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Abstract. The purpose of this work is to apply two methods of nonlinear dynamics to assess the characteristics
of the relationship between time series extracted from physiological rhythms. The analyzed time series were
respiratory rhythm fluctuations, arterial pressure variability curves, and variability of neuronal activity intervals
in the medulla oblongata of rats before and during pain exposure. Methods. To solve the problem of identifying
the relationship and assessing the asymmetry and direction of the relationship, a method for modeling the
phase dynamics of weakly coupled and weakly noisy systems and a method for calculating averaged conditional
probabilities of recurrences of time series generated by interacting systems were used. As characteristics of the
relationship between systems, estimates of the intensity of the influence of one system on another and estimates in
the differences of the averaged conditional probabilities of recurrences were used. Results. To verify the robustness
of the applied methods to noise, an analysis of a well-studied model of unidirectionally coupled van der Pol
oscillators was performed. The correct determination of the direction of coupling by both methods with weak
noise and a decrease in the possibility of identifying the direction by the phase modeling method with increasing
noise, and the preservation of the possibility of correctly determining the direction by the recurrence method were
confirmed. For experimentally obtained and weakly noisy biological time series, an asymmetry of the coupling with
a predominant influence of the respiratory rhythm on the variability of neuronal activity and arterial pressure,
and the influence of arterial pressure variability on the neuronal activity of the reticular formation of the medulla
oblongata was found in most of the analyzed data. Conclusion. The application of two methods for assessing the
characteristics of the relationship between weakly noisy time series, both model and experimental, showed quite
consistent results in the predominant influence of one system on the other.
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Introduction

The study of the characteristics of the relationship between weakly coupled dynamical systems
is of considerable interest due to the fact that clarifying the direction of relationship is important for
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understanding the mechanism of functioning of interacting systems. When analyzing biological systems
such as the cardiovascular and respiratory systems, the predominant effect of low-frequency oscillations
in heart rate variability on the variability of arterial vascular blood supply was determined in [1, 2]
while a violation of heart rate causes a violation of the regulation of arterial vascular tone. In the
works [3-6] the dominant influence of respiratory rhythm oscillations in relation to cardiovascular rhythm
oscillations was determined. Breathing controls the phase synchronization between blood pressure and
heart rate oscillations [7]. Pathological conditions can change the interactions of physiological systems,
for example, as a result of a myocardial infarction, the duration of synchronization decreases [1, 8].
However, the relationship between the respiratory and nervous systems is considered to be not entirely
clear [9], therefore, obtaining additional information about the direction of relationships in the systems
under consideration seems to be a very urgent task. Various methods of nonlinear dynamics can be
used to evaluate directional coupling [10, 11]. These are methods related to determining the Granger
causality [12], transfer entropy [13], partial directed coherence [14], calculating the directivity index using
phase dynamics modeling [5,15,16], determining joint recurrences and calculating the average conditional
probabilities of recurrences between two phase trajectories of the analyzed [17,18]. These approaches have
been recognized in various applications in the fields of physiology [3,19-23] and climatology [24, 25].

The purpose of this work is to find the characteristics of the relationship (direction and intensity
of influence of one system on another) between time series extracted from the physiological rhythms of
various systems, by modeling the phase dynamics of weakly coupled and weak noise periodic processes
and by calculating the average conditional recurrence probabilities.

The analyzed time series used fluctuations in respiratory rhythm (RES), curves of blood pressure
variability (BPV) and variability of neuronal activity (NAV) of the rat medulla oblongata, obtained
in [26] before and during pain exposure, which is a mechanical stretching of the colon using a rubber
balloon. In [26] these data were used to identify phase synchronization between pairwise time series using
a synchrosqueezed wavelet transform. In this work, these data are used to analyze the characteristics of
the relationship between physiological rhythms and to determine their changes during pain exposure. The
methods used are described in section 1. To test the stability of methods for analyzing the characteristics
of the relationship between two time series to noise, a well-studied model of two unidirectionally coupled
oscillators with known phase synchronization properties is considered in section 2.1. Section 2.2 presents
the results of applying these methods to experimental data.

1. Methods

1.1. Determining the characteristics of coupling between interacting systems based on
the analysis of joint recurrences. To analyze the coupling between weakly interacting systems by
finding joint recurrences, it is first necessary to construct the phase trajectories x and y from the initial
signals X (¢t) and Y (¢), generated by the systems X and Y [27]. The time delay method is used for this
purpose [28]:
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where d is the time delay and m is the embedding dimension, determined by the methods of searching for
the minimum of the mutual information function [29] and the minimum of the nearest false neighbors [30],
respectively. Then, for the constructed trajectories  and y, the recurrence matrices are calculated [27]:

RY, = 0(ex —||z; — ,]]), 3)
R} =0O(ey — [lyi — y;l), (4)

where © is the Heaviside function, N = n — (m — 1)d, n is the length of the analyzed signals X (¢) and
Y(t),i,7=1,...,N, ex and ey are the radii of the neighborhoods of the points of the phase trajectories,
the values of which are chosen so that the density of recurrent points RR = ﬁ Zf\il RR; j for both
recurrence matrices is the same [27]. The matrix of joint recurrences JR?ZTY is calculated using the
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equation [27]
TR = 0(ex — ||zi — z;|)O(ey — lyi — y;))- ()

The calculated matrices are used to determine the average conditional probabilities of recurrence (MCR)
[17]:

1 N p(I y RXY
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Meeting the condition AMCR(X|Y") = 0 for interacting systems means that there is a symmetry of
coupling, and meeting the condition AMCR(X|Y) = MCR(X|Y)—MCR(Y|X) > 0 means an asymmetry
of the coupling with the direction in which the system X has a greater influence on the system Y, that
is, the system X controls system Y [17,18]. Thus, this method allows you to determine the direction
of coupling of interacting systems in the presence of asymmetry of the coupling using the coupling
asymmetry index AMCR(X|Y). The advantages of the method of estimating the characteristics of
directional coupling using joint recurrence relations are the possibility of its use for noise and rather
short time series, which is relevant for the analysis of experimental biological records [31].

1.2. Determination of the characteristics of the relationship between interacting systems
by the method of modeling phase dynamics. The method of modeling phase dynamics involves
the construction of an experimental model of the phase dynamics of the analyzed systems based on time
series representing the signals of the systems. For these signals, the instantaneous phases ¢ x (¢) and ¢y (¢),
are calculated, and then a model of phase dynamics is constructed with phase increments over the time
interval T

dx(t+17) — dx(t) = Fx(dx (1), Py (1), ax) +ex(t), (8)
Py (t+1) — oy (t) = Fy(dx(t), oy (t),ay) + ey (t), 9)

where ex (t) and ey (¢) are Gaussian noises with zero mean. Functions Fix (dx (t), ¢y (t),ax) +ex(t) and
Fy (¢x(t), oy (t),ay) + ey (t) are described by polynomials of the form [5,32]:

Fj(¢X7¢Y7aj) = Zaj,m,n eXp('L(mq)X + n¢Y)7 .7 = X7 Y. (10)

m,n

According to [5,32], the values of T are equal to the smaller of the characteristic oscillation periods for the
two analyzed signals, and m < 4, n < 4. To estimate the values of the coeflicients a; ,, », the minimum of
the objective function is found

N-—1

S =3 (Ad;(t:) — Fi(ox(t:), oy (1), a))%, i =X,Y (11)

i=1

using the least squares method.

Based on the calculated functions F;(dx (t), ¢y (t),a;), j = X,Y the quantitative characteristics
of the directional coupling of interacting systems are determined as the intensity of the influence of one
system on another. The intensity of the impact of the system Y on the system X is defined as the
steepness of the dependence of the function Fx on ¢y, and the influence of the system X on the system
Y is defined as the steepness of the dependence of the function Fy on ¢x [5]:
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In this regard, the value of cx is a quantitative characteristic of the directional coupling ¥ — X,
and cy is a quantitative characteristic of the directional coupling X — Y.

For short time series (with a length of 50 characteristic periods typical of real signals), the work [32]
proposed unbiased estimates of the values ¢ and c%, used in this work, calculated according to the
formulas, given in [32]:

(j—cf—rj—c anojk, ji=XY, (14)

Where rx and ry are corrections depending on the noise level and the length of the time series, k =
1,...,L, where L is the number of coefficients of the polynomials Fx(¢x,¢y,ax) and Fy(¢py,dx,ay).
The values of unbiased dispersion estimates oX . and oY . of coeflicients ax ; and ay; of function
polynomials Fx(dx,dy,ax) and Fy(dy, dx, ay) are calculated using the formulas of work [32], given
in the Appendix. These corrections provide zero bias (zero systematic error) and possible negative values
of yx and yy [32,33]. However, negative values indicate that the unbiased estimates are not significantly
different from zero [32, 33]. Finding estimates of the dispersion of 03)( and oiy for the values of yx
and yy using the formulas in the Appendix allows you to determine 95 percent confidence intervals
[yx —1.60y,,vx +1.80,,] and [yy —1.60y, ,vy +1.80,,] [32] (here, for convenience, we denote ox = oy
and ox = 0y, ).

When conditions yx — 1.60x > 0 are met, it is concluded that system Y influences system X with
an error probability of no more than 0.05, and when condition yy — 1.60y > 0 is met, the predominant
influence of system X on system Y is taken into account with the same error probability [32,34]. If both
conditions are fulfilled simultaneously, it is concluded that the two systems have a mutual influence on
each other.

Due to the fact that the direction of coupling can only be determined for experimental data for
which the value of the phase synchronization index p does not exceed the value of 0.6 [32], the phase
synchronization index was pre-calculated [3]

p(2mi(x (t + jAL/N) = ¢y (t + jAL/N)) (15)

an

in a sliding window with a width of At and a sliding window offset equal to the sampling interval.

The instantaneous phases ¢x (t) and ¢y (t) were calculated using the synchrosqueezed wavelet
transform [35], described in detail in our previous work [26] based on finding the ridges (frequency
components of the signal) by solving the conditional optimization of the search among all curves for
those that maximize the coefficients of the synchrosqueezed wavelet transform.

To assess the statistical significance of the calculated values of the phase synchronization
index p and the coupling asymmetry index AMCR, a statistical test was applied with the creation
of surrogate time series based on recurrences [36]. The null hypothesis was that the signalsst
X(t) and Y (t) have independent recurrent structures. The statistical test included calculating
100 surrogates Ysurj and Xgumj, j = 1,...,100, calculating synchronization indicators p and
coupling asymmetry AMCR (we denote them in general, Agyr;) for each surrogate and getting
the distribution of values Agyur, and then finding statistics

A - Asurr

OSUI‘I'

7= ‘ , (16)

where Agyyy is the average and o, is the standard deviation. The null hypothesis was rejected
at 95% significance level in the case of Z > 1.96, and the value of (synchronization index p or
coupling asymmetry AMCR) was considered statistically significant [36].
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2. Results

2.1. Application of methods for finding directional coupling characteristics for
the van der Pol oscillator model. Two unidirectionally coupled systems of X and Y van
der Pol oscillators were considered as a model:

d?z dx
d%y o dy N dr dy
p7e) =05(1—y )E —wyy+u(g—a)+§2(t) (18)

with frequencies wx = 1.11 and wy = 0.89, the coupling parameter u and the noise components
Ex(t) and Ey(t) in the form of Gaussian white noise with zero mean and an autocovariation
function (Ex (t)Ex(t')) = Dd(t — t'), where 8(t — ') is the Dirac delta function and D is the
intensity noise.

Equations (17)—(18) were integrated with a step of 0.03 s and an integration time of 600 s,
which corresponded to 20000 points.

Fig. 1 illustrates the influence of noise level on oscillator oscillations, phase synchronization
indicators p and coupling directions vy, y2 and AMCR(X|Y) for two unidirectionally coupled
systems. The phase variables x and y and the trajectories of the oscillators X and Y are
constructed for the coupling parameter @ = 0.15 at two noise levels D = 0.1 (Fig. 1, a—c)
and D = 0.7 (Fig. 1, d-f). The time realizations obtained at different noise levels show that an
increase in noise intensity distorts oscillator oscillations to a greater extent, increasing the spread
of random trajectories around periodic trajectories corresponding to the absence of noise.

To calculate the values of AMCR(X|Y) the time delay parameters d = 10 and the
embedding dimension m = 7 were determined by searching for the minimum of the mutual
information function [30] and the minimum of the nearest false neighbors [29] respectively. The
threshold values ex and gy were chosen so as to have a fixed recurrence density of RR = 0.1 in
both recurrence matrices for system X and system Y [17,18].

For each value of the coupling strength p in the range from 0.05 to 0.21, the average
values for 100 trajectories for uniformly distributed initial conditions and their corresponding
standard deviations for p and AMCR(X|Y') were calculated. For estimates of the indicators of
the direction of coupling yx and yy confidence intervals are constructed using the formulas (19)—
(23) in the Application. Curves p(u), yx (1) and yy (1), and AMCR(X|Y)(u) are constructed for
two noise levels (noise intensity D = 0.3 corresponds to curves with round points and D = 0.7
corresponds to curves with square points). As the coupling strength increases, the value of the
phase synchronization index increases more with a lower noise level (Fig. 1, g). For p = 0.21
p = 0.65 + 0.09 at noise intensity D = 0.3 and p = 0.89 + 0.12 at a noise level of D = 0.7.

The method of modeling phase dynamics allows us to reliably determine the direction of
coupling of two unidirectionally coupled systems in the model under consideration only with
a coupling strength of p < 0.19 at a noise level of D = 0.3 and with a coupling strength of
u < 0.17 and a noise level of D = 0.7 due to the fact that at high values of the coupling strength,
the value of the phase synchronization index exceeds the threshold value of peiy = 0.6 [32]. For
P < Perit the values of the coupling direction characteristics satisfy the conditions yx +1.60x < 0
(Fig. 1, h) and yy £ 1.60y92 > 0 (Fig. 1, i), which corresponds to the known effect of system X
on system Y with an error probability of no more than 0.05 [32,34].

In contrast, the method of detecting coupling asymmetry between interacting systems
based on the analysis of joint recurrences allows us to determine the direction of coupling in this
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Fig. 1. Phase variables  and y at D = 0.1 (a) and D = 0.7 (d) and trajectories of oscillators X and Y at
D =0.1 (b, ¢) and D = 0.7 (e, f) for the coupling parameter u = 0.15. Dependencies of values of the index phase
synchronization and coupling directionality indices from the coupling parameter u for the model of unidirectionally
coupled van der Pol generator systems: p(u) (g9); yx(n) (h); vy (u) (2); AMCR(X|Y)(n) (5). Curves with round
points are plotted for noise intensity D = 0.3, curves with square points are plotted for D = 0.7

model of unidirectionally coupled van der Pol generators for all analyzed values of the coupling
parameter 0.05 < p < 0.21. For all these values of p the coupling asymmetry indicators satisfy the
condition AMCR(X|Y) > 0 with a noise intensity of D = 0.3 and D = 0.7 (Fig. 1, j), that is, the
asymmetry of the coupling between the system X and the system Y is preserved, and the system
X is the master, and the system Y remains the slave when the noise level increases and when
phase synchronization is reached. The indication that the indicators of coupling asymmetry based
on the analysis of recurrences correctly determine the direction of coupling before and during
phase synchronization is consistent with the results of [17,39], which show that the onset of phase
synchronization for the model of two non-identical unidirectionally coupled Lorentz systems does
not change the coupling asymmetry. Generalized synchronization leads to the disappearance of
coupling asymmetry, leading AMCR(X]Y") = 0 [39].

It is known that as the noise level increases, it becomes more difficult to detect coupling
asymmetry for very small values of coupling strength, since the values of MCR(X|Y) and
MCR(Y|X) are almost the same, so the higher the noise level, the stronger the coupling strength
must be to detect the asymmetry [17]. However, even at relatively high noise levels, coupling
asymmetry can still be correctly detected for relatively small coupling strengths using the
recurrence method [17].
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2.2. Application of methods for finding characteristics of the coupling between
physiological rhythms. The physiological data used for the analysis are described in detail
and shown in Fig. 1 in the article [26]. These are simultaneously recorded oscillations of blood
pressure, respiration, and neuronal activity of the reticular formation of the medulla oblongata
for 10 rats with a recording length of 60 seconds before and 60 seconds during pain exposure
with a sampling frequency of 10000 Hz and a repetition of 5 times after 60 seconds of relaxation.

In this work, 30 pairs of unartifact time series were analyzed, representing oscillations of
respiratory rhythm (RES), isolated curves of variability of neuronal activity intervals (NAV) and
curves of blood pressure variability intervals (BPV). These curves contained sequences of time
intervals between local maxima of the initial data of neuronal activity and blood pressure. The
obtained curves were approximated by cubic splines with oversampling to a frequency of 1000 Hz
and removal of nonlinear trends.

Bandpass filtering of BPV and NAV time series, removing frequencies less than 1 Hz and
more than 2.5 Hz, was used to isolate the components of variability in the intervals of neuronal
activity and blood pressure with basic frequencies close to the respiratory rhythm frequency.
When determining the values of the coupling direction indicators, we used pairs of normalized
time series to have a zero mean and a single standard deviation.

To calculate the values of AMCR we used the values of the embedding dimension m
and the delay d, determined by the methods of searching for the minimum of the nearest false
neighbors [29] and the minimum of the mutual information function [30] respectively. First, the
optimal parameters m and d were determined for each time series NAV, BPV, RES. The values
mi1 > me > mg, d3 > dy > di were obtained for all 30 rows. On average, these values are my; = 5,
d =15 for NAV, mo =4, do = 17 for BPV, mg = 3, d3 = 20 for RES.

The recurrence matrices, according to the formulas (3), (4), were calculated for the specified
values m1, ms, mg, di, do, d3, and the joint recurrence matrices, in accordance with the formula
(5), were calculated for the values m = maxmi,mg,m3 =5 and d = mind;, dg, d3 = 15.

The thresholds ex and ey were selected ex = ey = ¢ = 0.05. For verification, we applied
calculations for various values of € in the range from 0.01 to 0.3 and for various values of m in
the range from 3 to 5 and found that the results of calculating AMCR, are insensitive to the
choice of these values.

In Fig. 2 provides examples of calculating the phase difference between the NAV and BPV
time series (A¢nav-ppv) (Fig. 2, a), the BPV and RES time series (A¢ppv-_rEs) (Fig. 2, b)
and the coupling function Fpv(dnav, PBPV)/T, FNav(PNav, dBPV)/T, FRES(PRES. PBPV)/T,
Fgpv(¢Bpv, OrEs)/t (Fig. 2, ¢—f), the values of which are divided by t = 0.5 (c), equal to
the smaller of the characteristic oscillation periods for the two analyzed signals.

Fig. 2, e, f illustrate a variant of the relationship between respiratory oscillations and
blood pressure variability intervals. Function Fppy(¢py, drEs)/T it is characterized by a large
range of changes in values (Fig. 2, f) compared to the function Frrs(¢ppv, drEs)/T, fluctuating
around the circular frequency o = 2mfppy ~ 12.1 (Fig. 2, e). The other pair of time series
NAV and BPV is characterized by a smaller range of fluctuations in the coupling function
Fupv(9Bpv, dnav)/T around the circular frequency w = 2nfgpy ~ 12.5 (Fig. 2, ¢) compared
to function FNAV(q)BPV, q)NAV)/T (Fig. 2, d)

The values of the phase synchronization indices between the variability of neuronal activity
and the blood pressure variability, as well as for synchronization between the blood pressure
variability and the rhythm of breathing in these examples are less than the critical value of 0.6
(pBpv-nav = 0.24, pres—ppv = 0.27), which allows us to determine the characteristics of the
coupling between the analyzed time series.
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Fig. 2. Examples of calculating the phase difference of time series NAV and BPV and time series BPV and RES and
the coupling functions. & — A¢pnav_Bpv; b — Adppv_rEs; ¢ — Fepv(Pnav, ¢rv)/T; d — Frav(dnav, PBpv)/T;
e — Fres(¢Bpv, PrES)/T; f — FBPV($BPV, PRES)/T

Estimates of ynay — 1.6onav = 0.13 and yppy — 1.60ppy = —0.08 for one pair of time
series indicate the influence of the cardiovascular system nervous, while the estimates of ygpy —
1.60ppy = 0.19 and yrgs — 1.60ges = —0.09 for another pair of time series, it can be concluded

that the respiratory rhythm has a significant influence on the blood pressure variability intervals
in this example.

Before the pain exposure, phase synchronization was absent in 100% of the analyzed
time series between fluctuations in respiratory rhythm and blood pressure variability, between
variability of neuronal activity and blood pressure variability, as well as between respiratory
rhythm and neuronal activity variability. The average values of the phase synchronization index
satisfied the condition p < 0.06 and were, respectively, equal to pppy_nav = 0.23 &+ 0.06,
PRES—BPV = 0.31 £ 0.07, PNAV—RES = 0.19 £ 0.05.

Pain exposure led to phase synchronization between the NAV and BPV time series in 43%
of the data (13 out of 30), in 36% (11 out of 30) between the RES and BPV time series, and in 33%
(10 out of 30) between the NAV and RES time series. The values of the phase synchronization
index for these data satisfied the condition p > 0.06 and were equal to pgpy_nav = 0.78 £0.12,
prES—BPV = 0.81 £ 0.14, pnav—RrEs = 0.76 £ 0.11.

In this regard, the direction of coupling was determined only for time series for which there
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Table. Averaged coupling characteristics AMCR(BPV|NAV), AMCR(RES|BPV)

?

AMCR(NAV|RES), ynav — 1.6oxav, YBpv — 1.60BpPV, YRES — 1.60RES
before and during pain exposure

‘ before exposure ‘ before exposure ‘ during exposure ‘ during exposure ‘

BPV—NAV BPV-NAV BPV—NAV BPV-NAV
AMCR(BPV|NAV) 0.12 =+ 0.03 0.03 £ 0.01 0.17 + 0.04 0.05 = 0.02
Ynav — 1.60xav 0.11 +0.03 0.08 + 0.02 0.15 + 0.04 0.07 = 0.02
vppv — 1.60ppy <0 0.07 + 0.02 <0 0.08 = 0.02
RES—BPV RES-BPV RES—BPV RES-BPV

AMCR(RES|BPV) 0.16 = 0.04 0.04 £ 0.01 0.21 4 0.04 0.06 & 0.02
vppv — 1.605py 0.17 £ 0.05 0.09 + 0.02 0.13 £ 0.03 0.12 = 0.03
vrES — 1.60RES <0 0.06 + 0.02 <0 0.13 = 0.04
RES—NAV RES-NAV RES—NAV RES-NAV

AMCR(NAV|RES) —0.18 +0.05 0.05 = 0.01 —0.13 £ 0.04 0.03 £ 0.01
vrES — 1.60RES <0 0.12 +0.03 <0 0.09 = 0.02
ynav — L.6oxay 0.16 = 0.05 0.13 £ 0.03 0.21 + 0.06 0.11 = 0.03

was no phase synchronization and the synchronization index satisfied the condition p < 0.6. The
average values of the phase synchronization index in this case are respectively pppv_nav =
0.18 + 0.03 for 57% of the data (17 out of 30), pres—Bpy = 0.22 £ 0.05 for 64% of the data (19
of 30) and pxav—rEs = 0.26 & 0.06 for 67% of the data (20 of 30).

The table shows the average coupling characteristics AMCR(BPV|NAV), AMCR(RES|BPV),
AMCR(NAV‘RES), YNAV — 1~60NAV, YBPV — I.GGBP\/, YRES — 1-60RES before and during pain
exposure.

These averages were calculated for 28 pairs of time series before exposure and 16 pairs of
time series during exposure, for which the condition p < 0.6 was met and for which statistically
significant values of the coupling asymmetry index AMCR, obtained after applying a statistical
test with the creation of surrogate time series.

The error estimate in the Table for AMCR corresponds to the standard deviation for the
analyzed time series, and the error estimates for the data using the phase modeling method
correspond to the average values of the estimates onxav, OBpv, OrES, Obtained using formulas
from [33], specified in the Appendix.

The asymmetry of the coupling before pain exposure was revealed between the NAV and
BPV time series for 77% of the data (22 out of 28) using the analysis of joint recurrences. The
average value of the coupling asymmetry index AMCR(BPV|NAV) = 0.12 4+ 0.03 indicates the
predominant influence of blood pressure variability on the variability of neuronal activity in these
data.

Using phase dynamics modeling, estimates ynay — 1.6onxay = 0.11 £ 0.03 and ypv —
1.60ppy = —0.06 £ 0.02 were obtained for 72% data (20 out of 28) of the NAV and BPV, which
also indicate a unidirectional influence of blood pressure variability on the variability of neuronal
activity in these data with an error probability of no more than 0.05.

For the other analyzed data, the coupling between the NAV and BPV time series was
determined to be symmetric. This is due to the fact that the differences in indicators MCR(NAV|BPV)
and MCR(BPV|NAV) are insignificant and the value of the coupling asymmetry indicator is close
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to zero: AMCR(BPV|NAV) = 0.03 £ 0.01, and both estimates of coupling direction indicators
are positive: ynav — 1.6onav = 0.08 + 0.02, ygpy — 1.60py = 0.07 £ 0.02. Thus, the results
of using both methods allow us to conclude that the rhythms of the nervous and cardiovascular
systems are interdependent in no more than 23% of the analyzed data.

The unidirectional coupling before pain exposure was also determined between the RES
and BPV time series for 76% of the data (21 out of 28) using joint recurrence analysis (average
value of the coupling asymmetry index AMCR(RES|BPV) = 0.16+0.04) and for 72% of the data
(20 out of 28) using phase dynamics modeling (estimates of coupling indicators ygpy — 1.60ppy =
0.17 £ 0.05, yres — 1.60grgs = —0.11 £0.04). These results indicate the influence of fluctuations
in respiratory rhythm on the blood pressure variability in these data.

For the remaining RES and BPV time series, the coupling is symmetrical, since the average
value of the coupling asymmetry indicator AMCR(RES|BPV) = 0.04 +0.01 and both estimates
of the coupling direction indicators are positive: ygpy — 1.60gpy = 0.09+0.02, yrgs — 1.60rgs =
0.06 4+ 0.02. These data are characterized by the interdependent influence of the rhythm of the
respiratory system and fluctuations in blood pressure.

For the time series NAV and RES before pain exposure, a unidirectional coupling was
found in 65% of the data (18 out of 28) using joint recurrence analysis (AMCR(NAV|RES) =
—0.18 £ 0.05) and for 61% of data (17 out of 28) using phase dynamics modeling (Yrrs —
1.60ggs = —0.14 £ 0.04, ynav — 1.6onyay = 0.16 £ 0.05). This coupling is related to the
influence of fluctuations in the respiratory rhythm on the neuronal activity variability. For the
rest of the analyzed data, the coupling between the NAV and RES time series is symmetric
(AMCR(NAV|RES) = 0.05 £ 0.01 and yrgs — 1.60rgs = 0.12 & 0.03, ynay — l.6onay =
0.13 4+ 0.03). In these cases, the rhythms of the nervous and respiratory systems turn out to
be interdependent.

During the pain exposure, in a series of data in which phase synchronization was absent,
in most cases a unidirectional coupling with the same direction of coupling between the analyzed
time series was also revealed as before the exposure, that is, no qualitative change in the coupling
direction was detected. The predominant influence of BPV—NAV was detected for 75% of the
analyzed data (12 out of 16), the influence of RES—BPV was detected for 81% of the data (13
out of 16), the influence of RES—NAV was characteristic for 63% of the data (10 out of 16)
with using joint recurrence analysis and for 69% (11 out of 16), 63% (12 out of 16), 56% (9 out
of 16) of the analyzed data using phase dynamics modeling.

Thus, the evaluation of the calculated indicators of the directivity of the coupling between
experimentally obtained weakly noisy time series with narrow-band filtering to isolate the components
of variability in the intervals of neuronal activity and blood pressure with basic frequencies close
to the respiratory rhythm frequency allowed us to identify various variants of the relationships. At
the same time, the influence of fluctuations in respiratory rhythm on the variability of neuronal
activity and blood pressure and the influence of blood pressure variability on the neural activity
of the reticular formation of the medulla oblongata were revealed for a larger number of analyzed
data.

The predominant influence of respiratory rhythm on blood pressure variability is consistent
with the data described in the papers, which indicate that respiratory rhythm often controls the
rhythm of the cardiovascular system [7,8,37|. The absence of a pronounced influence of the
nervous system in most of the analyzed data may be due to anesthesia, which reduces the
influence of pain exposure sensitivity on the respiratory and cardiovascular systems [4,36].
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Conclusion

The aim of the study was to apply two methods of nonlinear dynamics related to modeling
the phase dynamics of weakly coupled and weak noise periodic processes and calculating conditional
recurrence probabilities of time series to identify the characteristics of the relationship between
time series extracted from physiological rhythms.

The analyzed time series corresponded to fluctuations in respiratory rhythm, curves of
blood pressure variability, and variability of neuronal activity intervals in the rat medulla oblongata.

Preliminary application of these methods to a well-studied model of two interacting oscillators
with known phase synchronization properties to test the stability of the methods to noise
confirmed the correct determination of the coupling direction by both methods with weak noise
at relatively high coupling coefficients and a decrease in the possibility of detecting the coupling
direction using the phase modeling method with increasing noise, but the possibility of correctly
determining the coupling direction using analysis of joint recurrences.

The results of using two methods to calculate estimates of the direction of the coupling
between experimentally obtained weakly noisy time series with narrowband filtering and with
fundamental frequencies close to the respiratory rate turned out to be quite consistent. In most
of the analyzed data with a low phase synchronization coefficient, a unidirectional coupling was
found in which fluctuations in respiratory rhythm influence the variability of neuronal activity
and blood pressure, and blood pressure variability influences the neural activity of the reticular
formation of the medulla oblongata.

Appendiz

1. Calculation of the unblased estimate yx of the value CX, dispersion estimates 0 for
vx and noise dispersion estimates 0 for the signal x and similar calculations for the 81gnal Y
are performed according to the formulas given in [32]:

Yx =k —Te =% — Zn%og(,k, (19)
k

where the estimate ch i of the dispersion coefficients ax j of the polynomials of the function
Fx(¢x,¢y,ax) defined by

202 b-1
Xk = % 1+2 Z(l — j/b) cos [(mypax1 + nkay,1)j/blexp [—(mio?, +nioz, )j/2b] |, (20)
=1

where k = 1, ..., L, where L is the number of coefficients of the polynomial, b = t/At, estimate

GEX noise dispersion:
1 & 1 & ’
2 _
Opx = N_IE; [bx (i +7) — dx (ta) NZ dox(ti+1) — dx(t:)]] - (21)
1= =1

2. Estimation of the dispersion 0 for the value yx:
=> niozg( K (22)
k
ifyx >5>, nioig(,k,
o2, =05 "o (23)
k
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if yx <) ni(siQ , where
X,k

2 4 2 2 1.2
Ou2 , = 20 j, +4lax k — 0% kloX ks (24)
e 2 2
if axp —Oxyp = 0,
2 o4
oag(’k = 20 1 (25)

e 2 2
if axp— 0x i < 0.
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