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Abstract— The current study analyses the dynamics of the
heart rate signals during specific psychological states in
order to obtain a detailed understanding of the heart rate
patterns during meditation. In the proposed approach,
heart rate time series available in Physionet database are
used. The dynamics of the signals are then analyzed before
and during meditation by examining the attractors in the
phase space and recurrence quantification analysis. In
general, the results reveal that the heart rate signals transit
from a chaotic, highly-complex behavior before meditation
to a low dimensional chaotic (and quasi-periodic) motion
during meditation. This can be due to decreased nonlinear
interaction of variables in meditation states and may be
related to increased parasympathetic activity and increase
of relaxation state. The results suggest that nonlinear
chaotic indices may serve as a quantitative measure for

psychophysiological states.

Index Terms—Chaotic behavior, Heart rate, Meditation,
Phase space, Recurrence quantification analysis

L INTRODUCTION

Meditation, a technique that frees the mind from
distractions and allows for communication with the

Master Within, can lead to numerous physical, mental
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and spiritual benefits. Meditation is a unique state of
consciousness with associated changes in the
physiological and psychological functions in the brain.
Physiological research has shown that Meditation
characterized by marked reductions in metabolic activity,
increased orderliness and integration of brain
functioning, decreased peripheral vascular resistance
and increased cerebral blood flow. Meditation produces
comprehensive improvements in mental health,
enhancing positive features, and reducing various forms
of  psychological distress [1]. Meditation is
recommended as non-medicated treatment for some
psychological disorders. In addition, unlike medication,
meditation has no side effects.

The noninvasive assessment of heart rate (HR)
signals can provide valuable information about
cardiovascular and control systems involved in their
complex regulation. Time series analysis of
physiological parameters is usually performed in time
and frequency domains by so called linear methods. In
these methods, the non periodic oscillations are ignored
and usually regarded as a noise [2]. Cardiovascular

control system components interact in a complex

manner. The nonlinear systems are able to generate
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complex signals that cannot be distinguished from noise
using linear tools. Therefore, there is an effort to apply
nonlinear analysis in cardiovascular signals [2,3].

Recurrence is a fundamental property of dynamical
systems, which can be exploited to characterize the
system’s behavior in phase space. A powerful tool for
their visualization and analysis called recurrence plot
was introduced by Henri Poincare in the late 1980’s [4].
In 1987, Eckmann et al. [5] introduced the method of
recurrence plots (RPs) to visualize the recurrences of
dynamical systems. In recent years, RPs found a wide
range of applications in the time series analysis of
nonstationary and chaotic phenomena. For instance, RPs
have been used in the analysis of biological systems
including neuronal spike trains [6], electromyographic
data [7,8], intracranial electroencephalogram (EEG)
recordings [9-13] or other neuronal signals [14],
electrocardiograms recording [15], protein folding [16],
deoxyribonucleic acid (DNA) sequences [17], nonlinear
phenomena in voice production [18,19] measurements
based on eye movements [20], postural fluctuations [21]
and to monitor disease [22]. The popularity of RPs lies
in the fact that their structures are visually appealing,
and that they allow for the investigation of high
dimensional dynamics by means of a simple two
dimensional plot.

The aim of this paper is to apply the recurrence plots
to analyze heart rate signals during meditation. Here the
nonlinear analysis is used to extract information about
the system from the heart rate signals by introducing
entropy, an indicator based on the analysis of patterns
recurrent in the signal.

The paper is organized as follows: At first, the heart
rate signals which are used in this study are described
briefly. Then, the recurrence plots and recurrence
quantification analysis which are applied in the data set
are explained. Finally, the results of the analysis are

reported, and the conclusion is stated.
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1L BACKGROUND

A. Data selection

This study involves heart rate signals of subjects
prior and during meditation from Physionet database
[23]. These two types of signals are shown in Figure 1.
Subjects were considered to be at an advanced level of
meditation training. The Chi meditators [23], were all
graduate and post-doctoral students. They were also
relative novices in their practice of Chi meditation, most
of them having begun their meditation practice about 1—-
3 months before this study. The subjects were in good
general health and did not follow any specific exercise
routines.

The eight Chi meditators, 5 women and 3 men (age
range 2635, mean 29 years), wore a Holter recorder for
about 10 hours during which time they went about their
ordinary daily activities. At approximately 5 hours into
the recording each of them practiced one hour of
meditation. Meditation beginning and ending times were
delineated with event marks.

During these sessions, the Chi meditators sat quietly,
listening to the taped guidance of the Master. The
meditators were instructed to breathe spontaneously
while visualizing the opening and closing of a perfect
lotus in the stomach. The meditation session lasted
about one hour. The sampling rate was 360 Hz. Analysis
was performed offline and meditation beginning and

ending times were delineated with event marks.

B. Recurrence plot

The method of recurrence plots (RP) was firstly
introduced to visualize the time dependent behavior of
the dynamics of systems, which can be pictured as a

trajectory

%(t)=% e R" (=1, N,t=iAt) )
where At is the sampling rate in the n-dimensional

phase space [5]. It represents the recurrence of the phase

space trajectory to a certain state, which is a

fundamental property of deterministic dynamical
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systems. The main step of this visualization is the

calculation of the NxN-matrix

Ri,j::®(g_||)—(i_)—(j||) i,j=1---N (2

where ¢ is a threshold distance, || . || a norm (e. g.
L2 or Loo norm) and ®(x) the Heaviside function. The
phase space vectors for one-dimensional time series ui
from observations can be reconstructed by using the

Taken's time delay method [24]

% = o ’ui”’m’ui*(m’l)f) with dimension m and delay

T, whereby the dimension m can be estimated by using
methods based on false nearest neighbors [25]. The
binary values in Ri, j can be simply visualized by a
matrix plot with the colors black (1) and white (0).

A crucial parameter of an RP is the threshold e.
Therefore, special attention has to be required for its
choice. If € is chosen too small, there may be almost no
recurrence points and nothing about the recurrence
structure of the underlying system can be understood.
On the other hand, if € is chosen too large, almost every
point is a neighbor of every other point, which leads to a
lot of artifacts. A too large € includes also points into the
neighborhood which are simple consecutive points on
the trajectory [26]. This effect is called tangential
motion and causes thicker and longer diagonal structures
in the RP as they actually are. Hence, the compromise
value of € must be found. Moreover, the influence of
noise can entail choosing a larger threshold, because
noise would distort any existing structure in the RP. At a
higher threshold, this structure may be preserved.

Several “rules of thumb” for the choice of the
threshold € have been advocated in the literature, e.g., a
few per cent of the maximum phase space diameter has
been suggested [27]. Furthermore, it should not exceed
10% of the mean or the maximum phase space diameter
[28,29].

The recurrence plot exhibits characteristic in large-
scale and small-scale patterns which are caused by
typical dynamical behavior [5,30], e. g. diagonals

(similar local evolution of different parts of the
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trajectory) or horizontal and vertical black lines (state
does not change for some time). Recently introduced
extensions to cross recurrence plots use the diagonal
structures and their distortions, respectively, for finding
similarities and time transfer functions between two
different systems [31,32].

Zbilut and Webber have developed the recurrence
quantification analysis (RQA) to quantify RP [29]. They
defined measures using the recurrence point density and
diagonal structures in the recurrence plot, e.g. the
recurrence rate (RR) (percent recurrences, density of
recurrence points), the determinism (DET) (ratio of
recurrence points forming diagonal structures to all
recurrence points) and the maximal length of diagonal
structures (Li.x) (or their averaged length L). A
theoretical approach to the RQA including the effect of
observational noise was recently published by Thiel et al.
[33].

Trulla et al. [34] have applied the RQA in order to
find transitions in dynamical systems. They have shown
that the RQA measures are able to find transitions
between chaoses and order (periodical states). But they
could not find chaos-chaos transitions, which are very

typical in dynamical systems.

B. Measures of complexity (recurrence quantification
analysis, RQA)

The visual interpretation of RPs requires some
experience. A quantification of the obtained structures is
necessary for a more objective investigation of the
considered system. In order to go beyond the visual
impression yielded by RPs, several measures of
complexity which quantify the small-scale structures in
RPs, have been proposed in [16,29,30] and are known as
recurrence quantification analysis (RQA). These
measures are based on the recurrence point density and
the diagonal and vertical line structures of the RP.

The measures are based on the histogram P(g, 1) of

diagonal lines of length 1.
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P(s,1) = 3)
1-1

N
z (A=Rj_p, j1(eNd - Ri+1,j+1(€))H Ristk, j+k (¢)
i,j=I1 k=0

In the following, for the sake of simplicity, the
symbol ¢ is omitted from the RQA measures (i.c.
P(D)=P(e, 1)).

Processes with uncorrelated or weakly correlated,
stochastic or chaotic behavior cause none or very short
diagonals, whereas deterministic processes cause longer
diagonals and less single, isolated recurrence points.

The measure entropy refers to the Shannon entropy
of the probability p(l) = P(1)/NI to find a diagonal line of
exactly length 1 in the RP.

ENTR = _Z|N=|

ENTR reflects the complexity of the RP in respect

P() In p(l) @

min

of the diagonal lines, e.g. for uncorrelated noise the
value of entropy is rather small, indicating its low
complexity. The threshold l.;, excludes the diagonal
lines which are formed by the tangential motion of the
phase space trajectory. A diagonal line of length 1 means
that a segment of the trajectory is rather close during 1
time steps to another segment of the trajectory at a
different time; thus these lines are related to the
divergence of the trajectory segments.

In this study, recurrence quantification analysis is

done using MATLAB Toolbox [35].

D. Statistical analysis

In this study, the t-test of the null hypothesis that
data in the vector x are a random sample from a normal
distribution with mean 0 and unknown variance, against
the alternative that the mean is not 0 is performed. The
result of the test is returned in p-value. P-value—0
indicates a rejection of the null hypothesis at the 5%
significance level (p<0.05). P-value—1 indicates a
failure to reject the null hypothesis at the 5%

significance level.
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111 RESULTS

Heart rate signals (before and during meditation)
are shown in Figure 1. During meditation signals
become more periodic and their chaotic behavior was
decreased. According to Figure 1, total HR oscillation
amplitude increased significantly during meditation.

Heart Rate Signals
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Figure 1. Heart rate time series (three minutes): (top) before

meditation (bottom) during meditation.

In this study, parameters described in the previous
section were calculated for heart rate data before and
during meditation. The recurrence threshold is chosen
0.2 which is considered to be less than 10% of the
maximum phase space diameter and the delay is equal to

1.

The 3-dimensional phase space trajectory of heart

rate signals are shown in Figure 2.

Phase space of HRV before meditation
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Phase space of HRV during meditation

e

Figure 2. Three-dimensional phase space trajectory of HR signals

(one minute):

(a) before meditation (b) during meditation

The spread of the phase space plot is different for
various psychological states. The phase space trajectory
becomes much more periodic during meditation. In
general, the figure shows that the signal trajectories
before meditation are highly chaotic, i.e. they have the
appearance of randomly scribbled lines with no obvious
pattern (Figure 2(a)). In other words, the attractor has a
chaotic nature before meditation. However, during
meditation, the trajectories are less chaotic, and exhibit a
more regular motion (Figure 2(b)). Thus, it can be
inferred that the signals have a more periodic type

characteristic.

Figures 3 present recurrence plots for two different

states: before meditation and during meditation.

Recurrence Plot
Dimension: 1, Delay: 1, Threshold: 0.25 {fixed distance maximum norm)

i 1 :
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(a)
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Figure 3. Recurrence plots for two different states: Diagonals
mark similar local evolution of different parts of the trajectory;
horizontal and vertical black lines occur when states do not

change for some time (laminar states).

(a) before meditation (b) during meditation

The plots show that different states influence the
structure in the recurrence plots drastically. The RP
from before meditation heart rate time series shows big
black rectangles. However, during meditation, there are
small rectangular patches which rather look like the RP
of the more periodic motion. In addition, single, isolated
recurrence points can occur if states are rare, if they
persist only for a very short time, or fluctuate strongly

(Figure 3(a)).

Following the method described in the previous
section, the entropy values of all signals in the database
are computed. As the threshold should not exceed 10%
of the mean or the maximum phase space diameter, it is
selected to be 0.2. The delay is one and the length of
window for calculating this measure is 500. Figure 4
shows the entropy of heart rate signals in two states:
before meditation and during meditation. This index
showed significant changes. The average value of the
entropy is about 0.82 before meditation and it is about
1.22 during meditation. The increment of this value
(p<0.05) indicates that signals become less chaotic, and

their dimensionality decrease during meditation.
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Figure 4. Entropy of heart rate signals (p=1.2x10):

(a) before meditation (b) during meditation

IV.DiscuUssION

This study focused on method based on recurrence
quantification analysis, capable of identifying entropy as
a measure of complexity. Heart rate signals of eight
subjects during specific psychophysiological state were
analyzed. Having first obtained a basic understanding of
the heart rate characteristics by performing time series
analyses such as phase space, the detailed dynamic
properties of the signals have been analyzed using the
recurrence plot and the entropy property.

It has shown that total HR oscillation amplitude
increased significantly during meditation (Figure 1). The
phase space trajectory analysis (Figure 2) indicates that
the signal trajectories are highly chaotic before
meditation. However, during meditation, the trajectories
are less chaotic, and exhibit a more periodic
characteristic.

It has shown that the recurrence plot contains
relevant information about the dynamics of the system
under consideration. The RP from before meditation
heart rate time series shows big black rectangles.
However, during meditation, there are small rectangular
patches which rather look like the RP of the more
periodic motion. In addition, single, isolated recurrence
points indicate that states are rare; they persist only for a
very short time, or fluctuate strongly. In other words,
abrupt changes in the dynamics as well as extreme
events cause white areas or bands in the RP (Figure

3(a)). RP allows finding and assessing extreme and rare
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events easily by using the frequency of their recurrences.

It has shown that (Figure 4) the average entropy
values are increased during meditation (p<0.05), which
indicates that signals become less chaotic during
meditation. It is assumed that these differences illustrate
a different role of autonomic regulation during
meditation.

In previous studies, applying the RPs, it was
inferred that the dimensionality and entropy of the heart
rate variations decrease during a significant cardiac
event like myocardial infarction or ventricular

tachycardia [15,22].

V. CONCLUSION

Overall, the present results reveal that the heart rate
signal changes from a complex, chaotic behavior before
meditation, to a low-dimensional chaotic state and
quasi-periodic during meditation itself. This can be due
to decreased nonlinear interaction of wvariables in
meditation states and may be related to increased
parasympathetic activity and increase of relaxation state.
This result on heart rate was similar to that in our
previous meditation study [3].

The results show that nonlinear analysis of time
series have a potential to find the exact and hidden
changes of signals which can't found in linear methods.
In conclusion, this study has demonstrated that the
recurrence quantification analysis based complexity
measures could play an important role in analyzing the
heart rate signals during meditation and also provides us

with a sensitive tool for the study of complex systems.
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