; 8 for 0.9 and 1 seconds;
5 for 1.5 seconds; 4 for 2 seconds; 3 for 2.5 seconds;
2 for 3, 3.5 and 4 seconds; and 1 segment for 4.5, 5, 6,
7 and 8 seconds.
The RQA-based variables were calculated considering
each AEG duration. All durations were compared with
8 seconds – considered in the present work as the (best
possible) reference. Spearman’s correlation (ρ) was
calculated to quantify the correlation between AEG
classifications measured with the different durations
versus 8 seconds.
The dichotomous classification performed by CARTO
(normal or fractionated) for AEGs with 8 seconds was
used as a reference to create the Receiver operating
characteristic (ROC) curves considering each RQA
variable as discriminators for each AEG duration.
The optimum sensitivity and specificity for each ROC
curve (i.e., each RQA variable for each duration from
0.5 to 8 seconds) was defined as the point on the curve
with the shortest distance to the top left corner of the
graph (Youden’s index). Validation of the optimum point
of operation for AEG classification was performed with
leave-one-out cross-validation (LOOCV).

The optimum points of operations found in each ROC
curve were used to perform new AEG classifications.
For this, AEGs with 8 seconds were divided in segments
with duration from 0.5 to 4 seconds – e.g., 16 segments
of 0.5 seconds and 2 segments of 4 seconds, respectively
– as described above. The RQA variables were calculated
for each segment and used to categorize the AEG (normal
or fractionated) according to the optimum point of
operation found in the ROC curve for that particular
AEG duration. Finally, AEGs in which all segments
were classified as normal were defined as consistently
normal; AEGs in which all segments were classified as
fractionated were defined as consistently fractionated;
AEGs in which the classification varied within segments
(normal to fractionated and/or vice-versa) were defined
as temporally unstable.
P-values of less than 0.05 were considered statistically
significant.

Results
Effect of AEG duration on the RQA variables
Figure 2 illustrates the effect of AEG durations on the
RQA variables (DET, RR, LAM and ENTR, respectively).
The variables increase with the increase in the duration
of AEGs. There was no statistical difference in DET,
LAM and ENTR calculated with 6 and 7 seconds when
compared to 8 seconds, whereas the RR showed no
significant difference between 7 and 8 seconds. Figure 3
illustrates the correlation between the RQA variables
calculated with 8 seconds versus all other durations.
Although there were significant differences with durations
of less than 6 seconds – as shown in Figure 2 – a high
correlation was observed among AEGs with 3 seconds
(and longer) and 8 seconds (ρ ≥80%).

Effect of AEG duration on AEG classification
with RQA variables
The ROC optimum operating points found for
each RQA variable and AEG durations are shown in
the Table 1. Figure 4A illustrates the area under the
ROC curves (AUROC) created using the CARTO
criteria for AEG classification with 8 seconds as the
reference, and the RQA variables as discriminators for
each AEG duration, and Figure 4B shows the LOOCV
for each case. In this case, the hit rate refers to the
discrepancy level between CARTO- and RQA-based
classification. While the AUROC gradually increases
for all RQA variables with increase of AEG duration,
AEGs with 4 seconds presented the highest hit rate in
AEG classification considering the CARTO criteria as
the reference (Figure 4B).
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Figures 5 to 7 illustrate typical normal, fractionated
and unstable (i.e., changing from normal to fractionated
or vice-versa) AEGs, respectively, found in the present
cohort, with the time evolution of the RQA variables
calculated for 0.5 seconds and their respective ROC
optimum points of operation.
Figure 8 shows, for each RQA variable, the portion
of AEGs classified as consistently normal, consistently
fractionated and temporally unstable within the segments
defined by each AEG duration. AEGs divided in segments
with short duration (shorter than 1.5 seconds) resulted in
a high number of temporally unstable AEGs, suggesting
that such short segments might be highlighting fast local
oscillations. However, the number of temporally unstable
AEGs seems to have converged in AEG segments with
3 seconds or longer.

Discussion

Figure 2. (A) DET; (B) LAM; (C) RR; (D) ENTR calculated with each
AEG duration (0.5; 0.6; 0.7; 0.8; 0.9; 1; 1.5; 2; 2.5; 3; 3.5; 4; 4.5; 5; 6; 7;
8 seconds). *≤P0.05 vs. 8 seconds. DET = Determinism; LAM = Laminarity;
RR = recurrence rate; ENTR = entropy of the diagonal lines.

In this work, we investigated the temporal behavior
of bipolar AEGs collected during persAF using RQA
additional to the automated AEG classification performed
by CARTO. Optimum points of operation were found
for the RQA variables to objectively perform AEG
classification, and these variables were effective in
identifying underlying changes in atrial activations.
The duration of the AEGs had profound effect on
the RQA variables, in which shorter segments might
be more sensitive to identify fast and local changes,
while longer segments might provide a more general
perspective of the dynamics of the underlying atrial
tissue. The results support recent findings that AF
is a dynamic arrhythmia (Almeida et al., 2018a;
Haissaguerre et al., 2014; Kimata et al., 2018;
Navoret et al., 2013; Salinet et al., 2013, 2017), and
RQA variables can be used as a complementary tool for
the characterization of atrial substrate during persAF
targeted ablation (Almeida et al., 2018b).

Figure 3. Spearman’s correlation of each AEG durations versus 8 seconds for each RQA variable. DET = Determinism; RR = recurrence rate;
LAM = Laminarity; ENTR = entropy of the diagonal lines.
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Figure 4. (A) AUROC for the RQA variables and each AEG duration considering the CARTO criteria as the reference for AEG classification;
(B) The hit rate for the LOOCV for the RQA variables and each AEG duration. DET = Determinism; RR = recurrence rate; LAM = Laminarity;
ENTR = entropy of the diagonal lines.

Figure 5. Example of an AEG classified as consistently normal by all RQA variables and the evolution in time of each RQA variable (DET, LAM,
RR and ENTR) and their respective ROC optimum points of operation. All RQA variables remained above their respective ROC optimum points
of operation. DET = Determinism; RR = recurrence rate; LAM = Laminarity; ENTR = entropy of the diagonal lines.
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Figure 6. Example of an AEG classified as consistently fractionated by all RQA variables and the evolution in time of each RQA variable (DET,
LAM, RR and ENTR) and their respective ROC optimum points of operation. All RQA variables remained below their respective ROC optimum
points of operation. DET = Determinism; LAM = Laminarity; RR = recurrence rate; ENTR = entropy of the diagonal lines.

Figure 7. Example of an AEG classified as temporally unstable by all RQA variables and the evolution in time of each RQA variable (DET, LAM,
RR and ENTR) and their respective ROC optimum points of operation. All RQA variables oscillated within their respective ROC optimum points
of operation. DET = Determinism; LAM = Laminarity; RR = recurrence rate; ENTR = entropy of the diagonal lines.
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Mechanisms for AF perpetuation and
maintenance

Figure 8. The portion of AEGs classified as consistently normal,
consistently fractionated and temporally unstable within each AEG
duration for each RQA variable: (A) Determinism; (B) Recurrence rate;
(C) Laminarity; (D) Entropy of the diagonal lines.

Despite much effort to understand atrial substrate
properties during persAF, the dynamic nature of AF
continues to pose challenge for electrophysiologists
in search of critical sites for ablation (Almeida et al.,
2018a; Haissaguerre et al., 2014; Redfearn et al., 2009;
Roux et al., 2008; Salinet et al., 2013, 2017; Stiles et al.,
2008; Tsai et al., 2012; Verma et al., 2008). For instance,
although early works have suggested that atrial activations
during persAF demonstrate a high degree of spatial and
temporal stability (Redfearn et al., 2009; Roux et al.,
2008; Verma et al., 2008), more recent works have
highlighted the unstable behavior of underlying atrial
activations during persAF – yet with preferential sites
for recurrence (Almeida et al., 2018a; Haissaguerre et al.,
2014; Salinet et al., 2013, 2017). Additionally, recently
published works have shown fractionated activity from
the pivot points of reentry circuits (Frontera et al.,
2018), and a high correlation between the recurrence
of reentry circuits and atrial regions with high fibrosis
density (Cochet et al., 2018). These results reinforce
the initial perception that fractionation in AEGs could
represent areas of remodeled atrial substrate with high
density of fibrosis with participation of reentry circuits
(Nademanee et al., 2004), from which multiple wavelets
might emanate and meander in the atrial tissue, with
direct participation in the perpetuation of the arrhythmia.
Considering that remodeled tissue is anchored in the
atria, such regions would present consistent fractionated
activity, and hence should be considered as the premier
targets for ablation. Similarly, atrial regions with unstable
behavior – i.e., changing from normal to fractionated or
vice-versa – should not be preferred as targets for ablation,
as the fractionation might be a result of passive turbulent
activations and, therefore, not a true representation of
atrial substrate (Jadidi et al., 2012; Rostock et al., 2006;
Roux et al., 2009; Tuan et al., 2011).
Our results support these findings, in which RQA
variables identified AEGs with i) consistent normal
activations; ii) consistent fractionated activations and;
iii) unstable behavior. More specifically, atrial regions
subjected to passive turbulent activations – facilitated
by the presence of multiple meandering wavelets, wave
break and wave collision – would be more prone to the
occurrence of temporally unstable AEGs. Previous work
has shown that far-field components can induce potential
distortions that explain the instability of the underlying
activations (Rodrigo et al., 2014). Such activations
would induce the occurrence of seemingly fractionated
activity in the collected AEG, in this case unrelated to
the integrity and characteristics of the underlying atrial
tissue. On the one hand, healthy regions could be affected
by passive wave collision from remote AF drivers and,
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consequently, demonstrate temporally unstable fractionated
activity. The ablation of such regions might create areas
of slow or anisotropic conduction, thereby creating
pro-arrhythmogenic areas which would perpetuate the
arrhythmia instead of organizing or terminating it. On the
other hand, atrial regions with direct participation in AF
perpetuation – e.g., regions with fibrotic tissue – would
demonstrate consistent fractionated activity associated
with the underlying remodeled tissue, which is anchored
in the atria (Zaman and Narayan, 2015).

Methods and biomarkers for AF mapping
Contact and noncontact methods have been introduced
for global endocardial mapping to provide simultaneous
recordings of intracardiac activity and, consequently,
a comprehensive perspective of the cardiac chambers’
anatomy and electrophysiology (Schilling et al., 1998;
Schmitt et al., 1999). Although these methods facilitate
the investigation of the spatiotemporal behavior of
cardiac activations, they face limitations such as
poor quality of the reconstructed AEG in the case of
noncontact mapping (Schilling et al., 1998), and poor
contact quality between the poles of basket catheters
and the cardiac wall in the case of contact mapping
(Buch et al., 2016). Additionally, focal Impulse and
Rotor Modulation (FIRM)-guided ablation, that has been
received with great enthusiasm as a therapy for persAF
from simultaneous mapping (Narayan et al., 2012), has
been questioned by more recent research (Buch et al.,
2016). Also, we have shown that, although rotors seem
to meander in the atria, they have preferential sites for
recurrence, which could represent regions of remodeled
substrate (Salinet et al., 2017).
Contact point-by-point sequential AEG mapping is still
performed by clinical groups using commercial systems
during electrophysiological studies (Almeida et al., 2016;
Gepstein et al., 1997; Stevenson and Soejima, 2005).
Therefore, many works investigated biomarkers to better
characterize the underlying AF dynamics from AEGs
collected sequentially. For instance, previous works
have shown that AEGs with 4 seconds or longer should
be preferred during electrophysiological studies using
biomarkers from commercial systems (Almeida et al.,
2018a; Stiles et al., 2008; Tsai et al., 2012). A recent
work has implemented a time-frequency analysis with
Wavelet Transform to identify atrial regions with a
stable dominant frequency, suggesting that those sites
represent AF drivers and hence should be preferred for
catheter ablation (Kimata et al., 2018). Finally, mapping
of wave similarity during AF has been introduced as a
powerful alternative biomarker in the investigation of
spatiotemporal distribution of fibrillatory wave complexity
(Ravelli et al., 2005).

Recurrence analysis has been previously used for
the investigation of AF dynamics. We have recently
shown that RQA variables are sensitive to important
electrophysiologic characteristics of the atrial tissue
(Almeida et al., 2018b). More specifically, we demonstrated
that the RQA variables were significantly affected by PVI,
and that the variables were effective in discriminating
normal vs. fractionated AEGs. Therefore, RQA variables
could be potentially used as biological markers to guide
the clinical procedure. Navoret and colleagues have used
RQA-based variables in the classification of AEGs and
investigated the temporal dynamics of AEGs during
AF without, however, suggesting thresholds for AEG
classification (Navoret et al., 2013). Another work has
used RPs to show that atrial regions with stable rotors
exhibited stable, periodic dynamics, while regions of
wavelet breakup have shown a chaotic behavior largely
devoid of repetitive activation patterns (Hummel et al.,
2017). This work is the first to objectively investigate the
temporal behavior of persAF AEGs using RQA variables
and to provide thresholds for AEG classification with
different AEG durations. Our results suggest that RQA
variables can be calculated considering AEGs with
3 seconds or longer during electrophysiological studies,
i.e., shorter duration than current recommendations
(Almeida et al., 2018a).
The current study was limited to retrospective
data. Further understanding of the underlying
cardio‑electrophysiological mechanisms behind persAF
would be helpful for the validation of the suggested
method, such as in (i) computational intracardiac
models that simulate both atrial electrical activity and
ablation procedures during AF (Krueger et al., 2013);
and (ii) prospective studies using the suggested method
in the identification of ablation targets during substrate
mapping. Additionally, we acknowledge that the simplistic
and non-physiologic rationale behind the counting of the
number of fractionated deflections as performed by the
CARTO algorithm might also impose some limitations.
This, however, deserves a dedicated investigation that
is out of the scope of the present work.
Different mechanisms are likely to participate in persAF
perpetuation linked to remodeled substrate, such as the
rapidly discharging automatic foci (Haissaguerre et al.,
1998); the multiple wavelets hypothesis (Konings et al.,
1994); the single reentrant circuit with fibrillatory conduction
(Jalife et al., 2002); the conduction dissociation between
epicardial and endocardial layers (Groot et al., 2016); and
functional reentry resulting from rotors (Narayan et al.,
2012). These mechanisms are likely to co-exist either
simultaneously or intermittently, resulting in an intricate
structure of atrial activations. Accordingly, recent works
have highlighted the unstable – yet recurrent – behavior of
underlying atrial activations during persAF (Almeida et al.,
2018a; Haissaguerre et al., 2014; Salinet et al., 2013,
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2017). Rotors have been shown to be spatiotemporally
unstable, appearing and disappearing in different atrial
regions (Haissaguerre et al., 2014; Salinet et al., 2017).
The same works, however, have shown that, although
reentry circuits meander in the atria, they have preferential
sites for recurrence.
We have recently argued that fractionated activity
could be related to areas of high density of fibrosis
that would induce the formation of reentry circuits,
from which multiple wavelets might emanate and
meander in the atrial tissue, with direct participation
in the perpetuation of the arrhythmia (Almeida et al.,
2018b). Additionally, previous study has shown that the
RPs from areas of stable spiral wave reentry exhibited
stable, periodic dynamics, while regions of wavelet
breakup have shown a chaotic behavior largely devoid
of repetitive activation patterns (Hummel et al., 2017).
Therefore, the identification of a better segment duration
for persAF classification using RQA could be related
to the intrinsic characteristics of RQA to correlate with
the periodic dynamics found within areas of reentry
circuits, even if these reentries present an unstable –
yet recurrent – spatiotemporal behavior. Clearly, it is
not possible to have this confirmed with the method
presented here due to the fact that we do not know the
‘ground truth’ for AF perpetuation in this cohort. Still,
further investigations with either simultaneous AEG
collection or simulated AF episodes could help to better
understand the underlying AF dynamics.
In conclusion, we characterized the temporal behavior
of the underlying dynamics of atrial tissue activations
from AEGs collected during persAF using RPs and
RQA-based variables. We have found optimum points of
operation for the RQA variables to objectively perform
AEG classification, and we have shown that the RQA
variables were effective in identifying underlying changes
in atrial activations. The variables identified AEGs with
consistent normal activations, consistent fractionation
and AEGs with unstable behavior. The duration of the
AEGs had profound effect on the RQA variables, but RQA
variables allowed the characterization of AEGs collected
during persAF with a shorter duration (3 seconds) than
current recommendations. RQA variables could be used
by electrophysiologists as a complementary tool during
atrial substrate mapping to guide persAF ablation.
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