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Abstract. Heart rate variability (HRV) is the variation of the time in-
terval between consecutive heartbeats and depends on the extrinsic reg-
ulation of the heart rate. It can be quantified using nonlinear methods
such as entropy measures, which determine the irregularity of the time
intervals.

In this work, approximate entropy (ApEn), sample entropy (SampEn),
fuzzy entropy (FuzzyEn) and fuzzy measure entropy (FuzzyMEn) were
used to assess the effects of three different cardiac arrhythmia suppressing
drugs on the HRV after a myocardial infarction.

The results show that the ability of all four entropy measures to dis-
tinguish between pre- and post-treatment HRV data is highly significant
(p < 0.01). Furthermore, approximate entropy and sample entropy are
able to differentiate significantly (p < 0.05) between the tested arrhyth-
mia suppressing agents.

Keywords: Data Mining, Entropy, Heart Rate Variability, Cardiac
Arrhythmia Suppression.

1 Introduction

Heart rate variability (HRV) is the variation of the time interval between con-
secutive heartbeats. It highly depends on the extrinsic regulation of the heart
rate (HR) and reflects the balance between the sympathetic and the parasympa-
thetic nervous system [1]. In studies of HRV, both time- and frequency-domain
measures are typically used by practitioners and researchers [1,2]. Additionally,
there exist non-linear measures such as the Poincaré Plot [3] and entropy mea-
sures [4]. The later one were used in this study. We applied the entropy measures
on recordings from the Cardiac Arrhythmia Suppression Trial (CAST), a large
postinfarction trial, with data before and after cardiac arrhythmia suppression
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treatments [5]. Our goal was to examine the effects of antiarrhythmic medication
on various entropy measures.

2 Methods

2.1 Data and Study Population

All data used in this paper have been taken from Physionet.org [6], a free-access,
on-line archive of physiological signals. Particularly, data are obtained from the
CAST RR Interval Sub-Study Database [5], which consists of 1543 24-hour RR-
interval records from 809 subjects. The database is divided into three sub-groups
based on the cardiac arrhythmia suppression medication (Encainide, Flecainide
and Moricizine) received by the subjects. For almost all subjects, there is a
pair of records representing baseline and on-therapy data available. In total,
1464 records for 731 subjects (599 men and 132 women) have been used and 75
subjects have been excluded due to incompleteness of data (i.e., just baseline or
just on-therapy data available), three subject were excluded additionally, because
there were no recordings at the used time window. The age distribution of the
subjects is represented in Figure 1. One-hour RR-intervals at 6pm have been
extracted for all subjects to decrease computation time and to avoid daytime
dependent variations. The Cardiac Arrhythmia Suppression Trial (CAST) was
originally started to analyze the effect of suppressing ventricular arrhythmias by
antiarrhythmic drugs after myocardial infarction (MI) on the survival rate [7].
The data are divided in three sub-groups depending on the treatment (Encainide,
Ng = 260 (44 female, 216 male); Flecainide, Np = 207 (43 female, 164 male);
Moricizine, Nj; = 264 (45 female, 219 male)).

2.2 Analysis of Heart Rate Variability

Heart rate variability is analyzed by the following entropy measures: approximate
entropy (ApEn) [8], sample entropy (SampEn) [9], fuzzy entropy (FuzzyEn) [10]
and fuzzy measure entropy (FuzzyMEn) [11].

2.3 Approximate Entropy (ApEn)

Approximate Entropy measures the logarithmic likelihood that runs of patterns
that are close remain close on following incremental comparisons [12]. We state
Pincus’ definition [12,13], for the family of statistics ApEn(m,r, N),:

Definition 1. Fiz m, a positive integer and r, a positive real number. Given a
regularly sampled time series u(t), a sequence of vectors x(1)™,x™(2),...,&™
(N—=m+1) in R™ is formed, defined by

x (i) = [uti), ultitr), - ultipm-1)] - (1)
Define for each i, 1 <i< N —m+1,
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Fig. 1. Age distribution of subjects per gender

Cit(r) = N-m+1

where d[x(i), x(j)] is the Chebyshev distance given by:

dlz™ (i), &™(j)] = max (lu (tirn—1) = u(tjpn—1)]) -

Furthermore, define

N—m+1

¢ (r):=(N-m+1)"" > logCP"(r) ,

=1

then the Approximate Entropy is defined as

ApEn(m, 7, N) := ¢™(r) — " (r) .

2.4 Sample Entropy (SampEn)

number of j such that dlx™ (i), x™(j)] < r

)

Richman and Moorman showed in [14] that approximate entropy is biased to-
wards regularity. Thus, they modified it to Sample Entropy. The main difference
between the two is that sample entropy does not count self-matches, and only
the first N — m subsequences instead of all N —m + 1 are compared, for both

¢™ and ¢™*1! [14]. Similar to ApEn above, SampEn is defined as follows:
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Definition 2. Fiz m, a positive integer and r, a positive real number. Given a
regularly sampled time series U(t), a sequence of vectors ™ (1),x™(2),...,&™
(N—=m+1) € R™ is formed, defined by eq. (1). Define for each i, 1 < i <
N—-m+1,

om number of j such that djx™(i),x™(§)] <r and i #j
L N-m+1 ’
where d[(i), (j)] is the Chebyshev distance (see eq. (3)). Furthermore, define

(6)

N—m
¢"(r) = (N —m)~! Z cit(r) (7)

then the Sample Entropy is defined as

SampEn(m, r, N) := log(¢™(r)) — log((bmﬂ(r)) . (8)

2.5 Fuzzy (Measure) Entropy (Fuzzy(M)En)

To soften the effects of the threshold value r, Chen et al. proposed in [15] Fuzzy
Entropy, which uses a fuzzy membership function instead of the Heaviside func-
tion. FuzzyEn is defined the following way:

Definition 3. Fiz m, a positive integer and r, a positive real number. Given a
reqularly sampled time series U(t), a sequence of vectors ™ (1),x™(2),...,x™
(N—m+1) € R™ is formed, as defined by eq. (1). This sequence is transformed
intox™(1),2™(2),..., 2" (N—m+1), withx™(3) := {u(t;)—u0, ..., u(titm—1)—
u0;}, where u0; is the mean value of ™ (i), i.e.

m—1
WUj4-j
u =0 m ()

Next the fuzzy membership matriz is defined as:
D} = p(d(z", "), n,7) (10)

with the Chebyshev distance d (see eq. (3)) and the fuzzy membership function

p(x,n,r) = e @M" (11)
Finally, with
1 N—m N-m Dm
mo= *J 12
¢ N—mZ}Z}N—m—l’ (12)
i=1 j=1,j#1

the Fuzzy Entropy is defined as:

FuzzyBEn(m,r,n, N) :=In¢™ — In¢™+! | (13)
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Liu et al. proposed in [16] Fuzzy Measure Entropy, which introduces a
distinction between local entropy and global entropy, based on FuzzyEn. It is
defined as:

FuzzyMEn(m,rp,rp,np,np, N) :=In¢7" —In qSTH +ln¢F —In qS}”l , (14)

where the local terms ¢} and (bz”l are calculated as in eq. (12) and the global
terms ¢ and ¢"2 ! are calculated with eq. (10) and eq. (12), but with =™ (i) :=
{u(t;) — umean, - - -, U(titm—1) — Umean }, where umean is the mean value of the
complete sequence u(t).

Parameters of all entropy measures were selected according to [17].

2.6 Statistical Analysis

For better comprehension we will call from here on the Encainide group record-
ings before treatment EA and after treatment EB, the recordings of the Fle-
cainide group pretreatment will be marked with FA and the postreatment ones
FB. The same scheme is used for MA and MB as abbreviations for the pre- and
postreatment recordings of the group receiving a medication with Moricizine.

First differences in the entropies of the groups’ pretreatment recordings, i.e.
between EA, FA, and MA (the baseline), were tested using the Kruskal Wallis
test, since the three groups are assumed to be independent but not normally
distributed. Afterwards we tested again with a Kurskal Wallis test for differences
between the groups’ entropies after the treatment, i.e. between EB, FB, and MA.
Subsequently, the effect of the treatment was tested with a Wilcoxon signed-rank
test for paired samples without normal distribution, by comparing the entropies
of EA with EB, FA with FB, and MA with MB.

Further on we tested if there was any sex-based difference in the entropy
values. Therefore we used the Wilcoxon rank sum test to test the female members
of the group EA against the male members of the same group. The same was
done for FA, MA and EB, FB, MB.

Finally, the connection of the various entropy values was investigated using
scatter plots and Pearson’s linear correlation coefficient on the results before and
after the treatment.

For all tests their implementation in The MathWorks MATLAB was used.
The test results were declared significant for p < 0.05 and highly significant for
p < 0.01.

3 Results

Figure 2 shows the distribution of entropy values of the groups before and after
treatment. All posttreatment recordings show lower entropy values than their re-
spective pretreatment counterparts. No significant difference between the three
medication groups could be detected in the entropies of the pretreatment record-
ings, as can be seen in Table 1. The same table shows, that ApEn and SampEn
were significantly different for the recordings after the treatment between the
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three groups (p < 0.05). This was not the case for FuzzyEn and FuzzyMEn. In
the same table it can also be seen, that all four entropy measures show a highly
significant difference between the subjects entropy of heart rate variability before
and after treatment (p < 0.01 for all tests).

No significant difference was found between female and male subjects in the
three groups before as well as after the treatment, see Table 2 for details.

Table 1. Results of the Kurskal-Wallis test and the Wilcoxon signed rank test of the
recordings before and after treatment with different medications

Entropy Measure P-Value
EA vs. FA vs. MA:
ApEn 0.2974
SampEn 0.1267
FuzzyEn 0.2765
FuzzyMEn 0.2635
EB vs. FB vs. MB:
ApEn 0.0307
SampEn 0.0448
FuzzyEn 0.1698
FuzzyMEn 0.1055
EA vs. EB:
ApEn < 0.01
SampEn < 0.01
FuzzyEn < 0.01
FuzzyMEn < 0.01
FA vs. FB:
ApEn < 0.01
SampEn < 0.01
FuzzyEn < 0.01
FuzzyMEn < 0.01
MA vs. MB:
ApEn < 0.01
SampEn < 0.01
FuzzyEn < 0.01
FuzzyMEn < 0.01

Figure 3 and Table 3 show the connection of the readings of the various
entropy determining methods. Figure 3 contains scatter plots of the pairwise
comparisons of the methods and the histogram for each method, respectively. It
can be seen that the distribution of the results of all methods is highly asymmet-
rical. The scatter plots show that, in general, values of ApEn were higher than
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Fig. 2. Boxplot of the entropy values of the recordings before treatment (top) and

afterwards (bottom)
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Table 2. Results of the Wilcoxon rank sum test of the recordings before and after
treatment with different medications separated by subject’s sex

EA-female vs. EA-male:

FA-female vs. FA-male:

MA-female vs. MA-
male:

EB-female vs. EB-male:

FB-female vs. FB-male:

MB-female vs. MB-
male:

Entropy Measure

ApEn
SampEn
FuzzyEn
FuzzyMEn

ApEn
SampEn
FuzzyEn
FuzzyMEn

ApEn
SampEn
FuzzyEn
FuzzyMEn

ApEn
SampEn
FuzzyEn
FuzzyMEn

ApEn
SampEn
FuzzyEn
FuzzyMEn

ApEn
SampEn
FuzzyEn
FuzzyMEn

P-Value

0.2080
0.1662
0.4064
0.3250

0.3373
0.2893
0.5245
0.3996

0.8994
0.6603
0.7494
0.7204

0.8012
0.7465
0.8820
0.7473

0.9715
0.9237
0.4545
0.1055

0.7690
0.4302
0.3772
0.3294
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those of SampEn and FuzzyEn, whereas they are slightly lower than reading of
FuzzyMEn. Results of SampEn tended to be lower then those of FuzzyEn and
FuzzyMEn. The direct comparison of FuzzyEn and FuzzyMEn showed higher
values for FuzzyMEn. Nevertheless, the scatter plots show a reasonably linear
connection between all methods. Table 3 quantifies this observation, showing
high correlation coefficients for the pairwise comparison of all methods.

ApEn SampEn FuzzyEn FuzzyMEn ApEn SampEn FuzzyEn FuzzyMEn
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Fig. 3. Scatter plot matrix and histograms of the entropy values of the recordings before
treatment (left) and afterwards (right) in order to visualize the connection between
different entropy measures

Table 3. Pearson’s linear correlation coefficients for entropy values before and after
treatment (all p < 0.01)

Before Treatment (A) After Treatment (B)
Ap Samp Fuzzy FuzzyM  Ap Samp Fuzzy FuzzyM
ApEn 1 0.9210 0.8822 0.9111 1 0.8736 0.8185 0.8601

SampEn 0.9210 1 0.9649 0.9750 0.8736 1 0.9341  0.9509
FuzzyEn  0.8822 0.9649 1 0.9936 0.8185 0.9341 1 0.9889
FuzzyMEn 0.9111 0.9750 0.9936 1 0.8601 0.9509 0.9889 1

4 Discussion

The results of the first test on the three pretreatment groups (EA vs. FA vs. MA)
did not reveal any significant differences. Therefore the null-hypothesis of a con-
sistent baseline population is accepted and further posttreatment comparisons
are reasonable.

Testing the differences between the posttreatment groups (EB vs. FB vs. MB),
though, yielded mixed results. While ApEn and SampEn showed significantly
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different results for the diverse treatments, FuzzyEn and FuzzyMEn did not.
Further investigation of these methods is necessary to determine the cause of
these differences.

Cardiac arrhythmias are a disruption in the regularity of the heart rhythm.
Therefore, they cause a distinct alteration in the HRV and in all measures quanti-
fying it. Sethuraman et al. reported, that even one single ectopic beat (a certain
type of cardiac arrhythmia) causes a striking alteration of the HRV [18]. As
Encainide, Flecainide and Moricizine aim to suppress cardiac arrhythmia, the
prominent reduction of the irregularity and therefore the highly significant dif-
ference between pre- and posttreatment as seen in Figure 2 and Table 1 was
expected. It remains an open question, however, if these differences can be at-
tributed solely to the reduction of cardiac arrhythmias, or whether the heart’s
sinus rhythm is changed as well. Methods of ectopic beat correction will be
necessary for further data mining regarding this matter [19].

The fourth test, which looked for differences due to the sex of the subjects,
showed no significant results. This is in accordance with Beckers et al., who
showed in [20] a difference in the entropy based on sex, but reported that this
effect vanishes for subjects older than 40 years. This is the case for most of the
subjects in our used data.

The qualitative investigation of the connection between the four entropy mea-
sures using scatter plots (Figure 3) revealed obvious pairwise linear relationships.
Therefore, the usage of Pearson’s linear correlation coefficient is justified. As
listed in Table 3, the highest correlations where found between FuzzyEn and
FuzzyMEn. These readings suggest that the extension of FuzzyEn by a global
term influences the results only by a constant value. This similarity between
FuzzyEn and FuzzyMEn is also in accordance with the findings of the second
test. Again, the striking reduction in all entropy measures between pre- and
posttreatment is visible.

In general, Méakikallio et al. found in [21] higher ApEn values for postinfarc-
tion patients compared to a healthy age matched control group. In our data this
effect seems to be reduced after the treatment with any of the three medications.
However, simply reducing the amount of cardiac arrhythmias and therefore re-
ducing the entropy of the HRV for patients after a myocardial infarction does
not reduce mortality. In fact, the postinfarction treatment with (Na™) channel
blocking antiarrhythmic agents (class I, e.g. Encainide, Flecainide and Mori-
cizine) is associated with increased mortality [22]. This suggests the presence of
more extensive alterations of the HRV than cardiac arrhythmias alone. As stated
above, ectopic beat correction will be necessary for further investigation.

4.1 Limitations

Due to the lack of availability of the related survival outcome data, we could not
evaluate the predictability of the tested entropy measures on mortality.
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5 Conclusion

In our study, all four entropy measures (approximate, sample, fuzzy and fuzzy
measure entropy) are significantly different before and after antiarrhythmic treat-
ment. However, as also addressed by Holzinger et al. in [4], the problem of how to
use entropy measures for the classification of pathological and non-pathological
data still remains, as a simple reduction of entropy in HRV does not necessarily
reduce mortality after a myocardial infarction. Further research using ectopic
beat correction for entropy-based data mining in HRV will be necessary.
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