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HIGHLIGHTS

e Spatial organization seems to be more rel-
evant to reveal SR maintenance dynamics.

e Multidimensional extension of traditional
indices enhances ECV outcome prediction.

e MMSE outperforms single lead entropy
approaches in ECV outcome prediction.

o Aggregated entropy indices overcome sin-
gle scale indices in predicting ECV out-
come.

e QDA using multivariate indices correctly
predicts ECV outcome in over 90% of
cases.
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ABSTRACT

Background: Atrial fibrillation (AF) remains a significant cause of stroke, heart failure, and cardiovascular
morbidity worldwide. Despite advancements in AF management, electrical cardioversion (ECV) remains
the most commonly used technique for sinus rhythm (SR) restoration although presenting a limited
success rate in the mid-term along with a high number of side-effects which can lead to an increase
in patients health deterioration and, consequently, in healthcare costs. Hence, predicting ECV outcome
in the mid-term remains a challenging task. Here, a new framework based on multivariate multiscale
entropy (MMSE) characterization of atrial activity is proposed to improve ECV outcome prediction in the
mid-term.

Methods: 58 patients with persistent AF scheduled for ECV were considered. A 12-Lead standard ECG
segment of 1.5 min duration prior to the first electrical shock was analyzed. The atrial activity (AA) is
estimated from the 12-lead surface ECG using a QT segment removal algorithm based on QRS complex
estimation and pattern recognition techniques. AA is characterized by means of multivariate extensions
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of traditional indices such as the amplitude of the fibrillatory waves and dominant frequency along with
multivariate extensions of complexity measures as multivariate Sample Entropy and finally Multivariate
Multiscale Entropy (MMSE). These indices were estimated over 12-lead ECG records from 58 ECV derived
patients who were classified based on SR maintenance after 30-day follow up (mid-term evaluation). ECV
prognosis was evaluated using ROC curves and Youden’s Criteria for optimal threshold establishment.
Performance was compared to that of unidimensional indices.

Results: Patients who maintained SR post-ECV exhibited distinct complexity patterns compared to
those who relapsed into AF. Specifically, MMSE provided higher discriminant accuracy than traditional
unidimensional indices. When considering only the limb leads in the analysis, the best performance
was achieved, over 83% accurate classification of SR restoration in the mid-term (Se = 0.74, Sp = 0.85,
p < 0.001). Additionally, the accumulated entropy and slope of the MMSE curves, offered robust
predictors of ECV outcomes providing better balanced sensitivity and specificity ROC curves.

Conclusions: This work highlights the importance of multivariate approaches in AF characterization and
provides a comprehensive framework for improving ECV outcome prediction, providing an increase in
almost a 30% of correct predictions in the mid-term. Future research should explore the integration
of these methods into clinical practice to optimize treatment strategies for AF patients and reduced

healthcare costs.

© 2025 AGBM. Published by Elsevier Masson SAS. This is an open access article under the CC BY-NC

license (http://creativecommons.org/licenses/by-nc/4.0/).

1. Introduction

Despite the good progress in the management of patients with
atrial fibrillation (AF), this arrhythmia remains one of the major
causes of stroke, heart failure, sudden death, and cardiovascular
morbidity in the world [1,2]. It is also related with an increased
mortality and a decreased quality of life. Furthermore, AF is also
associated with high rates of hospitalization, and treatment related
complications [1,2].

AF itself induces a slow but progressive process of structural
remodeling in the atria resulting in electrical dissociation between
muscle bundles and local conduction heterogeneities, hence favor-
ing re-entry and perpetuation of the arrhythmia [1]. When AF
turns out to be persistent, this is, AF that lasts longer than 7
days, generally external termination is needed. For this purpose,
the European Society of Cardiology guidelines [1] recommend the
application of rhythm control strategies for sinus rhythm (SR)
restoration in persistent AF. These strategies are known to improve
AF-related symptoms and may preserve cardiac function [1] pre-
venting embolism and avoiding cardiomyopathy [3].

Different rhythm control strategies are available in daily clinical
practice. Pharmacological cardioversion (PCV) is considered to re-
store SR in approximately 50% of the patients [1] but in the short-
term, electrical cardioversion (ECV) results to be a more quicker
and effective technique for SR restoration than PCV along with
shorter hospitalization [1]. ECV is capable of restoring SR in al-
most 90% of the patients [3], but carries an inherent risk of stroke,
thromboembolism, and various brief arrhythmias including ven-
tricular and supraventricular premature beats, bradycardia or pe-
riods of sinus arrest [1,3,4]. Even though its high effectiveness in
the short-term, high rates of relapse are found in the mid- and
long-term follow up, as around 57% and 25% are able to maintain
SR for more than 4 weeks or 1 year, respectively [5,6]. Thus, sani-
tary costs driven by AF-related complications and costs are high,
and will be increased unless AF is prevented and treated in a
timely and effective manner [1,2]. Thus, being able to predict ECV
outcome on persistent AF patients, could aid the correct manage-
ment of the patients, preventing patients with low probability of
SR maintenance to develop additional pathologies while lowering
the associated sanitary costs.

On the ECG, AF is characterized by the absence of distinct P
waves, which are replaced by rapid oscillations (f-waves) that
vary in size, shape and timing associated with an irregular and
frequently rapid RR intervals [3]. Thus, in order to address the
problematic around ECV outcome prediction, different indices have
been proposed to characterize the fibrillatory (f-) waves in atrial

activity (AA) derived from surface ECG. The f-waves power (FWP)
and amplitude (FWA), the dominant frequency (DF) have been
more commonly used, but with limited prediction accuracy, barely
around 50-70% [7-9]. Complexity measures have been lately in-
troduced for atrial activity (AA) organization evaluation, wavelet
entropy [10], central tendency measures [11], recurrence plots [12],
symbolic dynamics [13], being Sample Entropy (SE) the most com-
monly used [7,9,14-17], but these indices generally deal with
single time-scale measures, thus discarding long correlations that
could be present in the f-waves main component. Moreover, they
are generally estimated over one single lead, particularly precordial
V1 lead as it is considered to present the largest AA signal com-
pared to other leads [14,18], hence discarding spatial information
and correlation that could aid in the prognosis of ECV outcome.

Multiscale entropy (MSE) was proposed by Costa in [19] to
deal with the complex temporal fluctuations inherent in healthy
physiologic control systems. Physical and biological systems often
exhibit complex dynamics structures on multiple spatial and tem-
poral scales, MSE was designed to explicitly address the multiple
time-scales features [19]. In order to account for the spatial cor-
relation, the 12 leads should be considered in the MSE analysis,
but this would be applicable only if the 12 leads were statistically
independent or uncorrelated at the very least, which is not the
case of AA. To overcome this problem, multivariate multiscale en-
tropy (MMSE) was proposed in [20]. Hence, in order to improve SR
maintenance prediction after ECV this work proposes a multi-lead
extension of traditionally considered indices along with the intro-
duction of multivariate multiscale entropy analysis of the 12-lead
ECG signals from persistent AF patients indicated for ECV.

This paper is organized as follows, in Sec. 2 the study popula-
tion, ECG signals processing and AA activity extraction procedures
along with the standard uni-lead indices, their multivariate exten-
sions and the proposed complexity indices are presented. Sec. 3
describe the results obtained for ECV outcome prediction. These
results are fully discussed in Sec. 4 and finally the conclusions are
presented in Sec. 5.

2. Materials and methods

In this section the database considered for the AA organization
characterization is described, along with the indexes considered
for the unilead and multilead characterization for ECV outcome SR
maintenance prediction.
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Table 1
Clinical characteristics and measured parameters in the population
under study.

Parameters SR maintenance  AF recurrence
Patients 27 31

Men | Women 15/ 12 18 /12
Underlying heart disease 9 10

Left atrial diameter (mm)  47.32+ 4.76 44,72 £+ 7.32

2.1. Study population

Patients diagnosed with persistent AF were referred to ECV pro-
cedure. These patients were under anti-arrhythmic drug treatment
(amiodarone, flecainide and sotalol) before the procedure and dur-
ing the whole follow-up after ECV and classified as SR maintenance
or AF recurrent based on if SR was maintained after 30 days.

A standard 12-lead ECG was continuously recorded during the
entire ECV procedure with a sampling rate of 1024 Hz and 16-bit
resolution. For the application of synchronized monophasic shocks,
one paddle was placed firmly in the second intercostal space on
the right side parasternally and the other paddle was placed in a
left-sided lateral position along the midaxillary line. A maximum
of four electrical shocks were considered, whose energy followed
the increasing sequence of 200, 300, 360 and 360 ], respectively [7,
9].

Selection criteria was based on, first, ECV should have been
successful after the first single shock, otherwise the patient was
discarded from the study. Second, all 12-lead must be interpretable
and available for analysis, if any of the 12-lead ECG recording had
unavoidable external interference or recording errors, i.e. saturated
signals, electrode dispatched, etc. were also discarded. And third,
the 12-lead ECG records should present a duration of at least 1.5
minutes prior to the first electrical shock. After the selection pro-
cedure 58 records were available for a multiple lead AA character-
ization, clinical details can be found in Table 1.

2.2. ECG preprocessing and AA extraction

Each lead signal was independently preprocessed for baseline
wander (BW), powerline interference (PWL) and high frequency
(HF) noise removal. Backward-forward IIR filtering and estimation
subtraction algorithms were used for BW removal. BW was es-
timated by means of a 3" order Butterworth low-pass filter. A
notch filter with central frequency of 50 Hz and 4 Hz bandwidth
was considered for PWL removal and HF noise was removed above
4 Hz [21]. The jgrs detector [22] was used for R peak location, in-
put parameters were set according to signal characteristics. Beats
were classified based on to their QRS morphology by template
matching, a class was considered whenever at least 3 beats with
similar morphology were found (see Fig. 1).

An average QRST cancellation algorithm was used for AA ex-
traction [23]. QT segment length was set to the minimal duration
between 470 ms (normal QT segment) or 90% of the RR intervals.
The QT removal was performed sequentially for each beat class
found in the signal (see Fig. 1). AA is high pass filtered at 3 Hz for
remaining T wave residual removal. An example of the f-waves
extracted from a single lead ECG representation can be seen in
Fig. 2.

2.3. Atrial activity characterization

Consider a(n) with n=1:N, to be the discrete AA signal, FWA
single lead characterization is computed according to [24]:

FWA=
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A multivariate extension for FWA characterization index
(MFWA) was proposed by Meo et al. in [25] by considering a re-
duced R-Rank PCA approximation. Then, considering d(n) to be the
reduced R-rank PCA approximation of a(n), the MFWA is estimated
as the median of the individual leads FWA index computed by (1):

MFW A = median{FW A} (2)

being L the number of leads, ranging from 1 to 12.

The dominant frequency (DF) of the f-waves is estimated as
the frequency where the maxima of the power spectral density
(PSD) in the band 3-12 Hz is found, according to [24]:

DF =arg{max{PSD(fi)}}, fk€[3,12]Hz (3)

To perform the multivariate extension of the DF (MDF), the
spectral envelope needs to be estimated. The spectral envelope [26,
27], provides a multilead PSD representation, and is computed as
described in [17]. To estimate the MDF, (3) is applied over the
spectral envelope.

Finally complexity measures have been considered for AA or-
ganization characterization. Complexity measures are a family of
statistics that evaluate the self-similarity within a nonstationary
time-series. It is widely known that lower complexity values are
related to a more regular or organized time series with higher
self-similarity than those with higher complexity values [28]. The
most often complexity index for f-waves organization estimation
is Sample Entropy (SE), i.e. [7,17,29]. SE was first introduced for
physiological time-series analysis by Richman et al. in [28], it con-
sists on a modification of Approximate Entropy [30] to overcome
the bias associated to self-matches, thus making it independent of
record length and lack of consistency. SE is defined as the negative
natural logarithm of the conditional probability that two sequences
which are similar for m points, remain similar at the next point,
where self-matches are not included in calculating the probabil-
ity [28]. Thus, a lower value of SE indicates more self-similarity in
the time-series, hence, a higher level of signal organization.

In order to provide a robust characterization the main atrial
wave (MAW) should be estimated. The MAW can be considered as
the signal associated to the fundamental atrial waveform, its wave-
length being the inverse of the DF [31]. To this end, the AA signal,
a(n) is bandpass filtered with a 9™ order type-2 IIR Chebyshev fil-
ter, centered in the DF with a 5 Hz bandwidth, and ensuring a
20 dB attenuation in the stop band. Hence, considering f(n) with
n=1:N to be the main f-waves component, SE is computed as fol-
lows [28]:

1. Estimate the N —m epochs

v ={f(n+i): 0<i<m-1} (4)

2. Estimate the average number of matches of length m for that
in terms of the Chebyshev distance lay below a threshold r
according to:

1 N—m
BQ"(r):iN_m_l jz_;djk(m+)<r (5)
Jj#k
3. Compute the probability of encountering a match of length m

N—m

1
B = —— > B0 (6)
i=1

4. Repeat steps 1-3 for an incremental length of one sample, m+
1
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Fig. 1. Beat clustering for QT cancellation. In blue the different beat morphologies found at each lead in the signal, in red the median beat template for each beat class found.
The black vertical lines define the QT segment. From top left to bottom right, the 12-lead ECG beat morphologies. From left to right and top to bottom, leads I, II, III, aVR,

aVL, aVF, V1, V2, V3, V4, V5, V6.
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Fig. 2. Example of an ECG signal after BW, PWL and HF preprocessing (in blue), R-peaks marked in black dots, and the extracted f-waves (in red).

5. Compute SE as follows:

Bm+1 (T')

SE(f,m,r,N)Z—lnBT(r)

(7)

where d(n)=maxy {|y(i + k) — y(j +k)|}, m defines the embedding
dimension and r the dissimilarity threshold. Values for m and r
have been chosen according to recommendations in [28], hence,
m=2 and r=0.207.

One would consider that taking the mean value among the
SE individually estimated over the different leads would provide
a reliable estimate of the Multivariate SE (M-SE), however this is
only applicable if all data channels are statistically independent or
uncorrelated at the very least [20], which is not the case of the
ECG neither the AA signal. Thus, M-SE was originally proposed by

Ahmed et al. in [20]. In order to provide a robust M-SE estima-
tion some restrictions have to be made: (i) data channels should
be scaled to the same amplitude range so the distances calculated
on embedded vectors are not biased towards the variates with the
largest amplitude ranges [20]. (ii) There are p ways in which it
can be evolved from the space of dimension m to any space of di-
mension m+1, being p the number of channels, in this case, the
number of leads [20]. (iii) The threshold value for the dissimilar-
ity measure, r, has to be set as a multivariate generalization of the
univariate notion of variance. This is performed by setting r equal
to the total variation of the covariance matrix of the multivariate
time-series [20]. As each data channel was previously normalized
to unit variance, the total variation becomes equal to the number
of channels or variables. Thus, in this way, differences in the vari-
ance among the multivariate time-series under consideration do
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not influence the calculation of M-SE [20]. Third, parameter limi-
tations for m and r are inherited from original SE limitations [32],
m <5.

Even though SE was able to provide robust characterization of
the f-waves signal organization [7,33,34] it presented limited ac-
curacy for SR maintenance prediction. This could be related to the
fact that time-series derived from the complex systems are likely
to present dynamical structures on multiple spatio-temporal scales.
Costa et al. proposed multiscale entropy (MSE) in order to account
for the complexity at a multiple range of time-scales [19,35]. In or-
der to account for the temporal dynamics of the signal at different
time-scales, a coarse-grained series is derived. The coarse-grained
series procedure allows for the elimination of fast-temporal vari-
ations in the signal, thus allowing the characterization of long-
range or persistent time-correlations which can be embedded in
the signal. The coarse-grained series are computed independently
for each lead according to [19,35]:

1 &
yip=— > fO, 1<j<N/t (8)

i=(j-1)t+1
where 7 denotes the time-scale. Then SE is computed over each
coarse-grained series, leading to MSE computation [19]:

MSE(f(n),T,N,r,m)=SE(y",r,m,N/T) (9)

For time-scale 7=1, the coarse-grained series is simply the orig-
inal time-series, thus MSE at scale T = 1 corresponds to the SE of
the original time-series [19]. However MSE does not account for
spatial correlations in the signal, just as happened with SE. Hence,
to account for spatial correlations taking into account the inter-
lead correlations a multivariate extension for multiscale entropy
(MMSE) was developed in [20]. The MMSE can also be thought as
the multiscale extension of M-SE [20], which evaluates M-SE over
the different time scales and deals with the different embedding
dimensions, time-lags and amplitude ranges of data channels in a
rigorous and unified way [20]. MMSE computation, follows a sim-
ilar procedure to MSE. First, the coarse-grained series of f(n) is
computed independently for each lead according to (8) an then M-
SE is computed over the coarse-grained series, therefore account-
ing not only for the spatial correlations but also time correlations
that could be veiled in the signal.

The computation algorithms of MMSE and M-SE can be down-
loaded from http://www.commsp.ee.ic.ac.uk/~mandic/research/
Complexity_Stuff.htm and are fully described in [20,32]. For com-
putational purposes, a naive MMSE approach could be chosen
in order to avoid computational costs due to the estimation of
the number of matches across the p-subspaces. This naive ap-
proach estimates the average number of matches for each subspace
and then takes the average of the p-subspaces. However, in this
work the rigorous approach is chosen, as described in [20], in
situations where the measurements come from similar physical
quantities, simultaneously recorded at different positions in a spa-
tially extended system, catering for linear and/or nonlinear spatial
correlations along with temporal correlations, is crucial. This is
particularly, the case of ECG, as each lead measures the cardiac
electrical activity in a different phase-space direction. Moreover,
MMSE has been characterized by two aggregate measures the ac-
cumulated entropy, A, and the slopes of the MMSE curves, S, over
the time-scales ranges with similar behaviors. These two indices
allow for a more complete entropy characterization as they con-
tain information regarding several time-scales.

The minimum coarse-grained sequence length should be N >
300 for consistent estimation of M-SE [20,28]. This would lead to
a maximum time-scale t=100. Additionally, MMSE could be in-
terpreted as the M-SE of a signal downsampled to a sampling

IRBM 46 (2025) 100905

frequency t times. According to the maxima DF that needs to be
characterized and the Nyquist criteria, the minimum allowed sam-
pling frequency should be higher than 25 Hz, hence limiting the
maximum time-scale to be considered at t=40.

In order to provide a wider characterization of the f-waves
complexity, the complexity curves were globally characterized as
proposed in previous studies [36], by (i) area under the complex-
ity curve (A) and (ii) Slope of the complexity curve (S). These
complexity curves exhibited three clear regions, defined by low-
scales (LS), middle-scales (MS) and high-scales (HS). For each
region, .4 was computed as the integral of the curve, while S was
estimated by means of a first-degree polynomial approximation
considering minimum square error adjustment. The MSE ranges
were defined according to: LS : {t =1:6}, MS: {t =6:20} and
HS : {t =21:40} as in [36], while for MMSE the ranges were de-
fined according to: LS : {t =1:20}, and HS : {t = 20:40}.

Furthermore, spatio-temporal organization by means of PCA de-
composition was proposed by Bonizzi et al. considering AA spatial
complexity [37]. Spatial Complexity es defined as the number of
significant PC components required to explain 95% of the variance,
it is based on the idea that a more organized signal would be re-
flected in terms of a lower number of significant components.

AA organization is estimated over individual leads II and V1 (for
reference purposes), as they are considered to be the ones provid-
ing the best f-waves representation [38], and compared to their
multilead extension.

2.4. Statistical analysis

The proposed indexes were evaluated for statistical distribution
by means of the Kolmogorov-Smirnov (KS) hypothesis test [39].
This test considers as the null hypothesis that the data can be well
modeled by a normal distribution with mean px and standard devi-
ation o. This hypothesis is rejected when the p-value (significance)
is lower than 0.05.

Statistical significance was evaluated by means of the two-
sample T-Test (t-Test2) [40] or the Wilconson Rank sum test [41].
The selection of the test depends on the type of data distribu-
tion, if data is normally distributed t-Test2 is considered otherwise
the Wilconson test is needed. Both test consider as null hypothesis
that the data come from distributions with equal mean o median
values, respectively. This hypothesis is rejected whenever p < 0.05.

Finally, the Receiver Operating Characteristics (ROC) curves
were considered for classification accuracy evaluation. ROC curves
provide the statistical characterization on how good or bad a
characteristic can be used as a classifier, they provide informa-
tion regarding sensitivity (Se), specificity (Sp) and accuracy, this
last one, by the aggregate measure of the area under the curve
(AUC) [42]. Se provides information of the true positive classifi-
cation while Sp measures the true negative predictions for each
threshold considered. In this work, Se accounts for patients who
relapsed to AF sometime before the 4 week follow-up, whereas Sp
accounts for patients who were able to maintain SR. Moreover, the
optimal threshold to discern between patients maintaining SR and
relapsing to AF was computed according to the Youden’s criterion,
i.e.,, by maximizing the addition of true positive and true negative
ratios [43].

3. Results

In [25] the first PC component was proposed for MFWA estima-
tion, here different ranks were considered for its estimation, based
on the leads configurations that could be chosen. Fig. 3 depicts the
AUC ion terms of the number of PCs considered in the reconstruc-
tion of the signal for MFWA estimation. As it can be appreciated,
best AUC values are obtained when R=1, then they are generally
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Fig. 3. MFWA performance based on AUC for each PCA-Rank for 12-lead (blue-
square), limb leads (red-circle) and precordial leads (black-asterisk).

Table 2
AA standard unilead indices characterization: f-waves amplitude (FWA), dominant
frequency (DF) and Sample Entropy (SE). Median and interquartile ranges for SR
maintenance and AF relapse groups, statistical significance (p), accuracy (AUC),
sensibility (Se), and specificity (Sp) at the optimal threshold. Smallest p = 0.001
is given.

Lead II
Param. SR AF p Se Sp AUC
FWA 0.051 (0.032)  0.042 (0.019) 0.008 0.581 0.704 0.702

DF 4.883 (0.946) 5.981 (0.854)  0.001 0.806  0.701 0.819
SE 0.087 (0.030)  0.116 (0.032)  0.001 0.678 0815 0.814
Lead V1

Param. SR AF p Se Sp AUC

FWA 0.049 (0.055)  0.051 (0.044) 0366 0.871 0.407 0570

DF 4.761 (1.465)  6.104 (0.977)  0.001 0.806 0.630  0.766
SE 0.089 (0.043)  0.115(0.026)  0.001 0.806  0.630  0.745
Table 3

AA standard multi-lead extension indices characterization: Multivariate extension
of f-waves amplitude (MFWA), dominant frequency (MDF) and Sample Entropy
(M-SE). Median and interquartile ranges for SR maintenance and AF relapse groups,
statistical significance (p), accuracy (AUC), sensibility (Se), and specificity (Sp) at
the optimal threshold. Smallest p = 0.001 is given.

12-Lead
Param. SR AF p Se Sp AUC
MFWA  0.033 (0.021) 0.019 (0.013) 0.003 0629 0774 0.725

MDF 4639 (1.221)
M-SE  0.009 (0.004)

5.859 (0.824)  0.001 0.774  0.741 0.774
0.013 (0.003)  0.001 0.742  0.778  0.805

Limb Leads
Param. SR AF p Se Sp AUC
MFWA  0.038 (0.024) 0.030 (0.013) 0.017 0742 0.630 0.683

MDF 4761 (1.495)
M-SE  0.031 (0.014)

Precordial Leads
Param. SR AF p Se Sp AUC

MFWA  0.039 (0.027) 0.037 (0.017) 0342 0444 0806 0.573
MDF 4.761 (1.221) 5.615 (1.190) 0012 0677 0704 0.692
M-SE 0.021 (0.009)  0.032 (0.009)  0.001 0.806 0.704 0.798

5.615 (0.946)  0.001 0.742 0.704 0.759
0.041 (0.008)  0.001 0.742 0852  0.829

lowered until R=3 when a nearly monotonic behavior is found. Best
AUC are obtained for the limb leads at any case but PC = 1 for the
12-lead configuration.

Standard indices for amplitude, frequency and complexity of
the f-waves were computed over reference leads Il and V1 while
the multidimensional extensions were computed based on three
different lead configurations, considering only the limb leads, pre-
cordial leads and the 12-lead ECG configuration. Tables 2 and 3
provide the statistical characterization of the standardly consid-
ered indices for single lead and multilead approaches, respectively.
For all lead configuration but precordial lead V1, FWA for the SR
maintenance group are found to present larger values than for the
FA relapsing group. However, FWA values estimated over reference
lead V1 for both groups are found to be very close. FWA when
estimated over precordial leads, in both, unidimensional and mul-
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Fig. 4. Number of PCs needed to achieve a 95% signal reconstruction for (a) 12-Lead,
(b) limb leads and (c) precordial leads.

tidimensional approaches, were not found statistically significant
(p>0.05). Regarding FWA measures over limb leads, the AUC for
MFWA over limb leads is found to be slightly lower than its unidi-
mensional approach (68.3% vs. 70.2%), however higher and more
balanced Se and Sp values are found for the MFWA over limb
leads. Finally when the 12-lead configuration is considered, MFWA
increases discriminant ability in a 2% with respect to its unidimen-
sional reference FWA over lead II, along with more balanced Sp
and Se values.

The DF estimates result on higher values for AF relapsing pa-
tients than for SR maintenance ones, for both, unidimensional and
multidimensional approaches at all lead configurations (see Ta-
bles 2 and 3). With respect to unidimensional measures, lead II
presents higher AUC and more balanced Sp and Se values with
respect to lead V1. Similar behavior is found for MDF, when es-
timated over limb leads, DF increments AUC around a 6% with
respect to the estimated value over the precordial leads, while
providing higher Se values. MDF does not increase the unidimen-
sional DF AUC discriminant ability estimated over lead II, but does
provide more balanced Sp and Se (0.774-0.741 vs. 0.806-0.701)
values, particularly when the 12-lead configuration is considered.

SE behavior is found to be similar to DF. Larger values are es-
timated for AF relapse patients rather than for SR maintenance
ones, with sufficient statistical significance at any case. SE values
estimated over reference lead II presents higher AUC than when
computed over lead V1. Similarly M-SE presents better AUC values
when estimated over the limb leads than the other two multi-
lead configurations. M-SE presents smaller SE values than when
the unilead SE is computed, about one magnitude order lower, it
also increments AUC discriminant ability, about 5% regarding pre-
cordial leads and 2% over limb leads, along with more balanced Sp
and Se values at any case.

Regarding spatial complexity, Fig. 4 provides the boxplot distri-
bution of the number of PCs needed to reconstruct the f-waves
signals from their PCA decomposition with a 95% significance, for
the three multilead distributions considered. As it can be seen, SR
maintenance patients are fully described with one component less
than AF relapse patients, but its accuracy in predicting ECV out-
come does not outperform standard indices, being limited to 64%.

A multivariate multiscale analysis was also performed. Fig. 5
provides the statistical distribution, median and interquartile
ranges, for the SR maintenance and AF relapse groups at each
time-scale and the three lead configuration considered. It has to
be noted that even though time-scales up to 100 have been con-
sidered, only time-scales below 40 are of interest. As it was defined
in section 2 the minimum allowed sampling frequency is 25 Hz,
thus limiting the maximum time-scale to 40. In the region of in-
terest, MSE values for AF relapse patients are higher than for SR
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Fig. 5. MMSE characterization median and interquartile ranges for SR maintenance (blue) and AF relapse (red) at different the time-scales t for (a) 12-Lead, (b) limb leads
and (c) precordial leads configurations. The right column presents a more detailed view of the low-range time-scales.

maintenance ones, with independence of the lead configuration.
Interquartile ranges are higher in the SR maintenance group than
in AF relapse group. The overall MMSE behavior defines two re-
gions of interest, one at the low scales (LS, 7=1-20) where a
monotonic increase is found followed by a generalized decay in
complexity at the high scales (HS, 7=20-40). Higher values are
found for limb and precordial leads regarding the 12-Lead configu-
ration, almost nearly double. MMSE AUC for each of the multilead
configurations are plotted for the time-scales where statistical sig-
nificance is proven (see Fig. 6). The highest AUC is obtained for
the limb leads while the lowest performance is obtained over the
precordial leads. AUC is maxima at the short time-scales and de-
picts a monotonic decrease around a time-scale near 35, where the
minima AUC is obtained, and then is followed by a monotonic in-
crease for larger time-scales. As previously mentioned time-scales
above 40 are out of scope. MMSE was characterized by means of
the aggregated measures, A and S, in both time-scales regions,
Table 4 provides the statistical characterization of these indices,
along with the single-scale MMSE with the best AUC. The accumu-
lated complexity, A, provides best AUC on the LS while the slopes
allows for a better discrimination in the HS, with independence
of the lead configuration considered. The limb leads allow for a
better classification providing the highest AUC for each parame-
ter when compared to the other multilead configurations. Finally
even though single scale M-SE values present maxima AUC, sim-
ilar AUC values are achieved when Sys while providing the best
trade-off between Se and Sp for both, the 12-lead and the limb
lead configurations.

0.85

—— Precordial

time-scale (7)

Fig. 6. MMSE discriminant accuracy in terms of AUC when evaluated over the three
different multilead configurations.

For comparative purposes a MSE characterization over reference
leads Il and V1 was also performed. Fig. 7 presents the MSE me-
dian and interquartile ranges at each time-scale 7, in Fig. 8 the
discriminant ability for MSE in terms of AUC is plotted for both
leads, while in Table 5 the statistical characterization of the ag-
gregated indices at each of the time-scales regions is given along
with the single measure at the t providing the best discriminant
capabilities in terms of AUC.

Unilead MSE presents a different behavior to MMSE (see Fig. 5),
MSE depicts initially a monotonic increase at lower 7 (LS, 7=1:6),
followed by a nearly constant behavior in the middle-range 7 (MS,
7=6:20), to end up with a generalized increase for higher v (HS,
7=20:40). The last region, 7=40:100 presents a monotonic decrease
in complexity associated with the removal of frequencies of inter-
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f-waves MMSE statistical characterization for the multilead configurations and aggregated
indices, area under (.A) and slope of (S) the complexity curve computed over the low-
scales (LS), medium-scales (MS) and high-scale (HS). Median and interquartile ranges for
SR maintenance and AF relapse groups, statistical significance (p), accuracy (AUC), sensi-
bility (Se), and specificity (Sp) at the optimal threshold. Smallest p = 0.001 is given.

12-Lead
Param. SR AF p Se Sp AUC
MMSE (z=1)  0.009 (0.004)  0.013 (0.003) 0001 0742 0779 0.805
Ats 1.865 (0.936) 2540 (0.809)  0.001 0710 0741 0.788
Aps 3.189 (1.495) 4094 (1.091) 0037 0774 0556 0.661
Sis 0.008 (0.005)  0.011 (0.004)  0.001 0677 0704 0.757
Shus -0.001 (0.003)  -0.004 (0.003)  0.001 0741 0742  0.809
Limb Leads
Param. SR AF p Se Sp AUC
MMSE (7=6)  0.098 (0.046) 0129 (0.023)  0.001 0742 0852 0.833
Ars 6.232 (2262) 8444 (1432) 0001 0774 0778 0812
Ans 10010 (3.775) 11779 (3.622) 0.001 0710 0701  0.747
Sis 0.026 (0.009)  0.034 (0.007) 0001 0806 0778 0.798
Sus -0.006 (0.005)  -0.009 (0.003) 0.001 0774 0778 0812
Precordial Leads
Param. SR AF p Se Sp AUC
MMSE (7=1)  0.021 (0.009)  0.032 (0.009) 0001 0.806 0704 0.798
Als 4755 (2.665)  7.030 (2.275) 0001 0677 0701 0.753
Aps 7.895 (2.805)  8.827(2942) 0073 0645 0630 0.638
Sis 0.022 (0.010)  0.029 (0.009)  0.008 0645 0778 0.705
Shs -0.005 (0.005)  -0.008 (0.005)  0.002 0630 0871 0.739
est from the signal. Even though these differences, median MSE (a) ‘

Lo - . § SR
values for the AF group remain higher at all time-scales with re- 15l i AF| |
spect to the SE group along with lower interquartile ranges, just as ’
happened with MMSE. AUC is generally found to be higher for lead !!Iglim
II than for lead V1 at almost all T in the region of interest, but pro- |
viding slightly lower AUC values than MMSE when measured over u
the limb leads multi-lead configuration. The AUC (see Fig. 8) de- =
picts a different behavior among both leads in the LS, while AUC 0.5 | — 1
for lead Il decays in lead V1 increases until reaching a maxima s TEE
around 7=8. Then a similar behavior is found, AUC progressively
decreases until reaching a minima for 7~14 where it begins to in- OI ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
crease until a 30 < 7 < 40. Finally MSE curves were characterized b 10 20 30 40 50 60 70 8 90 100
by the A and S at each of the time-scales regions defined (see (b) ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
Table 5). Similarly to MMSE, AUC highest values are estimated in sl ’
the LS where interquartile ranges are found to be the lowest ones. ‘ jii i! |Iii|=i= If 1 !

The best discriminant ability in terms of AUC is found for .4 and S st I II““'II||. i

in the HS range. Even though AUC values are found to be slightly . Il“ll“!ll!!:::“P'Hn“:l“hllll
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timated over lead V1, however the Se could be lowered so as to e — i =!!III!!'--';'iI|||

guarantee a Sp higher than 65%, and still would provide Se values 0512 :

higher than 70% as it can be seen in Fig. 9 where the ROC curves
of the aggregated MSE parameters are plotted.

4. Discussion

This work explores whether a multidimensional f-waves char-
acterization can improve AF recurrence prediction before ECV
when compared to standard indices computed over single refer-
ence leads II or V1. To this end, the traditionally used indices
for f-waves characterization, such as, the FWA, DF or SE have
been extended to a multidimensional approach and measured over
three different multilead configurations: the traditional 12-Lead,
the limb leads or the precordial leads, also multilead indexes, like
spatial complexity have been considered and as a novelty, this
work for the first time proposes the use of MMSE for AF recur-
rence prediction.

Reference leads were chosen based on their anatomical position
and previous findings. Lead II is considered to present the highest

10 20 30 40 50 60 70 80 90 100
time-scale (7)

Fig. 7. MSE median and interquartile ranges for AF relapse and SR maintenance
groups measured at (a) lead II and (b) lead V1.

P wave amplitude and better signal-to-noise ratio [44], it is aligned
with the interatrial septum [45] and DF when measured over it
presents the highest correlation with left atrial appendage intrac-
ardiac measures [44] while V1 is closely located to the right atrium
[45] and DF measures provide the highest correlation to the right
atrial appendage intracardiac measures [44].

Traditional f-waves characterization indices were computed
over single reference leads II and V1, for all cases the prediction ac-
curacy reported in terms of AUC was higher for lead II rather than
V1, this could be due to the fact that lead II is a bipolar lead and
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Table 5
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f-waves MSE statistical characterization over leads Il and V1 and aggregated complexity
indices: area under (.A) and slope (S) of the complexity curve computed over the low-
scales (LS), medium-scales (MS) and high-scale (HS). Median and interquartile ranges
for SR maintenance and AF relapse groups, statistical significance (p), accuracy (AUC),
sensibility (Se), and specificity (Sp) at the optimal threshold. Smallest p=0.001 is given.

Lead Il
Param. SR AF p Se Sp AUC
MSE (t=1)  0.087 (0.030)  0.116 (0.032) 0.001 0815 0678 0814
Ars 1.958 (0.471) 2414 (0.409)  0.001 0806 0667 0788
Awms 8.377 (1.126) 9.036 (1.426) 0001 0839 0703 0.791
Apns 16.271 (5.698) 20273 (1.622)  0.001 0774 0778  0.792
Sis 0.087 (0.011)  0.089 (0.003)  0.044 0.645 0704  0.655
Swus 0.006 (0.005)  0.005 (0.005) 0575 0581 0593 0544
Shs 0.021 (0.020)  0.030 (0.003)  0.002 0871 0630 0.743
Lead V1
Param. SR AF p Se Sp AUC
MSE (t=7) 0533 (0.116)  0.582(0.030) 0001 0839 0667 0785
Als 2.006 (0.685)  2.390 (0274)  0.001 0677 0778 0.754
Awms 8447 (0.981)  9.044 (0.427) 0001 0774 0747  0.767
Aps 14.264 (4.920)  19.028 (4362) 0001 0742 0741 0772
Sis 0.083 (0.016)  0.088 (0.004)  0.002 0871 0667 0.776
Swus 0.005 (0.010)  0.004 (0.004) 0224 0774 0482 0594
Shs 0.016 (0.017)  0.026 (0.008)  0.001 0.839 0704 0.784
0.85 . . . .
P— for the limb leads than for the precordial leads. This could be re-
—— V1 lated to the fact that lead II and the augmented limb leads are
08 estimated from a linear combination of leads I and II, which could
8 enhance similar information present in both leads while reducing
i 0.75 f noise and artifacts, thus leading a better characterization.
Regarding standardly used indices for f-waves characteriza-
0.7 tion, amplitude was estimated by a non-supervised method based
on the root-mean-square (RMS) value for similarity with previ-
0.65 L : ous works which considered similar excerpts of the same database
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Fig. 8. MSE AUC performance for leads I and V1. Only time-scales were p < 0.05.
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Fig. 9. AUC curves for A and S in the HS time-scales. The red dot identifies the
optimal threshold estimated by Youden'’s criteria.

according to [44] considered to present better signal-to-noise ratio,
thus enhancing results. Similarly, the multivariate indices overall
performance for ECV outcome prediction in terms of AUC is higher

and allows for a better comparability among findings [7,9,36]. For
the multilead estimation, the proposal of Meo et al. in [25] has
been considered. As previously described, a reduced R=1 Rank was
considered for PCA decomposition even though the FWA in [25]
were characterized by an envelope based index, termed D. The SR
maintenance group presents higher median values than the AF re-
lapse group for all lead configurations but reference lead V1, even
though very similar values are found among both groups. Statisti-
cal significance (p <0.05) is only proven for the 12-lead multivari-
ate configuration, reference lead Il and the multivariate limb leads
configuration. The voltage is theoretically proportional to the cur-
rent amount generated from the conductive myocardial mass [45],
thus a relatively low voltage could imply a smaller number of
cell activations which could be interpreted to a higher modifi-
cation in the electrical substrate leading to a higher recurrence
probability, this result is supported by previous findings in the
literature [7,9,17,45,46] among unilead FWA estimations [25] or re-
garding MFWA characterization, moreover very close AUC values to
those in [25] are obtained here for the 12-lead MFWA characteriza-
tion, even though different databases and AF termination protocols
are considered. The D index was also tested here but provided AUC
values around a 10% lower than the ones obtained with the RMS
technique, hence they were discarded. These findings are contrary
to those in [25] where D index provided best results than the RMS
one. This leds to think that even though the databases are not
comparable as catheter ablation (CA) was considered in [25] for
AF termination, the RMS seems to be a more robust index which
may not rely on the AF termination technique.

Regarding the comparison between multilead and unilead FWA
characterization, MFWA outperforms single lead measures when
the 12-lead are taken into account (see Table 2). Contrary, when
the precordial leads are considered, similar AUC values to those
estimated over lead V1 or over the limb leads. MFWA does not
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outperform lead II but provides a better balanced Sp and Se val-
ues. The multilead approach considers the median value of the
FWA estimates over the 12 leads to provide a measure of the cen-
tral tendency of the dataset. This measure provides a less sensitive
FWA estimation to outliers [25]. Particularly, the FWA depends not
only on the amount of mass of cardiac tissue being activated in
the wavefront propagation but also on the transthoracic impedance
associated to the chest wall and the area of recording (proximity
of the electrode to the atrial chambers) [25,45]. Hence, estimat-
ing the MFWA as the median of the individual leads FWA based
on PCA allows for summarizing the information of the 12-lead AA
into one single index that generalizes the behavior among different
leads. Following this methodology, an amplitude characterization
considering higher PCA ranks was performed, results are given in
Fig. 3. Even though statistical significance was not proven for any
of the considered PCA ranks among the precordial leads configura-
tion, this figure shows how the AUC is decreased when more than
1 PCA component is considered just as in [25]. The AUC for pre-
cordial leads appears to be about 20% lower than for limb or the
12-lead configuration, which remain nearly equal for all PCA ranks
considered, according to this finding one could think that substrate
modification is more evident in the left atria than in the right one,
but also that the bipolarity of the limb leads allows for a better
representation of the f-waves morphology than the unipolar pre-
cordial leads.

Regarding PCA decomposition Bonizzi et al. proposed in [37]
the Spatial Complexity (SC) as an indicator of AF organization.
SC is defined as the average number of significant PCA compo-
nents required to explain the 95% of the variance. Following that
idea, SC was computed over the 12-lead distribution, and the in-
dividual limb and precordial leads configuration, results given in
Fig. 4 showed that SR maintenance group needs one component
less than AF relapse group AA signals to explain the 95% variance,
telling that AF in the SR maintenance patients presents a more or-
ganized behavior, results which are supported by previous findings
in the literature [17,37,47,48], even though substantial differences
regarding, signal types, databases, study scope and AF termination
procedures are found among the works.

Going back to standard indices, similarly to FWA, the DF was
characterized over leads II, V1 and the multilead extensions. This
index was estimated form the spectral envelope [26,27] com-
puted from the three considered multilead configurations, results
were given in Table 2. Although most of the works in the litera-
ture [7-9,44] consider V1 as the reference lead due to its proximity
to the right atrium [31,49], here the best classification accuracy in
terms of AUC was obtained over limb lead II just as in [17,44].
This finding could be associated to a physiological phenomena,
the spatial information where the AF is originated or sustained
is yet unknown, as mentioned before, lead V1 is considered to
present higher correlation with the right atrial appendage intracar-
diac measures [44], while lead II is considered to be aligned with
the interatrial septum [45], thus not only reflecting the right atria
AF wavefronts, but also the left atrial ones, hence leading to a bet-
ter or more accurate estimation of the dominant atrial wavefront
characterization in terms of the DF. Another reason, could be that
more AF trigger or maintenance pathways are found in the left
atria, Buttu et al. in [50] were able to identify CA AF site termi-
nation by means of an adaptive frequency tracking. Thus following
this idea, one could think that the left atria could probably hold
a larger amount of AF wavefronts propagating than are present
in the right atria. Higher median values are obtained for AF re-
lapsing group than for SR maintenance one, similarly to previous
researches [7,9,17,46], being also the best predictor of SR mainte-
nance among the three unilead considered indices, in [17,46] the
DF was also found out to be the best stand-alone index to predict
ECV outcome. Here, a multidimensional extension of the DF based
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on the spectral envelope was proposed, neither of the MDF esti-
mations outperform the AUC capabilities of DF(II) for ECV outcome
prediction (see Table 2), but better balanced Se and Sp values can
be found for the 12-lead configuration even though AUC is found
to be slightly lower. This lowering in the AUC could be somehow
due to the MDF estimation process, the spectral envelope could
be roughly interpreted as the maxima envelope of the individual
PSD estimated over each lead, thus reducing its frequency resolu-
tion, which could, somehow, result in a less accurate estimation.
Nonetheless, statistically significant differences are still found and
a better trade-off between Sp and Se is achieved.

The last standard index considered was SE, it has been com-
monly used to asses AF complexity and predict SR maintenance
with limited success [7,17,46]. Similarly to DF, best ECV outcome
prediction was obtained for lead II as in [17]. SE estimates higher
values (more complex signals) for AF relapsing patients. This find-
ing agrees with previously reported results [7,17,46], where higher
SE values are associated with more complex systems which could
be some how related to a higher substrate modification [46] and
consequently leading to a higher probability of AF recurrence. Mul-
tilead SE was proposed by Ahmed et al. [20]. M-SE has not been
previously used to evaluate the proarrhythmic condition of persis-
tent AF patients, neither ECV outcome prediction. Regarding the
results presented in Table 2, M-SE outperforms SE(V1) for any
multilead configuration, but only outperforms SE(II) when M-SE is
computed over the limb leads. Even though the increase in AUC
is limited (around 1.5%), the AUC characteristics Se and Sp provide
better balanced ROC curves leading to a 85% correct classification
of SR maintenance patients and 74% correct classification of AF
relapsing ones, hence considering the correct lead configuration,
M-SE outperforms single lead measures.

Recently, the use of multiscale entropy (MSE) for the evalua-
tion of the proarrhythmic condition and ECV outcome prediction
was proposed [36]. MSE was able to improve the correct classifica-
tion into SR maintenance or AF relapsing in at least 7 points when
the correct T was considered. Aggregated measures of MSE at the
LS, MS and HS and the slopes of the MSE at these regions were
introduced, again, leading to an increase of a 7% in AUC when com-
pared to SE. In [36] only evaluated the proarrhythmic condition
over lead V1 was evaluated, here, also the evaluation over lead II
is considered with a comparative purpose regarding the multilead
extension of MSE (MMSE) as proposed by [20,32]. MMSE and MSE
were evaluated over a wide range of time-scales (T <100), even
though only 7 <40 are of interest, as it has been previously de-
fined in sec. 2.3. MMSE curves were presented in Fig. 5, higher
values are observed for AF relapsing patients along with lower
interquartile ranges. Instead of the three regions defines in [36]
for MSE (see Fig. 7), two regions are found here. In the LS re-
gion, corresponding to 1 < v < 20, an increasing behavior with the
time-scale is found while in the HS, for time-scales ranging from
20 to 40 a decreasing behavior is observed, along with higher in-
terquartile ranges.

According to [20], a multivariate system exhibiting long-range
correlations and complex generating dynamics is characterized by
either a constant MSampEn or it exhibits a monotonic increase
in MSampEn with the scale factor, the cardiac system is widely
known to be a complex generating dynamics system with long-
range correlations, thus the observed behavior in Fig. 5 for MMSE
values can be assumed to correctly represent the internal dynam-
ics on AA. Even though MMSE has not previously been used for AF
characterization, similar behavior is found over electroencephalo-
graph (EEG) signals [51] even though only 5 temporal scales were
analysed, a monotonic relative increase can be observed when
dealing with occipital area electrodes MMSE. Similarly Azami et al.
in [52] provides a MMSE characterization over EEG signals from 22
subjects with Alzheimer disease. A relative increase in the MMSE
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values along with the time-scale is observed until either a decrease
or stabilization on the MMSE values is achieved. This two previ-
ous works dealing with EEG signals consider only a reduced set
of time-scales, Humeau-Hautier in [53] provides a generalized ex-
tension of MMSE where the coarse-grained series are computed
by different statistical moments, considering not only the mean
value of the signal but also the standard deviation or skewness, in
this work, both, rats and human EEGs were analysed, results pro-
vided similar results showing an increase with time-scale in the
complexity of the EEG signals even though the refined-composite
version of MSE is considered. Ahmed et al. in [54] presents a
characterization of EEG signals for brain consciousness, where the
maximum time-scaled considered was of =100, as it can be seen,
a more steep increase is found during a higher range of time-
scales, just as it was found in this work. Higher MMSE values
were found for the AF group than for the SR group, just as ex-
pected, with smaller variability in the AF group. These results are
supported by [20] where it states that multivariate time series
are considered more dynamically complex if for the majority of
time scales the MMSE values are higher and similar to those found
in [51-54] for the EEG signals considered. Finally, [20] states that
a monotonic decrease in the MMSE values with the scale factor
indicates that the signal in hand only contains useful information
at the smallest time-scales, which is typical for both, completely
random and fully predictable signals. This statement could lead
to think that at 7/20, spatial correlation among leads becomes
irrelevant and only temporal correlations of AF remain apparent.
Even though a monotonic decrease is found in the MMSE at the
HS region, complexity values remain larger than those obtained
for lower time-scales, one then could think that spatial correla-
tions among leads could carry more information about relapsing
processes of AF than the temporal ones. When considering the 12-
lead configuration, long-range correlations are found for a broader
range of time-scales, thus leading to think that spatial correlations
have larger prevalence than temporal ones. Regarding AF, a simi-
lar explanation could be given, wavefronts with higher DF would
lead to higher temporal correlations while wavefronts with broader
bandwidth (lager number of components), would lead to broader
spatial correlations and higher complexity values, just as previ-
ously stated in the literature when dealing with the organization
index [17,33,36] for unilead measurements.

Unilead MSE (see Fig. 7) were defined by three time-scale re-
gions, the first one, the LS, up to t=10 was previously associated
to the oversampling effect. The second one, the MS, up to 7=20 the
coarse-grained procedure did not alter the f-waves spectral con-
tent. Then for higher time-scales values, fast oscillations present
in the f-waves were removed. These oscillations could be associ-
ated to wavefronts propagating in the area relative to harmonics of
the main DF component, noise or additional wavefronts with lower
amplitudes [36], thus enhancing the fundamental information in
the AF signal. Lead II presents lower interquartile ranges than V1,
while similar median values are obtained, this could be due to the
idea that a higher number of propagating paths could be found in
the right atria than in the left atria, or could be due to the idea
that lead II is capable of enhancing the AF and reducing artifact or
noise that do not contribute to AF triggering or maintenance [44].
A different behavior is found among MMSE and MSE in the HS.
This could be related to the idea that the spatial correlations found
in the unilead recordings are limited to an specific substrate area,
while multilead recordings cover a wider atrial surface, thus lead-
ing to a larger number of spatiotemporal correlations. Then one
could think that the increase MSE at this point is more relative
to temporal correlations than to spatial ones, thus supporting pre-
vious hypothesis for MMSE where the HS was thought to reflect
temporal rather than spatial correlations. Previously to [36] only
one work dealt with MSE to discriminate AF from SR signals [55].

11

IRBM 46 (2025) 100905

This work analyzes the power of MSE to differentiate between SR
and AF signal segments over lead V1. But leading to similar find-
ings, AF signals presented higher complexity values than SR signals
segments.

The discriminant ability between AF relapse and SR mainte-
nance patients was evaluated in terms of the AUC. The compar-
ison between the different proposed approaches was presented
in Fig. 6, these curves show how a multidimensional approach
provides a better discrimination between groups, providing val-
ues higher than 80% for t < 10, outperforming unidimensional
measures at these time-scales (see Fig. 8). Again, leading to the
hypothesis that the spatial correlations that can be found in AA
signals are more relevant than the temporal correlations. This find-
ing is particularly interesting when dealing with short-time series
under 1000 samples length. The robustness of the complexity mea-
sures rely on the number of matches, hence the larger probability
of finding a greater number of matches the more robust results
will be obtained. This way, MMSE would display more robust re-
sults as the probability of encountering matches is increased not
only due to the higher number of samples but also to the increas-
ing available dimensions [32] reporting more robust results with
accuracies higher than 80%.

AF regularity was not only evaluated by means of single scale
values, in Table 3 the aggregated measures of A and S at each
time region were given. For comparative purposes the same indices
were estimated over the unilead MSE measures (see Table 4). MSE
values estimated the best AUC accuracies in the LS contrary to [36]
but it has to be taken into account that here only 58 out of the 70
signals in [36] were considered in the analysis, as were the only
ones where the 12-lead were fully interpretable. Anyway, it could
be seen how for lead V1, higher time-scale than 1 is considered
as the best AUC, thus supporting the previously presented results,
that AF content is more relevant in higher time-scales and match-
ing the idea presented by [19], that physiological systems exhibit
long-range correlations that could aid in the understanding of the
physiological mechanisms. Nonetheless, the aggregated indices, S
and A do estimate the best AUC values in the LS even though
they do not outperform single time-scale measures they do pro-
vide better balanced Se and Sp values, just as in [36], a substantial
reduction in the database was considered.

Most of the works found in the literature leading with multi-
variate AF characterization, do not really provide a multilead ECG
characterization. Most of them consider the use of multivariate lo-
gistic regression models built with unilead indices computed over
the 12 lead, i.e. [17,33,46] or including some multilead indices
as frequency domain indices computed over the spectral entropy
or PCA-based indices for time and frequency characterization, but
none purely multilead computation, such as MMSE. By consider-
ing this type of models, AUC of ECV outcome prediction increased
the predictive accuracy of individual indices but reaching values
lower than 90% [48], 86% [56], 78% [17] or 74% [33]. Here, lin-
ear discriminant models were built considering complexity indices
and combining them with standard indices, in Table 5 it can be
seen how the combination of complexity indices when combined
with traditionally indices outperform complexity measures models
in at least 4% and up to 14%, no matter whether unilead or mul-
tilead parameters are considered. When multilead parameters are
considered for the model, AUC is also increased in at least 3 points
to that obtained from reference lead II. Then it could be though
that AF does not only exhibit time-correlations, but also that spa-
tial correlation are important and maybe more relevant to unveil
the intrinsic dynamics ruling AF relapsing processes.
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5. Conclusions

Multidimensional characterization of standard indices even
though providing more balanced ROC curves than unidimensional
ones, do not provide any significant increment (rarely higher than
2%) in the discriminant ability when the 12 leads are considered
regarding reference lead Il but do increase accuracy when ref-
erence lead V1 is considered. Meanwhile, if only limb leads or
precordial leads are considered in the analysis, AUC are increased
compared to the reference unilead indices, while providing a bet-
ter trade-off between Sp and Se values.

Multidimensional complexity analysis outperforms unidimen-
sional MSE analysis over reference leads at short time-scales reach-
ing a correct classification accuracy higher than 80% for time-scales
smaller than 10, this is particularly interesting when short-data
record lengths are available, particularly when limb leads are con-
sidered. Thus, suggesting that spatial correlations present in the AA
signal are more relevant than temporal ones in order to unveil the
intrinsic mechanisms that rule the processes for SR maintenance.
Nonetheless, due to the limited database considered a more deeper
study needs to be performed.

AA dynamics during persistent AF [57], based on the idea that a
multidimensional f-waves signal can be built and then analysed in
the short- and long-term regimes with lower computational costs.
Thus, following this idea, maybe constructing a single f-waves sig-
nal containing the multilead information and then processing it
with univariate complexity measures would lead to similar find-
ings with less computational costs, thus allowing for real-time
computation.

Some more limitations of the proposed study lay on the
database, only 58 patients could be considered for the analysis,
and a slight unbalanced between FA relapsing and SR maintenance
patients could be found, along with sex differences among both
groups. Thus a higher database should be considered if a more
generalized prospective study wants to be performed.

CRediT authorship contribution statement

Eva Maria Cirugeda Roldan: Writing - review & editing, Writing
- original draft, Visualization, Validation, Software, Methodology,
Formal analysis, Data curation, Conceptualization. Eva Plancha:
Validation, Resources, Data curation. Victor M. Hidalgo: Validation,
Resources, Data curation. Sofia Calero: Validation, Resources, Data
curation. Jose Joaquin Rieta: Project administration, Funding acqui-
sition, Conceptualization. Raul Alcaraz: Writing - review & editing,
Validation, Supervision, Resources, Project administration, Funding
acquisition, Conceptualization.

Author contributions

All authors attest that they meet the current International Com-
mittee of Medical Journal Editors (ICMJE) criteria for Authorship.

Informed consent and patient details

The authors declare that this report does not contain any per-
sonal information that could lead to the identification of the pa-
tient(s) and/or volunteers.

Ethics statement

This research utilized privately available datasets from the Uni-
versity Hospital of Albacete collected for previous studies and it
did not involve the collection of new data or experiments involv-
ing human or animal subjects. As such, no ethical approval was
required from an ethics committee.

12

IRBM 46 (2025) 100905

Human and animal rights

The authors declare that the work described has not involved
experimentation on humans or animals.

Funding

This work has been supported by: projects:

1) PID2021-1285250B-100, PID2021-1238040B-100 and TED2021-
130935B-100 of the Spanish Government 10.13039/501100011033
jointly with the European Regional Development Fund

2) SBPLY/21/180501/000186 from Junta de Comunidades de
Castilla-La Mancha

3) CIAICO/2023/200 from Generalitat Valenciana.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial or personal relationships that could be viewed as influencing
the work reported in this paper.

References

[1] Kirchhof P, Benussi S, et al. 2016 ESC guidelines for the management
of atrial fibrillation developed in collaboration with EACTS. Eur Heart ]
2016;37(38):2893-962. https://doi.org/10.1093/eurheartj/ehw210.

[2] January C, Wann L, et al. 2014 AHA/ACC/HRS guideline for the manage-
ment of patients with atrial fibrillation: a report of the American college
of cardiology/American heart association task force on practice guidelines
and the heart rhythm society. Circ 2014;130(23). https://doi.org/10.1161/CIR.
0000000000000041.

[3] Fuster V, Rydén L, et al. ACC/AHA/ESC 2006 guidelines for the management of
patients with atrial fibrillation. ] Am Coll Cardiol 2006;48(4):e149-246. https://
doi.org/10.1016/j.jacc.2006.07.018.

[4] Gallagher M, Yap Y, et al. Arrhythmic complications of electrical cardioversion:
relationship to shock energy. Int ] Cardiol 2008;123(3):307-12. https://doi.org/
10.1016/j.jjcard.2006.12.014.

[5] Holmgqvist F, Stridh M, et al. Atrial fibrillation signal organization predicts sinus
rhythm maintenance in patients undergoing cardioversion of atrial fibrillation.
Europace 2006;8(8):559-65. https://doi.org/10.1093/europace/eul072.

[6] Rademacher W, Seeck A, et al. Multidimensional ECG-based analysis of cardiac
autonomic regulation predicts early AF recurrence after electrical cardioversion.
] Electrocardiol 2012;45(2):116-22. https://doi.org/10.1016/j.jelectrocard.2011.
09.001.

[7] Alcaraz R, Hornero F, Rieta ]. Noninvasive time and frequency predic-
tor of long-standing atrial fibrillation early recurrence after electrical car-
dioversion: predictor of cardioversion outcome. Pacing Clin Electrophysiol
2011;34(10):1241-50. https://doi.org/10.1111/j.1540-8159.2011.03125.x.

[8] Alcaraz R, Rieta ]. Time and frequency recurrence analysis of persistent atrial
fibrillation after electrical cardioversion. Physiol Meas 2009;30:479-89. https://
doi.org/10.1088/0967-3334/30/5/005.

[9] Alcaraz R, Rieta J. A non-invasive method to predict electrical car-
dioversion outcome of persistent atrial fibrillation. Med Biol Eng Comput
2008;46(7):625-35. https://doi.org/10.1007/511517-008-0348-5.

[10] Alcaraz R, Rieta ]. Application of wavelet entropy to predict atrial fibrillation
progression from the surface ECG. Comput Math Methods Med 2012;2012:1-9.
https://doi.org/10.1155/2012/245213.

[11] Alcaraz R, Rieta J. Central tendency measure and wavelet transform combined
in the non-invasive analysis of atrial fibrillation recordings. Biomed Eng Online
2012;11(1):46. https://doi.org/10.1186/1475-925X-11-46.

[12] Van Den Berg M, Van Noord T, et al. Clustering of RR intervals predicts ef-
fective electrical cardioversion for atrial fibrillation. J Cardiovasc Electrophysiol
2004;15(9):1027-33. https://doi.org/10.1046/j.1540-8167.2004.03686.x.

[13] Seeck A, Rademacher W, et al. Prediction of atrial fibrillation recurrence after
cardioversion—interaction analysis of cardiac autonomic regulation. Med Eng
Phys 2013;35(3):376-82. https://doi.org/10.1016/j.medengphy.2012.06.002.

[14] Lankveld T, Zeemering S, et al. The ECG as a tool to determine atrial fibrilla-
tion complexity. Heart 2014;100(14):1077-84. https://doi.org/10.1136/heartjnl-
2013-305149.

[15] Alcaraz R, Hornero F, Rieta ]. Noninvasive predictors of atrial fibrillation early
recurrence after electrical cardioversion and their link to atrial remodeling. Int
] Bioelectromagn 2013;15:36-40.

[16] Petersson R, Sandberg F, et al. Noninvasive estimation of organization in
atrial fibrillation as a predictor of sinus rhythm maintenance. ] Electrocardiol
2011;44(2):e11. https://doi.org/10.1016/j.jelectrocard.2010.12.034.


https://doi.org/10.1093/eurheartj/ehw210
https://doi.org/10.1161/CIR.0000000000000041
https://doi.org/10.1161/CIR.0000000000000041
https://doi.org/10.1016/j.jacc.2006.07.018
https://doi.org/10.1016/j.jacc.2006.07.018
https://doi.org/10.1016/j.ijcard.2006.12.014
https://doi.org/10.1016/j.ijcard.2006.12.014
https://doi.org/10.1093/europace/eul072
https://doi.org/10.1016/j.jelectrocard.2011.09.001
https://doi.org/10.1016/j.jelectrocard.2011.09.001
https://doi.org/10.1111/j.1540-8159.2011.03125.x
https://doi.org/10.1088/0967-3334/30/5/005
https://doi.org/10.1088/0967-3334/30/5/005
https://doi.org/10.1007/s11517-008-0348-5
https://doi.org/10.1155/2012/245213
https://doi.org/10.1186/1475-925X-11-46
https://doi.org/10.1046/j.1540-8167.2004.03686.x
https://doi.org/10.1016/j.medengphy.2012.06.002
https://doi.org/10.1136/heartjnl-2013-305149
https://doi.org/10.1136/heartjnl-2013-305149
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib438A09BF6044D9B3018B551626CA1CD0s1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib438A09BF6044D9B3018B551626CA1CD0s1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib438A09BF6044D9B3018B551626CA1CD0s1
https://doi.org/10.1016/j.jelectrocard.2010.12.034

E.V. Cirugeda Roldan, E. Plancha, V.M. Hidalgo et al.

[17] Zeemering S, Lankveld T, et al. The electrocardiogram as a predictor of suc-
cessful pharmacological cardioversion and progression of atrial fibrillation. Eu-
ropace 2018;20(7):e96-104. https://doi.org/10.1093/europace/eux234.

[18] Bollmann A, Husser D, et al. Analysis of surface electrocardiograms in
atrial fibrillation: techniques, research, and clinical applications. EP Europace
2006;8(11):911-26. https://doi.org/10.1093/europace/eul113.

[19] Costa M, Goldberger A, Peng C-K. Multiscale entropy analysis of complex
physiologic time series. Phys Rev Lett 2002;89:068102. https://doi.org/10.1103/
PhysRevLett.89.068102.

[20] Ahmed M, Mandic D. Multivariate multiscale entropy: a tool for complexity
analysis of multichannel data. Phys Rev E 2011;84(6). https://doi.org/10.1103/
PhysRevE.84.061918.

[21] S6rnmo L, Laguna P. Chapter 7 - ecg signal processing. In: Sornmo L, Laguna P,
editors. Bioelectrical signal processing in cardiac and neurological applications,
biomedical engineering. Burlington: Academic Press; 2005. p. 453-566.

[22] Vest A, da Poian G, et al. An open source benchmarked toolbox for cardiovascu-
lar waveform and interval analysis. Physiol Meas 2018;39(10):105004. https://
doi.org/10.1088/1361-6579/aae021.

[23] Stridh M, Sérnmo L. Spatiotemporal QRST cancellation techniques for analysis

of atrial fibrillation. IEEE Trans Biomed Eng 2001;48(1):105-11. https://doi.org/

10.1109/10.900266.

Corino V, Sassi R, et al. Signal processing methods for information enhance-

ment in atrial fibrillation: spectral analysis and non-linear parameters. Biomed

Signal Process Control 2006;1(4):271-81. https://doi.org/10.1016/j.bspc.2006.

12.003.

Meo M, Zarzoso V, et al. Spatial variability of the 12-lead surface ECG as a

tool for noninvasive prediction of catheter ablation outcome in persistent atrial

fibrillation. IEEE Trans Biomed Eng 2013;60(1):20-7. https://doi.org/10.1109/

TBME.2012.2220639.

McDougall A, Stoffer D, Tyler D. Optimal transformations and the spectral en-

velope for real-valued time series. J Stat Plan Inference 1997;57(2):195-214.

https://doi.org/10.1016/S0378-3758(96)00044-4.

[27] Wendt D, Tyler D, Stoffer D. The spectral envelope and its applications. Stat Sci
2000;15(3):224-53. https://doi.org/10.1214/ss/1009212816.

[28] Richman ], Moorman ]. Physiological time-series analysis using approx-
imate entropy and sample entropy. Am ] Physiol, Heart Circ Physiol
2000;278(6):H2039-49. https://doi.org/10.1152/ajpheart.2000.278.6.H2039.

[29] Alcaraz R, Abasolo D, et al. Optimal parameters study for sample entropy-based
atrial fibrillation organization analysis. Comput Methods Programs Biomed
2010;99(1):124-32. https://doi.org/10.1016/j.cmpb.2010.02.009.

[30] Pincus S. Approximate entropy (ApEn) as a complexity measure. Chaos
1995;5(1):110-7. https://doi.org/10.1063/1.166092.

[31] Holm M, Pehrson S, et al. Non-invasive assessment of the atrial cycle length
during atrial fibrillation in man: introducing, validating and illustrating a new
ecg method. Cardiovasc Res 1998;38(1):69-81. https://doi.org/10.1016/S0008-
6363(97)00289-7.

[32] Ahmed M, Mandic D. Multivariate multiscale entropy analysis. IEEE Signal Pro-
cess Lett 2012;19(2):91-4.

[33] Lankveld T, Zeemering S, et al. Atrial fibrillation complexity parameters de-
rived from surface ECGs predict procedural outcome and long-term follow-up
of stepwise catheter ablation for atrial fibrillation. Circ Arrhythm Electrophysiol
2016;9(2). https://doi.org/10.1161/CIRCEP.115.003354.

[34] Alcaraz R, Rieta J. A novel application of sample entropy to the elec-
trocardiogram of atrial fibrillation. Nonlinear Anal, Real World Appl
2010;11(2):1026-35. https://doi.org/10.1016/j.nonrwa.2009.01.047.

[35] Costa M, Goldberger A, Peng C-K. Multiscale entropy analysis of biological sig-
nals. Phys Rev E 2005;330(2):021906(18). https://doi.org/10.1103/PhysRevE.71.
021906.

[36] Cirugeda E, Calero S, et al. Multi-scale entropy evaluates the proarrhyth-
mic condition of persistent atrial fibrillation patients predicting early fail-
ure of electrical cardioversion. Entropy 2020;22(7):748. https://doi.org/10.3390/
e22070748.

[37] Bonizzi P, de la Salud Guillem M, et al. Noninvasive assessment of the com-
plexity and stationarity of the atrial wavefront patterns during atrial fibril-

[24]

[25]

[26]

13

IRBM 46 (2025) 100905

lation. IEEE Trans Biomed Eng 2010;57(9):2147-57. https://doi.org/10.1109/
TBME.2010.2052619. http://ieeexplore.ieee.org/document/5484512/.

[38] Petrutiu S, Ng J, et al. Atrial fibrillation and waveform characterization. IEEE
Eng Med Biol Mag 2006;25(6):24-30. https://doi.org/10.1109/EMB-M.2006.
250505.

[39] Frank JJ. The Kolmogorov-Smirnov test for goodness of fit. ] Am Stat Assoc
1951;46(253):68-78. https://doi.org/10.1080/01621459.1951.10500769.

[40] Williams L, Quave K. Chapter 7 - Comparing two groups: t-tests. Academic
Press; 2019.

[41] Gibbons ], Chakraborti S. Chapter 6 - The general two sample problem. 5th edi-
tion. Statistics: textbooks and monographs, vol. 198. Boca Raton, Fla: Chapman
& Hall/CRC Press; 2011.

[42] Zweig M, Campbell G. Receiver-operating characteristic (roc) plots: a funda-
mental evaluation tool in clinical medicine. Clin Chem 1993;39(4):561-77.
https://doi.org/10.1093/clinchem/39.4.561.

[43] Hwang Y-T, Hung Y-H, et al. Finding the optimal threshold of a parametric ROC
curve under a continuous diagnostic measurement. Stat J 2018;16(1):23-43.
https://doi.org/10.57805/revstat.v16i1.231.

[44] Uetake S, Miyauchi Y, et al. Frequency analysis of surface electrocardiograms
(ECGs) in patients with persistent atrial fibrillation: correlation with the intrac-
ardiac ECGs and implications for radiofrequency catheter ablation. ] Arrhythmia
2014;30(6):453-9. https://doi.org/10.1016/j.joa.2013.12.003.

[45] Park ], Lee C, et al. Early differentiation of long-standing persistent atrial fibril-
lation using the characteristics of fibrillatory waves in surface ECG multi-leads.
Sci Rep 2019;9(1):2746. https://doi.org/10.1038/s41598-019-38928-6.

[46] Lankveld T, de Vos CB, et al. Systematic analysis of ECG predictors of sinus
rhythm maintenance after electrical cardioversion for persistent atrial fibril-
lation. Heart Rhythm 2016;13(5):1020-7. https://doi.org/10.1016/j.hrthm.2016.
01.004.

[47] Bonizzi P, Zeemering S, et al. Systematic comparison of non-invasive mea-
sures for the assessment of atrial fibrillation complexity: a step forward
towards standardization of atrial fibrillation electrogram analysis. Europace
2015;17(2):318-25. https://doi.org/10.1093/europace/euu202.

[48] Hidalgo-Muifioz AR, Latcu DG, et al. Spectral and spatiotemporal variability ECG
parameters linked to catheter ablation outcome in persistent atrial fibrillation.
Comput Biol Med 2017;88:126-31. https://doi.org/10.1016/j.compbiomed.2017.
07.004.

[49] Bollmann A, Kanuru N, et al. Frequency analysis of human atrial fibrillation
using the surface electrocardiogram and its response to Ibutilide. Am ] Cardiol
1998:81(12):1439-45. https://doi.org/10.1016/S0002-9149(98)00210-0.

[50] Buttu A, Pruvot E, et al. Adaptive frequency tracking of the baseline ECG identi-
fies the site of atrial fibrillation termination by catheter ablation. Biomed Signal
Process Control 2013;8(6):969-80. https://doi.org/10.1016/j.bspc.2013.02.005.

[51] Labate D, Foresta F, et al. Entropic measures of EEG complexity in
Alzheimer’s disease through a multivariate multiscale approach. IEEE Sens ]
2013;13(9):3284-92. https://doi.org/10.1109/JSEN.2013.2271735.

[52] Azami H, Abésolo D, et al. Univariate and multivariate generalized multi-
scale entropy to characterise EEG signals in Alzheimer's disease. Entropy
2017;19(31):1-17. https://doi.org/10.3390/e19010031.

[53] Humeau-Heurtier A. Multivariate generalized multiscale entropy analysis. En-
tropy 2016;18(11):411. https://doi.org/10.3390/e18110411.

[54] Ahmed M, Li L, et al. Multivariate multiscale entropy for brain consciousness
analysis. In: 2011 annual int conf IEEE eng med biol soc. Boston, MA: IEEE;
2011. p. 810-3.

[55] Lee ], Guo Y, et al. Towards the development of nonlinear approaches to
discriminate AF from NSR using a single-lead ECG. Entropy 2020;22(5):531.
https://doi.org/10.3390/e22050531.

[56] Zarzoso V, Latcu D, et al. Non-invasive prediction of catheter ablation outcome
in persistent atrial fibrillation by fibrillatory wave amplitude computation in
multiple electrocardiogram leads. Arch Cardiovasc Dis 2016;109(12):679-88.
https://doi.org/10.1016/j.acvd.2016.03.002.

[57] Bonizzi P, Meste O, et al. A novel framework for noninvasive analysis of short-
term atrial activity dynamics during persistent atrial fibrillation. Med Biol Eng
Comput Jun. 2020. https://doi.org/10.1007/s11517-020-02190-0.


https://doi.org/10.1093/europace/eux234
https://doi.org/10.1093/europace/eul113
https://doi.org/10.1103/PhysRevLett.89.068102
https://doi.org/10.1103/PhysRevLett.89.068102
https://doi.org/10.1103/PhysRevE.84.061918
https://doi.org/10.1103/PhysRevE.84.061918
http://refhub.elsevier.com/S1959-0318(25)00030-2/bibCD52161E8AEDB670699DE966BB2898ADs1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bibCD52161E8AEDB670699DE966BB2898ADs1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bibCD52161E8AEDB670699DE966BB2898ADs1
https://doi.org/10.1088/1361-6579/aae021
https://doi.org/10.1088/1361-6579/aae021
https://doi.org/10.1109/10.900266
https://doi.org/10.1109/10.900266
https://doi.org/10.1016/j.bspc.2006.12.003
https://doi.org/10.1016/j.bspc.2006.12.003
https://doi.org/10.1109/TBME.2012.2220639
https://doi.org/10.1109/TBME.2012.2220639
https://doi.org/10.1016/S0378-3758(96)00044-4
https://doi.org/10.1214/ss/1009212816
https://doi.org/10.1152/ajpheart.2000.278.6.H2039
https://doi.org/10.1016/j.cmpb.2010.02.009
https://doi.org/10.1063/1.166092
https://doi.org/10.1016/S0008-6363(97)00289-7
https://doi.org/10.1016/S0008-6363(97)00289-7
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib7EC142EF1F844518784238CD4C0BBDA1s1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib7EC142EF1F844518784238CD4C0BBDA1s1
https://doi.org/10.1161/CIRCEP.115.003354
https://doi.org/10.1016/j.nonrwa.2009.01.047
https://doi.org/10.1103/PhysRevE.71.021906
https://doi.org/10.1103/PhysRevE.71.021906
https://doi.org/10.3390/e22070748
https://doi.org/10.3390/e22070748
https://doi.org/10.1109/TBME.2010.2052619
https://doi.org/10.1109/TBME.2010.2052619
http://ieeexplore.ieee.org/document/5484512/
https://doi.org/10.1109/EMB-M.2006.250505
https://doi.org/10.1109/EMB-M.2006.250505
https://doi.org/10.1080/01621459.1951.10500769
http://refhub.elsevier.com/S1959-0318(25)00030-2/bibED92042AC93EBDA2E7F9EF656C765753s1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bibED92042AC93EBDA2E7F9EF656C765753s1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib83059E6742AFDD73AA9B1E01547549BCs1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib83059E6742AFDD73AA9B1E01547549BCs1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib83059E6742AFDD73AA9B1E01547549BCs1
https://doi.org/10.1093/clinchem/39.4.561
https://doi.org/10.57805/revstat.v16i1.231
https://doi.org/10.1016/j.joa.2013.12.003
https://doi.org/10.1038/s41598-019-38928-6
https://doi.org/10.1016/j.hrthm.2016.01.004
https://doi.org/10.1016/j.hrthm.2016.01.004
https://doi.org/10.1093/europace/euu202
https://doi.org/10.1016/j.compbiomed.2017.07.004
https://doi.org/10.1016/j.compbiomed.2017.07.004
https://doi.org/10.1016/S0002-9149(98)00210-0
https://doi.org/10.1016/j.bspc.2013.02.005
https://doi.org/10.1109/JSEN.2013.2271735
https://doi.org/10.3390/e19010031
https://doi.org/10.3390/e18110411
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib1D2779C1C73716A5B57E8440B16B801As1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib1D2779C1C73716A5B57E8440B16B801As1
http://refhub.elsevier.com/S1959-0318(25)00030-2/bib1D2779C1C73716A5B57E8440B16B801As1
https://doi.org/10.3390/e22050531
https://doi.org/10.1016/j.acvd.2016.03.002
https://doi.org/10.1007/s11517-020-02190-0

	Electrical Cardioversion Outcome Prognosis: A Multivariate Multiscale Entropy Characterization of Atrial Activity in Persis...
	1 Introduction
	2 Materials and methods
	2.1 Study population
	2.2 ECG preprocessing and AA extraction
	2.3 Atrial activity characterization
	2.4 Statistical analysis

	3 Results
	4 Discussion
	5 Conclusions
	CRediT authorship contribution statement
	Author contributions
	Informed consent and patient details
	Ethics statement
	Human and animal rights
	Funding
	Declaration of competing interest
	References


