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Heart rate exhibits spontaneous fluctuations that are mainly modulated by control loops
within the autonomic nervous system. Assessing the dynamics of heart rate fluctuations
can provide valuable information about regulatory processes and patho-physiological
behavior. In this paper heart rate fluctuations and its entropy are assessed using an
algorithmic information theoretic concept applying a data compressor. First, the beat-
to-beat fluctuations of heart rate are binary coded for decreases and increases, respec-
tively. Subsequently, those symbol sequences are compressed using the LZ77 algorithm.
The ratio of the length of the compressed sequences to the original length is used as
an estimate of entropy. We investigated the compressibility of heart rate fluctuations
in athletes before, during, and after a training camp. Heart rate time series were ob-
tained from ECGs recorded over 30 minutes under supine resting conditions. We found a
significant entropy reduction during the training camp, reflecting the effects of physical
fatigue. In conclusion, the compression entropy seems to be a suitable approach to assess
the complexity of heart rate fluctuations.

Keywords: Heart rate variability; data compression; entropy; symbolic dynamics; non-
linear dynamics.
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1. Introduction

Heart rate exhibits spontaneous fluctuations that are largely modulated by control
loops within the autonomic nervous system. Normal heart rate is internally gener-
ated via rhythm-generating neurons in the sinus node of the heart, accelerations and
decelerations are accomplished via sympathetic and parasympathetic nerves from
the brain stem. The investigation of heart rate variability (HRV) provides valuable
information about regulatory processes. HRV can be obtained non-invasively from
the ECG and is therefore easy to process. Although HRV has already been used for
heart diagnosis in traditional Chinese medicine [1], the emergence of digital signal
recording/processing tools has stimulated enormously research in clinical science [2].
The analysis of HRV is usually performed using linear signal processing techniques
applying statistical measures such as mean and standard deviation and power spec-
tra [3]. There is, however, convincing evidence of the nonlinear nature of HRV.
Approaches that have been applied to quantify nonlinear features include symbolic
dynamics [4-6], fractal scaling, Lyapunov exponents and dimension measures [7].

In this paper we assess beat-to-beat fluctuations of heart rate. In this context
beat-to-beat fluctuations are understood as consecutive heart rate changes within
two possible states: increasing or decreasing. To assess whether these beat-to-beat
fluctuations contain useful information we estimate their entropy. The introduced
methodology is applied to investigate heart rate fluctuations in athletes before, dur-
ing, and after a two-week training camp. Excessive physical training can lead to
the overtraining syndrome (i.e. neural and physical fatigue) which is a serious prob-
lem for both professional and recreational athletes [8]. The overtraining syndrome
is considered as an imbalance between training/competition versus recovery and
is often associated with frequent infections and depressions that occur following
hard training and competition. Overreaching, i.e. short-term overtraining, which
resolves within two weeks of adequate rest, must be distinguished from long-term
overtraining and can be seen as a normal part of athletic training or peaking for
performance.

2. Methods
2.1. Data and pre-processing

Ten healthy experienced athletes participated in this study. The athletes underwent
a two-week training camp that included a daily program of endurance running,
cycling, and an exhaustion test on a cycle ergometer. To assess the effects of training
on autonomic control, three measurements were carried out: M1 — one week prior
to the training camp, M2 — after one week in the training camp, and M3 — after
four days of recovery. Exhaustion during M2 was confirmed by psychological tests
(Profile of Mood States).

High-resolution ECG (1600 Hz) was recorded from the body surface over 30
minutes under resting conditions in supine position. In this way a quasi-stationary
system state is accomplished. Thereafter, time series of beat-to-beat intervals (BBI)
were automatically extracted from the ECG using a pattern-matching algorithm
based on the cross-correlation function. One of the athletes showed ectopic beats
during the measurements (M1: 5 beats; M2: 10 beats; M3: 8 beats) that were
filtered out and interpolated based on local variance estimation. Finally, the time
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series of beat-to-beat fluctuations (S) were obtained by transforming BBI according
to Eq.( 1).

(1)

2.2. Entropy estimation
2.2.1.  Shannon entropy

The Shannon entropy, Hs, was computed as the classical measure of information
[10]. The formula is given in Eq.( 2), where M is the amount of elements in the
alphabet of a given text and p(i) denotes the probability of the ith element. Hj
characterizes the number of bits that are necessary to code each symbol in a given

text on average.
M

Hy == pli) logy (i) (2)

=1

2.2.2.  Compression entropy

An alternative approach to describe the entropy of a text was introduced in the
framework of algorithmic information theory, developed in the 1960s by Kolmogorov,
Solomonov and Chaitin [11]. Here, the entropy (also called Kolmogorov—Chaitin
complexity, algorithmic complexity) of a given text is defined as the smallest algo-
rithm that is able to generate the text. Although it is theoretically impossible to
develop such an algorithm, data compressors might represent a sufficient approxi-
mation. In this study we applied the LZ77 algorithm for loss less data compression,
introduced by Lempel and Ziv in 1977 [12]. This algorithm is widely used and im-
plemented in many data compressors. The algorithm is based on a sliding window
technique (see Appendix). If the length L of the text to be compressed is large
(L — o0) the ratio of compressed to original text length represents the entropy
(rate) H. per symbol. To assess how large L should be in order to obtain a reliable
estimate, we compressed sequences with different lengths that were obtained from
the M1 recordings, starting from 200 bits up to the maximum data length, with an
increment of 200 bits.

3. Results

With increasing sequence length the compressibility increases and seems to approach
asymptotically the entropy of the heart rate fluctuations (Fig. 1). Considering the
group-averaged graph in the plot, the 30 minutes recording length might be suffi-
cient for the compression entropy estimation. Comparing the compression entropy
values with those computed with Shannon’s formula it was found that they were
fundamentally different (Table 1). Hs was approximately one for all data, i.e. one
bit is necessary to code one heart rate fluctuation, suggesting that heart rate fluctu-
ations appear almost randomly. In contrast, entropies computed with the compres-
sion technique were notably less than one bit for all measurements, suggesting that
there are repetitive structures within heart rate fluctuations. Since one bit of the
original data had on average an entropy of ~ % bits, the repetitive structures have
an average length of approximately six bits. To assess whether there are dominant
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Fig. 1. Compression entropy (H.) dependent of the length of the compressed binary sequence
computed for ten athletes (thin lines) and group averaged (bold line) for measurement M1.

word types and to re-examine Shannon’s approach, we computed additionally the
Shannon entropies over six-bit sequences (see Table 1).

The comparison of heart rate fluctuation entropies before, during, and after
the training camp revealed a reduction during and after the training period in the
compression entropy, but with no changes in the Shannon entropy.

Table 1. Shannon entropy (Hs) and Compression entropy (H.) of binary-coded heart rate fluctu-
ations as well as Shannon entropy of six-bit word sequences (Hggpit) before (M1), during (M2),
and after training camp (M3) presented as median [interquartile range] and Wilcoxon test values
for the group comparisons. T1: M1 versus M2; T2: M2 versus M3; T3: M1 versus M3.

M1 M2 M3 T1T T2 T3
H, 0.997 [0.997-0.999]  0.999 [0.992-1.000]  0.999 [0.996-1.000] 0.65 0.20 0.45
He 0.171 [0.156-0.177]  0.159 [0.151-0.166] ~ 0.159 [0.145-0.166] 0.08 0.48  0.04
Hiyepie  5.33 [5.07-5.56) 5.39 [5.04-5.51] 5.23 [4.94-5.55]  0.88 0.51 0.31

4. Discussion

Our study shows that beat-to-beat fluctuations of heart rate are not purely random
but follow some deterministic structures. This is consistent with other approaches
based on symbolic dynamics [6,13-15]. The Shannon entropy, however, seems un-
suited to assess these heart rate fluctuations since it does not consider any order
within the sequence. The estimated entropy value of approximately one is not sur-
prising, considering that the heart rate generating system is stable. To maintain
the mean heart rate, accelerations must be compensated with the same amount
of heart rate decelerations on average. In contrast to the Shannon formula, the
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Fig. 2. The group-averaged probability distribution of six bits word types shows similar charac-
teristics before (top), during (middle), and after (bottom) the training camp. The binary words
are presented in decimal system for clarity.

compression-based entropy estimation takes also previous values of the system’s
output into account. Therefore, it is also able to consider some of the dynamics
underlying the text-generating system. The LZ77 algorithm applied in this study
seems to be suited to map short-term dynamics of heart rate fluctuations within
seven consecutive heart beats on average. The histograms of the six-bit word types
(see Fig. 2) indicate that certain word types are more likely than others. Conse-
quently, the Shannon entropy over six-bit word types is notably less than six bits.
In contrast to the compression entropy, however, the Shannon entropy over those
word types was not significantly altered between the three measurements of the
training camp study. Thus, the consideration of dynamical matching lengths rather
than a simple static coding of six-bit sequences seems to be the valuable feature of
the compression entropy. Although the 30-minute recordings seem to give an ap-
propriate estimate of the entropy, this assumption has to be validated with longer
recordings.

The entropy reduction of heart rate fluctuations during and after the training
camp indicate an effect of the training camp on the autonomous nervous system,
i.e. changes in the sympathetic and/or parasympathetic heart rate modulation,
that remained even after a few days of recovery. Studies have shown that the early
stage of an overtraining syndrome is paralleled by a sympathetic activation [9].
Although no conclusions about an occurring overtraining syndrome can be drawn
in the framework of our study, this would suggest that the found entropy reduc-
tion reflects a change in sympathetic/parasympathetic heart rate control, probably
an increase of the sympathetic influence. Several studies have shown that certain
cardiovascular diseases are accompanied by less complex heart rate dynamics ap-
plying various techniques [4,16]. Other studies investigating heart rate fluctuations
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in congestive heart failure patients [17] and heart rate dynamics in healthy con-
trols during exercise [18] have found that the complexity (assessed by detrended
fluctuation analysis) increases with suppressed parasympathetic control. Obvi-
ously, different analysis techniques assess different signal features and underlying
(patho-)physiological mechanisms, respectively, such as the pulsus alternans phe-
nomenon, for example [19]. Future works have to therefore relate the compression
entropy with other complexity measures.

In conclusion, the compression entropy is suited to measure heart rate fluctua-
tions and their alterations under different physiological conditions and might be a
useful approach for complexity estimation in time series analysis [20].
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Appendix LZ77 algorithm

A sequence x = x1,xo,... of length L of a given alphabet ® with the amount of
® = |@®| symbols has to be compressed. Subsequences of X (X, Tymi1,--.,Tn) are
denoted as z,,. The algorithm keeps the w recently coded symbols in a memory
called a sliding window. The symbols to be coded next are stored in a lookahead
buffer of size b. The compressor, positioned at p, searches for the longest match
of length n between the not-yet-coded string asg”"_l in the lookahead buffer and
the already-coded string in the sliding window :cgizifrn*l beginning at position
v. The matching string is therefore fully described by n and v (i.e. a pointer to the
prior occurrence of this sequence).
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