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Abstract

In the present work the usefulness of different non-linear
regularity metrics applied to AF signals with organizationdependent events has been assessed. There are no previous studies comparing different regularity indices using the
same data set. With the aim of performing an unbiased
evaluation, a freely available database was analyzed.

The atrial activity (AA) of surface ECGs in atrial fibrillation (AF) has been studied to evaluate and compare
the ability of several nonlinear metrics in the discrimination of AF events by estimating their regularity. The AA
signals were extracted by applying an adaptive QRST cancelation method. Next, the study of surrogate data was
performed and revealed the nonlinear behavior of AA. The
following nonlinear metrics were studied: Sample Entropy
(SampEn), Fuzzy Entropy, Spectral Entropy, Lempel-Ziv
Complexity, Hurst Exponents, Generalized Hurst Exponents and AA average power. The Dominant Atrial Frequency (DAF) was added to the study as a reference. To reduce noise and ventricular residues, the Main Atrial Wave
(MAW) was obtained applying a selective filtering to the
AA signal centered on the DAF. Next, the MAW regularity
was estimated using the aforementioned parameters. As
conclusion, the study of MAW regularity improved results
obtained from direct AA regularity estimation in all the analyzed metrics. Furthermore, some of them achieved better
results than SampEn, a widely used metric in the classification of organization-related events in AF. Therefore, they
could be considered as promising tools in the quantification of AF events from the surface ECG.

1.

2.

The AF Termination Database available in Physionet [8], which contains 80 recordings of paroxysmal AF,
was analyzed. The signals are labeled as non-terminating
(N) which lasted at least 1 hour in AF after the end of
the recording, immediately-terminating (T), whose termination happened 1 second after the end of the recording
and soon-terminating (S), which terminated 1 minute after
the end of the recording [9].
For the analysis lead V1 was chosen and the signals
upsampled to 1 kHz to obtain better alignment in QRST
subtraction. All signals were preprocessed to improve the
analysis. First, baseline wander was removed making use
of bidirectional high pass filtering with 0.5 Hz cut-off frequency. Then, high frequency noise was reduced using
an eight order IRR Chebyshev low pass filter with 70 Hz
cut-off frequency. Finally, Powerline interference was removed with an adaptive notch filter, which preserves the
ECG spectral information [10]. Then, the Atrial Activity
(AA) was extracted by applying an adaptive QRST cancelation method described in [11].

Introduction

Non-linear metrics allow to obtain information related to the underlying mechanisms of physiological processes [1]. Some metrics like Sample Entropy [2] and
Fuzzy Entropy [3] are related to the existence of similar
patterns in the time series; the Lempel-Ziv Complexity [4]
is a measurement of the arise of different patterns in a symbol sequence obtained by encoding the signal using a finite symbol set. Other metrics like the Hurst exponents [5]
and the Generalized Hurst exponents [6] measure the existence of long-term self-dependencies in the signal. Finally,
Spectral Entropy [7] is related to the spectral complexity of
the signal.

cinc.org

Materials

3.

Methods

3.1.

Previously analyzed metrics

The metrics analyzed in previous works include the
Dominant Atrial Frequency, the f wave average power and
Sample Entropy. The Dominant Atrial Frequency (DAF)
is defined as the frequency corresponding to the highest
Power Spectral Density (PSD) amplitude in the 3–9 Hz
band and it is considered as an indirect non-invasive AF
organization estimator [12]. To obtain the DAF the PSD
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was computed using the Welch Periodogram with a 4096points Hamming window, 50% overlapping between adjacent sections and 8192-points Fast Fourier Transform.
The average power of the f waves (fWP), which is defined as the root-mean-squared value of the normalized
signal amplitude, represents the energy carried by the f
waves within the time interval under analysis. This average power has demonstrated its ability to behave as a
robust indicator of the signal amplitude in previous studies [13]. The signal normalization, referred to the R-peak
amplitude, avoids all the effects that could affect the amplitude of the ECG during recording like, for example, the
skin conductivity or the electrode impedance.
Sample Entropy (SampEn) is a widely used AF organization metric [14]. SampEn estimates the regularity of
a time series, understood as the probability that two sequences similar for m points remain similar for m + 1
points [2]. Larger values of SampEn are related to more
complex sequences. A mathematical description of SampEn can be found in [14]. Two input parameters must be
specified for SampEn: a run length m and a tolerance r.
In this work, the chosen values were m = 2 and r = 0.35
times the standard deviation of the signal [15].
Previous studies have shown noise and ventricular
residues in the AA signal degrades the performance of
non-linear regularity metrics [16]. To reduce these nuisance signals the Main Atrial Wave (MAW) was extracted
by linear phase FIR selective filtering the AA with a 3 Hz
bandwith centered on the DAF [16]. SampEn was computed both on the AA and the MAW. Since the MAW
allows to reduce the presence of noise and ventricular
residues in the signal, the average power of the MAW
(MAWP) was also computed in order to evaluate its performance in the classification of events in AF.

3.2.

times the standard deviation of the time series as suggested
by Pincus [1] and n = 2 as suggested by Chen et al. [3].
Lempel-Ziv Complexity (LZC) provides a measure of
complexity related to the arise of different substrings along
a given sequence [4], larger values of LZC correspond to
more complex series. To compute the LZC the signal is
codified as a finite symbol sequence. The algorithm applied for calculating LZC is described in [17]. Two different sequence conversion methods were considered: twosymbol and three-symbol sequence conversion.
Hurst Exponents (HE) are interpreted as a measure of
the scaling behavior of fractal curves and long-term correlations [5]. HE might provide information about the existence of activation patterns in the atria during AF. The use
of HE in the study of AA signals regularity was proposed
by Mainardi and Sassi in [18]. In the present study HE was
computed over all 1 second segments of the signal and then
the average value for each recording was obtained.
Generalized Hurst Exponents (GHE), H(q), are associated with the scaling behavior of the q-order moments of
the distribution of increments [6]. In the case of unifractal processes H(q) is independent of q and is equal to the
Hurst Exponent for all q > 0. When H(q) is not constant
the process is called multifractal or multiscaling. H(q) has
different interpretations depending on the value of q. In the
present study H(1) and H(2) have been computed to study
their performance in AA organization assessment.

3.3.

Statistical analysis

First, the distributions of the computed metrics were
tested by the Kolmogorov-Smirnov and Levene tests.
Since the distributions were not normal and homoscedastic, the Kruskal-Wallis test was performed in order to
evaluate the differences between groups. A two-tailed of
p < 0.01 was considered as statistically significant. When
a statistically significant difference between groups was
found a Mann-Whitney U-test was performed on each pair
of groups.
Next, the ROC curves were calculated to determinate the
classification thresholds for each of the different cases considered. Finally, leave-one-out cross-validation was applied to the parameters that showed statistically significant
differences between groups in order to improve the consistency of the classification results.
In order to check the non-linearity of the AA signals
the study of surrogate data was performed. 40 surrogate
signals were generated from each original AA by the iterative amplitude adjusted Fourier Transform algorithm described in [19]. The analyzed statistics were SampEn, HE
and LZC. The Wilcoxon T test was performed in order to
compare the distributions of the indices calculated from the
original and surrogate signals.

New studied nonlinear metrics

The new studied nonlinear metrics were Spectral Entropy, Fuzzy Entropy, Lempel-Ziv Complexity, Hurst Exponents and Generalized Hurst Exponents. Spectral Entropy (SEn) is a measure of complexity in the spectral domain and is defined as the Shannon’s Channel Entropy applied to the normalized PSD of the signal [7]. High values
of SEn indicate high spectral complexity. In the present
work SEn was computed in the 3–9 Hz band.
Fuzzy Entropy (FuzzEn) estimates the regularity of a
time series by computing the similarity degree, defined by
a fuzzy function, between two segments of the signal [3].
FuzzEn, and with the remaining features that will be detailed, were computed both on the AA and the MAW. The
−d
m
fuzzy function selected was Dij
= exp( rij )n as proposed by Chen et al. [3]. Since no guidelines exist for optimal selection of the parameters r, m and n to study AF
through FuzzEn, the chosen values were m = 2, r = 0.25
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Table 1. Results of classification accuracy for the metrics
computed on the atrial activity
DAF
fWP
SampEn
FuzzEn
SEn
LZC (2 sym)
LZC (3 sym)
HE
GHE (q=1)
GHE (q=2)

Figure 1. Hurst exponent values for original signals and
its corresponding surrogate data sets (boxplot)

N vs. T
88.3%
73.4%
76.7%
71.7%
86.7%
73.3%
70.0%
75.0%
71.7%
71.7%

N vs. S
84.7%
71.8%
74.0%
69.6%
89.1%
76.1%
74.0%
67.4%
69.6%
71.7%

T vs. S
66.7%
63.0%
64.8%
66.7%
63.0%
63.0%
66.7%
66.7%
64.8%
63.0%

N vs. (T & S)
86.3%
76.3%
75.0%
71.3%
72.2%
72.2%
72.5%
75.0%
77.5%
77.5%

Table 2. Results of classification accuracy for the metrics
computed on the main atrial wave
MAWP
SampEn
FuzzEn
LZC (2 sym)
LZC (3 sym)
HE
GHE (q=1)
GHE (q=2)

N vs. T
78.3%
88.3%
90.0%
93.3%
90.0%
83.3%
95.0%
93.3%

N vs. S
76.1%
87.0%
91.3%
91.3%
91.3%
87.0%
93.5%
93.5%

T vs. S
63.0%
65.0%
66.7%
70.4%
66.7%
63.0%
66.7%
66.7%

N vs. (T & S)
78.8%
91.3%
92.5%
92.5%
90.0%
87.5%
93.8%
93.8%

Table 3. Leave-one-out cross-validation results
DAF
fWP
SampEn
SEn
MAWP
MAW-SampEn
MAW-FuzzEn
MAW-LZC (2s)
MAW-LZC (3s)
MAW-HE
MAW-GHE(1)
MAW-GHE(2)

Figure 2. Lempel-Ziv Complexity values for original signals and its corresponding surrogate data sets (boxplot)

N vs. S
72.3%
69.6%
65.2%
87.0%
69.6%
89.1%
87.0%
91.3%
84.8%
87.0%
87.0%
89.1%

T vs. S
57.4%
53.7%
57.4%
48.2%
53.7%
54.0%
53.7%
55.6%
59.3%
57.4%
58.0%
57.4%

N vs. (T & S)
82.5%
61.3%
73.8%
75.0%
62.5%
86.3%
90.0%
90.0%
88.8%
83.8%
91.3%
91.3%

Statistical significance in the discrimination between
terminating and non-terminating AF episodes was found
for DAF, fWP, SEn and SampEn computed on the AA
and for all the MAW parameters. Moreover, the metrics
FuzzEn, LZC and GHE achieved better classification results than DAF and SampEn. Furthermore, the MAW regularity evaluation improved the classification results for all
the metrics computed both on the AA and the MAW.

Figure 3. Sample Entropy values for original signals and
its corresponding surrogate data sets (boxplot)

4.

N vs. T
85.0%
63.3%
73.3%
76.7%
65.0%
85.0%
88.3%
91.7%
90.0%
81.7%
90.0%
90.0%

Results

5.

The analysis of surrogate data showed the nonlinear behavior of the signals. Figures 1, 2 and 3 show the statistical values for the original and surrogate data. Regarding
the regularity estimation, all the non-linear metrics studied
show that the signals in the groups S and T, which correspond to terminating AF events, are more regular than
those in the group N. However, none of the studied parameters provided statistically significant differences between
the groups S and T. Tables 1 and 2 show the classification accuracy values of the metrics applied to the AA and
MAW respectively. On the other hand eave-one-out crossvalidation results are shown in Table 3.

Discussion

The study of MAW regularity improved results obtained from direct AA regularity evaluation for all the analyzed non-linear metrics, which is consistent with previous
works reported in [14, 16].
In this work, the use of FuzzEn applied to the MAW
improved slightly classification results obtained with SampEn, however its direct application to the AA did not improve the results attained with SampEn. Therefore, further
research is needed to assess the usefulness of FuzzEn in
the AF organization estimation.
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The classification results obtained in the present work
suggest that LZC could be useful in the evaluation of AF
organization. Regarding the number of symbols used in
the signal conversion, the best accuracy values were obtained with the binary conversion, but the results obtained
with the three-symbol conversion were similar; however,
further studies are needed to decide the optimum symbol
set in the context of AF organization estimation.
The Generalized Hurst Exponent GHE(q = 2) is related to the autocorrelation function, and like LZC is related to the PSD of the signal; the results presented in
this work suggest that both parameters are significantly
correlated. The signals corresponding to terminating AF
episodes show higher values of GHE than those in the nonterminating group. Further research should be performed
to establish the optimal use of GHE in AA signals.
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In the present study it has been demonstrated that several non-linear metrics allow to classify events in AF from
the surface ECG. Moreover, the MAW regularity study improved results obtained from direct AA regularity estimation in all the analyzed nonlinear metrics. Furthermore,
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the MAW improved the classification results obtained with
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could be considered as promising tools in the quantification of AF events from the surface ECG. Nevertheless, the
robustness of these results should be validated in further
studies with wider databases.
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