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Abstract We compare two different strategies for the evaluation of directionality based on state space
correspondence (SSC) class, namely k-nearest neighbor cross-predictability (CP) and cloud size ratio (CSR)
methods in the context of bivariate data. Several CSR approaches were considered. The techniques were
applied to describe statistical dependences between mean arterial pressure (MAP) and mean cerebral
blood velocity (MCBv) in 27 healthy volunteers (age: 44 + 11 years; 14 females, 13 males) undergoing
recordings at rest in the supine position (REST) and during active standing (STAND). A surrogate data
approach was applied to check the null hypothesis of the absence of coupling. Over synthetic bivariate
series generated by nonlinear stochastic interacting systems we found that only the CP technique was able
to detect causality from the driver to the responder, while the performance of the CSR strategy was more
limited. Over experimental data, we found that: (i) indexes computed via CP and CSR methods were
significantly correlated, but correlation was weaker from MAP to MCBy; (ii) at REST closed loop MCBv-
MAP dynamic interactions were detectable and they were more present during STAND; (iii) STAND
increased the strength of the causal link from MAP to MCBv and vice versa. We conclude that the CP
approach is more powerful than the CSR strategy in describing directionality of dynamic interactions even
though values of the strength of the coupling computed by the two approaches are correlated and useful to
describe the closed loop dependences between MAP and MCBv and the impact of the orthostatic challenge
on them.

1 Introduction

The topic of assessing interactions between nonlinear dynamic systems X and Y attracts the interest of researchers
from several fields, being the atom of the description of dependences among much more numerous entities [1].
Among the classes of methods usually utilized to assess the strength of the dynamic interactions between X and
Y, the state space correspondence (SSC) class has been commonly applied since its early appearance [2]. The
main feature of the SSC class is the reconstruction of the dynamic behavior of X and Y into two separate phase
spaces via the delay embedding procedure and the characterization of the function mapping the embedding space
of one system onto that of the other only grounded on the data, namely without imposing any a priori defined
model [2]. The assumption is that close points in the reconstructed behavior of X correspond to close points in
the reconstructed dynamics of Y via the estimated functional relationship [2]. The SSC class was found useful to
quantify the strength of the relationship between X and Y [2-4]. The interest in the SSC methods rose dramatically
when it was suggested that they can describe causality in a stimulus—response relationship [5-23]. Remarkably,
the SSC class is a model-free causality method that does not follow much more dominant and universally accepted
paradigms like those based on predictability improvement [24] or uncertainty decrement [25] about the behavior
of the responder when the activity of the driver is accounted for. Applications of SSC methods to assess the
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directionality of the interactions have flourished in several fields comprising systems physiology [9, 10, 12, 23],
neuroscience [6-8, 14, 17, 21, 22], and population dynamics [5, 11].

The most frequently adopted metrics for the detection of directionality of the interactions between X and Y are
based on cross-predictability (CP) of the evolution of Y conditioned on the behavior of X assessed via k nearest
neighbors (KNNs) [5-13]. However, an alternative approach exploiting KNNs but grounded on distances computed
in the embedding spaces more than on predictability has been proposed [14-19]. Given a reference vector in the
embedding space of the driver and the responder being linked via a mapping function, this approach is based on
the computation of cloud size ratio (CSR) obtained by dividing the size of the clouds formed by the KNNs of the
reference vector in the embedding space of the responder by that of the cloud formed by the images of the KNNs
of the reference vector in the embedding space of the driver through the mapping function [14].

The aim of this study is to compare CP and CSR approaches to assess the directionality of the interactions.
Several CSR strategies are considered by differentiating local and global approaches as well as by considering
average or maximal cloud size. The approach was tested in healthy subjects undergoing the evaluation of cerebral
autoregulation (CA) [26, 27] based on the assessment of coupling strength between mean arterial pressure (MAP)
and mean cerebral blood flow (MCBF), approximated via mean cerebral blood velocity (MCBv) as assessed via
a transcranial Doppler (TCD) device from the middle cerebral artery [28], at rest in the supine position (REST)
and during active standing (STAND) [29, 30].

2 Methods

2.1 Generalities for the computation of SSC methods

Let us consider two dynamic systems X and Y described by the scalar stochastic processes X =
{Xp,n=1,..., N}and Y ={Y,,, n =1, ..., N} respectively, where X,, and Y,, are two stochastic variables at
time n and N is the time horizon of the observation of X and Y. The dynamics of X and Y are reconstructed from
two realizations © = {x,, n =1,..., N} and y = {yn, n =1, ..., N} of X and Y respectively using the method
of the delay coordinates from the series of m-dimensional vectors & = {wn = [mn e To—mal ], n=m,..., N}
and y = {yn = [yn e Yn—me1 ], n=m,..., N}, where m is the embedding dimension. Since the delay is equal
to 1, x,, and y,, are patterns extracted from z and y. @4, and y,,, . =~ are formed by the concatenation of the
future value, namely z,,1,,, and yn,, respectively, with x,, and y,, respectively, where Tuzy the latency of the
action from Y to X, and 7,, the latency of the action from X to Y. We indicate with f(-) and g(-) the functions
mapping the dynamic behavior of X onto Y and vice versa. We define Yntr,, the image of @, through the f(-),
and x4, the image of y,, through the g(-). Given that the dynamic behavior of X and Y are reconstructed in
two separate and independent embedding spaces, the approach that will be pursued in the following is typical of
the SSC class [2, 12]. We assume that X is the driver, Y is the target and a causal relationship X — Y from
X to Y exists, if close states in the embedding space of X are mapped through the f(-) onto close states in the
embedding space of Y. We assume that ¥ — X holds as well if g(-) leads to the same situation when the role of
X and Y is reversed. The strength of the link from X to Y is inferred by assessing the ability of vectors built over
X to set the evolution of those built over Y. While reversing the role of X and Y, the link from Y to X can be
estimated as well. The dominant direction of the interaction is defined as the one setting the stronger dependence.
The distance of the vectors in the embedding spaces is evaluated via the Euclidean norm. In the CP technique the
KNN approach is utilized to decide the points about the reference vector x, to be mapped onto the embedding
space of Y through the f(-). In the CSR technique the size of cell formed by the KNNs of y,, 4y 18 compared
to that resulting from images of the KNNs of the reference vector x,, through the f(-). When the role between X
and Y is reversed, the KNN approach is followed as well, while vectors in the embedding space of Y are mapped
onto those built in the embedding space of X via the g(-). When searching the KNNs of a vector we excluded only
the vector with coincident time index, usually referred to as self-match [3].

2.2 SSC approach based on CP

CP strategy agrees with the notion that, in the presence of a smooth function f(-) mapping the states of X onto
Y, vectors built in the embedding space of X are useful to predict those built in the embedding space of Y [31,
32]. The CP method utilizes the KNNs of «,, in the embedding space of X to predict the future value Yntrys
of y,,. The prediction ¥, yr,, of Ynir,, is obtained as the weighted mean of the future component of the images
of the KNNs of a,,, where the weights are the natural exponential of the inverse of the distance of the KNNs of
x, from x, [33]. The strength of the dependence of ¥ on X is quantified by the square correlation coefficient p?
between the predicted series § and y [33, 34]. p? is taken as the CP function (CPF) from X to ¥ (CPFx_y). A
situation of full unpredictability corresponds to CPF x_.y = 0, while perfect prediction leads to CPFx_.y =1. A
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well-defined course of CPFx_.y with m is expected: indeed, at small m, the better unfolding of trajectories in the
embedding space of X might prevail leading to an improvement of CP, while at larger m the erratic spreading of
vectors in the embedding space of X, mainly due to noise, might increase the cell size formed by the KNNs of x,,
and reduce the reliability of the predictor, thus reducing CP. The maximum of the CPFx_,y over m is taken as
the CP index from X to Y (CPIx_y) [34, 35]. In the present study, the optimal embedding dimension m was
searched in the range between 1 and 10.

2.3 SSC approaches based on CSR

CSR strategies agree with the notion that, in the presence of a smooth function f(-) mapping the states of X onto
Y, close vectors in the embedding space of X corresponds to close vectors in the embedding space of Y [2]. Thus,
the CSR function (CSRF) is defined [14] as

ave A’I{
CSRFIXHY = <AYW>7 (1)

where AY is the square distance between y,, e and its KNNs in the embedding space of Y averaged over k,

AY X is the square distance between vy, e and the images of the KNNs of ¢, in the embedding space of Y

averaged over k, and (-) performs the average over n. CSRFI)?‘fY is a measure of strength of the dependence of Y

onto X. Indeed, if the KNNs of Ynr,, corresponds perfectly to the images of the KNNs of x,, in the embedding

space of Y and this situation happens for any n, then CSRFI)?‘ﬁY = 1, thus indicating a strong coupling from X

to Y. Conversely, if the images of the KNNs of x,, in the embedding space of Y spread about y,, e and this

situation is iterated over n, CSRF%}‘ﬁY tends to 0, thus indicating a weak coupling from X to Y. The subscript
Y

lave is utilized to stress that the ratio % is computed locally for any pattern built over the embedding space of
Ay

Y of time index n and the distances were averaged over k. An alternative local measure is
MY
CSRFY™Y = (—h+), (2)
My
where MY is the square distance between y,, 4r,, and the farthest KNN of y, . —in the embedding space of
Y, My X is the square distance between y,, e and the farthest image of the KNNs of x,, in the embedding

Y
space of Y. The subscript lmax indicates that the ratio A%,"‘ ~ was computed locally as CSRFl)%‘iy but, instead of

computing the average distance over k as in (1), the maximum distance was computed. According to the definition
of global and local indexes given in [36], correspondent global indexes are computed as

ave <A}'L/>
CSRFEY,, = e (3)
and
max <M73‘/>
CSRF$™Y = W7 (4)

where at difference with (1) and (2), the numerator and the denominator of the ratio are calculated by considering
quantities averaged over n. The subscripts gave and gmax remind that they are global indexes. All the CSRF's
vary with m. Since, at difference with CPF, no procedure can be utilized to optimize m, they must be sampled at
an arbitrary m. Indeed, the strategy exploited in CPF cannot be utilized in CSRF given that the erratic spreading
of vectors in the embedding space of V" affect both the KNNs of y,,, - ~and the images of the KNNs of a;, through
the f(-), thus tending to a compensation instead of forming a maximum as in the case of the CPF. We selected an
intermediate value of m, namely m = 6, to avoid a too small embedding dimension that might prevent to unfolding
trajectories and a too high dimension corresponding to high-dimensional dynamics unrealistic in our application.
The CSRF at m = 6 was taken as the CSR index (CSRI) and labeled CSRI%"y., CSRIY™,, CSRIEY,., and
CSRIS™S .
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2.4 Causality assessment based on SSC methods

CPIx_,y Was taken as an index of the strength of the causal relationship from X to Y [12]. In complete anal-
ogy with CPIx_y, the markers CSRI'®y,, CSRI™,, CSRIZ™,,, and CSRIE™, were utilized to estimate the
strength of the causal relationship from X to Y as well. When they were significantly larger than 0, we argue that
X — Y. By reversing the role of X and Y an analogous approach can be followed to compute the CPF from Y
on X (CPFy_x) and CSRF from Y to X according to (1)-(4), namely CSRI}** i, CSRI}™™,, CSRIZ™, and
CSRI$™%. These indexes are taken as measures of the causal relationship from Y to X. A directionality index
(DI) [37] based on CPI was defined as

DIcp; = CPly_,x — CPIx_.y (5)
and a normalized DI (NDI) [38] as

CPly_x — CPIx_y

NDIcpr = (6)

Similar definitions can be provided for DI based on CSRI. If DI, or NDI, was significantly larger than 0, we
argue that ¥ — X is the dominant direction of causality. When computing indexes from Y to X attention should
be paid to use 7, instead of 7,, because latencies can be different and to avoid setting 7y, = 7y, = 0 [12]. If
both X — Y and Y — X subsisted, then a closed loop relationship was detected, being the dominant direction
of causality the one with greater CPI, or CSRI.

3 Simulations

A bivariate model describing the interactions between nonlinear stochastic systems [12] was exploited to test the
performance of the methods in assessing causality. Each equation features a quadratic term accounting for the
self-dependence of one system and a linear term representing cross-dependence on the activity of the other system
disturbed by dynamic noise. The model is described by

Xp=a-X2 | +b-Y, 1+, (5)
Y,=c- Y2, +d-X,_1+06,,

where ¢ = ¢ = 0.1 and = and O are Gaussian white noises with zero mean and unit variances. If b = 0 and d
# 0, the directionality of the interactions is from X to Y and the model is in open loop. If b # 0 and d # 0,
the directionality of the interactions is from X to Y and vice versa and the model is in closed loop. In the case
of a closed loop relationship the prevalent causal direction depends on the |b/d| ratio. Causality was modified by
letting constant the value of b, while d was varied incrementally from 0 to 1.0 with 0.05 steps. The value of b was
set to 0.0, — 0.3 and — 0.6. Thus, by increasing progressively d, we expected that the dominance of the causal
direction from X to Y could be more probable. However, this tendency depended on the value of b as well, being
more likely to observe the prevalence of the reverse causal direction when |b| was higher.

4 Experimental protocol and data analysis

4.1 Experimental protocol to probe cerebrovascular control

The cohort was a subsample of a larger group of healthy individuals enrolled at the IRCCS Policlinico San Donato,
San Donato Milanese, Italy, with the aim of characterizing modifications of CA with age and orthostatic challenge.
The group comprised individuals within the lowest tertile of age of the entire database. We analyzed 27 healthy
volunteers (age: 44 + 11 years; 14 females, 13 males). The healthy condition of individuals was verified via self-
declaration of the subjects and clinical screening based on electrocardiogram and echocardiogram examinations.
Preparation of the subjects, characteristics of the facilities where experimental sessions took place, and instructions
given to the subjects followed the standards of protocols assessing CA at the IRCCS Policlinico San Donato [29,
39]. We recorded noninvasive continuous finger arterial pressure (AP) by volume-clamp photoplethysmography
(CNAP Monitor 500, CNSystems, Austria), and cerebral blood velocity (CBv) via a TCD device (Multi-Dop X,

@ Springer



Eur. Phys. J. Spec. Top.

DWL, San Juan Capistrano, CA, USA) from the right or left middle cerebral artery. Signals were sampled at
400 Hz. After instrumenting the subject, a period of stabilization of the physiological variables of 10 min was
allowed before starting the acquisition session. Signals were acquired at REST for 10 min followed by STAND for
an additional period of 10 min.

4.2 Construction of variability series and computation of SSC indexes

The nth MAP was computed between the (n — 1)th and the nth diastolic points detected on the AP signal. The
correspondent fiducial points on the CBv were utilized for the computation of MCBv from the CBv signal [29]. CPI
and CSRI markers were computed with X = MAP and Y = MCBv. After the application of linear detrending, MAP
and MCBv series were normalized to have zero mean and unit variance. Since short-term regulatory mechanisms
were under focus, we adopted N = 256 [40]. The parameter k was set to 20 according to our previous experience on
the analysis of the short data sequences that suggest that k is about 8% of N, which could preserve the ability to
describe locally the characteristics of the dynamics while limiting the variance of the indexes [9, 12, 35]. Time delay
was set to 1 [9, 12, 35]. We leveraged a test based on the stability of the mean and variance to check stationarity
[41]. If a randomly selected sequence did not pass the test, a new selection was carried out.

4.3 Testing the null hypothesis of uncoupling via surrogate data

We set, the null hypothesis of uncoupling between X and Y via the generation of surrogate series from the original
z and y by preserving their distribution and power spectral density but destroying their cross-correlation [42]. We
exploited iteratively refined amplitude-adjusted Fourier transform-based approach [43] to build pairs of series with
the same distribution as the original series, while power spectral densities were the best approximation according
to the number of iterates (i.e., 100). This method substituted the phases of the Fourier transform of the original
z and y series with realizations of uniformly distributed random processes ranging from 0 to 2mw. The use of
two independent sequences generated according to two different random seeds, made the two surrogate series fully
uncoupled [44]. The length N of the series, being a power of 2, allowed us to speed up the construction of surrogate
data via fast Fourier transform. We generated 100 surrogate pairs from any original couple. CPI and CSRI markers
were computed over each set of surrogates and the 95th percentile was extracted. If the marker computed over
the original series was above the 95th percentile of the CPI distribution built over surrogates, the null hypothesis
of uncoupling was rejected and the alternative hypothesis, namely the series were significantly associated in the
considered time direction, was accepted [45]. The percentage of subjects with a significant CPI, or CSRI, was
monitored as well and indicated as %CPI and %CSRI. Both %CPI and %CSRI from X to Y (%CPIx_y and
%CSRIx_y) and vice versa (%CPIy_ x and %CSRIy_, x) were computed.

4.4 Statistical analysis

Paired ¢ test, or Wilcoxon signed rank test when appropriate, was applied to check the impact of STAND over
all the model-free directional markers. The y? test (McNemar’s test) was applied to the proportion of subjects
featuring the rejection of the null hypothesis of uncoupling. Statistical tests were applied to markers describing
both the directions of the interaction, namely from MAP to MCBv and vice versa. After pooling together markers
computed in a given temporal direction regardless of the experimental condition, linear regression analysis was
carried out in the planes (CPIyap—mcBv, CSRIMaP—MeBy) and (CPIvepv—mar, CSRInmepyv—Mmap). Pearson
product moment correlation coefficient r and type I error probability p were calculated. Statistical analysis was
performed with a commercial statistical software (Sigmaplot v.14.0, Systat Software, San Jose, CA, USA). A p <
0.05 was always deemed as significant.

5 Results

5.1 Results over simulations

Figure 1 shows the trends of CPI (Fig. la—c) and CSRI (Fig. 1d-0) computed according to the different strategies,
namely CSRI®™® (Fig. 1d-f), CSRI®™™ (Fig. 1g-i), CSRI'™® (Fig. 1j-1) and CSRI™* (Fig. 1m—o), evaluated
over the simulated series as a function of d. Results are obtained with b = 0.0 (Fig. 1a, d, g, j, m), b = — 0.3
(Fig. 1b, e, h, k, n), and b = — 0.6 (Fig. 1c, f, i, 1, 0). CPIx_y and CSRIx_,y are represented as black lines, while
CPIy_ x and CSRIy_, x as red lines. The dashed line represents the mean, and the two solid lines correspond to
two standard deviations about the mean computed over the 100 simulated pairs. CPIx_,y increased progressive
with d regardless of the value of b (Fig. 1la—c). Conversely, CPIy_, x remained stable with d when b = 0.0 (Fig. 1a)
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Fig. 1 The line plots show the mean (dashed line) and the confidence interval of two standard deviations about the mean
(solid lines) of CPIx_y (black lines) and CPIy_x (red lines) in a—c and of CSRIx_.y (black lines) and CSRIy_.x (red
lines) in d—o computed according to the strategy of the CSR. approach, namely CSRI®*® (d-f), CSRI#™** (g-i), CSRI'*"®
(j-1), and CSRI™=* (m-o0), assessed over simulated series with a = ¢ = 0.1. Results are given as a function of d with b =0
in (a,d, g, j, m), b= —0.3 in (b,e,h,k,n), and b = —0.6 in (c, £, i, 1, 0). The curves were built over 100 pairs of realizations
of X and Y

and b = — 0.3 (Fig. 1b), while it increased with d when b = — 0.6 (Fig. 1c). CPIx_,y was above CPly_ x
at large d both when b = 0.0 and b = — 0.3 (Figs.1a,b), while the reverse situation was observed at small d
when b = — 0.6 (Fig. 1c). Trends of CSRIx_y and CSRIy_ x were very different from those of CPIx_y and

CPly_ x. Indeed, both of CSRIx_,y and CSRIy_, x increased progressively with d regardless of the strategy for
their computation and the value of b (Fig. 1d—o), The consequence of these trends is that only at b = 0.0 CSRIx_y
was above CSRIy_ x at large d (Fig. la, d, g, j, m). Conversely, it is worth noting that it never happened that
CSRIy_ x was above CSRIx_y. We conclude that CSRI is weaker than CPI in evaluating causality and it is
suitable only in the case of unidirectional coupling.

5.2 Results over the experimental protocol

Figure 2 shows CPIyap_mcpy (Fig. 2a) and %CPlyap—wmcpy (Fig. 2b) at REST and during STAND.
CPIpap_McBy increased significantly during STAND resulting in a significant rise of %CPInap_MCBv-

Figure 3 shows CSRIENS vope (Fig. 3a), CSRIENS icp. (Fig. 3¢), CSRIGYp_mcope (Fig. 3e), and
CSRIEES oy (Fig. 3g) as well as %CSRIERS, | o, (Fig. 3b), %CSRIELS | o (Fig. 3d), %CSRI A p_vony
(Fig. 3f), and %CSRI}Y ope (Fig. 3h) at REST and during STAND. Regardless of the CSR method,
CSRIMAP—MCBy Taised during STAND (Fig. 3a, c, e, g) leading a tendency to augment %CSRIyap—mcny (Fig. 3b,
d, f, h) that was significant in the case of %CSRIgmaf; MCB

Figure 4 has the same structure as Fig. 2, but it shows CPI (Fig. 4a) and %CPI (Fig. 4b) computed over the
reverse temporal direction, namely from MCBV to MAP. CPIyicav—map increased significantly during STAND
but %CPIncBy—MAP cxhibitcd only a tendency to increase.

Figure 5 has the same structure as Fig. 3, but it shows CSRI (Fig. 5a, ¢, e, g) and %CSRI (Fig. 5b, d, f, h) over
the reverse temporal direction, namely from MCBv to MAP. Regardless of the CSR method, CSRIyicBv—MAP
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Fig. 2 The vertical error bar graph shows CPImapr—wmcsy (a) and the vertical bar graph shows %CPIyap—mcsy (b) as
a function of the experimental condition (i.e., REST and STAND). Data in a are reported as mean + standard deviation
and in b as percentage. The symbol § indicates p < 0.05 REST versus STAND

raised during STAND (Fig. 5a, ¢, e, g) but %CSRIncpy—map exhibited only a tendency to increase (Fig. 5b, d,
f, h).

F)igure 6 shows the results of linear regression analysis in the plane (CPIyap—mcsv, CSRIMAP—MeoBy) COm-
puted over all subjects after pooling together data relevant to REST and STAND. Analysis was carried using
CSRI%?X}eMCBv (Fig. 6a), CSRIIE\;/IT;—»MCBV (Fig. 6b), CSRIﬁ‘fP-»MCBv (Fig. 6¢), and CSRI%\I/}IX)I(D—»MCBV (Fig. 6d).
CPIyap—mcepy Was significantly associated with CSRIS|\p_\opy (7 = 0.270, p = 4.80 x 1072, Fig. 6b),
CSRIYp ope (7 = 0.332, p = 1.40 x 1072, Fig. 6¢), and CSRI%\I}[]X}‘)HMCBV‘ (r =0.317, p = 1.96 x 1072,
Fig. 6d). Conversely, CPIpap—MeoBy Was not significantly associated with CSRI%Z‘X}_)MCBV (r =0.257, p = 6.08
x 1072, Fig. 6a).

Figure 7 has the same structure as Fig. 6, but it shows the results of linear regression in the plane
(CPInmeBv—maP, CSRIvesv—Mapr). CPIvcsyv—Mmap was significantly associated with CSRIvcpy—map regard-

less of the strategy of computation, namely with CSRI§{{S, vap (7 = 0.630, p = 3.38 x 1077, Fig. 7a),

CSRI§ Ry —yap (r = 0.608, p = 1.06 x 1075, Fig. 7b), CSRIES . vap (7= 0.683, p = 1.26 x 10~%, Fig. 7c)
and CSRIVFES  yap (= 0.636, p = 2.30 x 1077, Fig. 7d).

Figure 8 it shows DIcpr (Fig. 8a) and NDIgpy (Fig. 8b) at REST and during STAND. DIgpr and NDIgpy did
not vary with STAND.

6 Discussion

The main findings can be summarized as follows: (i) synthetic bivariate data generated by a nonlinear stochastic
model suggested that only the CP technique was able to detect causality from the driver to the responder, while
the performance of CSR methods was more limited; (ii) in the context of cerebrovascular interactions CPI and
CSRI were significantly correlated but the correlation was weaker from MAP to MCByv; (iii) at REST closed-
loop MCBv-MAP dynamic interactions were detectable and they were more present during STAND; (iv) STAND
increased the strength of the causal link from MAP to MCBv and vice versa.

6.1 The CP strategy is more powerful than the CSR one in describing causality in simulated nonlinear
stochastic closed-loop dynamic interactions

Methods belonging to the SSC class were designed for characterizing the statistical relationship between two time
series [2] and they were found useful to assess the directionality of dynamic interactions [5-23]. SSC methods can
be mainly distinguished into two categories, namely based on CP [5-13] and CSR [14-19]. Both these families have
been exploited to face the issue of distinguishing between the driver and the responder according to the asymmetry
of the CP, or CSR, under reversal of the roles of the two series. Direct comparison of the two methods over
simulations with the aim of assessing directionality is the missing piece of information given that the performance
of CP and CSR strategies has been evaluated separately so far [5-13, 15-19]. In addition, separate validation
was carried out mainly over deterministic systems and, when performed over stochastic systems, mainly in the
presence of unidirectional coupling and/or with insufficient granularity of coupling strength [5-8, 10, 11, 13, 15,
16, 18, 19]. In the present study we directly compared the ability of CP and CSR in detecting driver-response
directionality in the context of nonlinear stochastic closed-loop interactions. We found that the dominant direction
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of the interactions was detected by the CP method as the one leading to the higher value of CP [12]. Conversely, the
ability of CSR in detecting causality was weaker and limited to the ability to describe unidirectional interactions,
namely with b = 0.0. We suggest that the worst performance of the CSR methods might be the result of the fact
that the activity of the responder can be, at least partially, reconstructed from its past values without the need
of knowing the activity of the driver. Indeed, this situation could have limited the differences between the cloud
sizes formed by the neighbors of the state of the responder and by the images of the neighbors of the associated
state in the embedding space of the driver. In other words, if the driver activity does not have an exclusive effect
on the responder and the driver action could be reconstructed, even partially, from past states of the responder
activity, causal relationships cannot be disentangled using the CSR methods examined in this study. Conversely,
the CP approach leverages exclusively the KNNs detected in the embedding space of the driver to reconstruct the
activity of the responder. Thus, we do not recommend the use of CSR methods to detect the dominant direction

of causality in nonlinear stochastic closed-loop systems. As a consequence, we limited the analysis of directionality
via DI to the CP method.
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Fig. 4 The vertical error bar graph shows CPInmcsv—map (&) and the vertical bar graph shows %CPIyvcev—map (b) as
a function of the experimental condition (i.e., REST and STAND). Data in a are reported as mean + standard deviation
and in b as percentage. The symbol § indicates p < 0.05 REST versus STAND

6.2 Correlation analysis between CPIl and CSRI in the context of cerebrovascular dynamic interactions

Two factors might contribute to the significant correlation between CPI and CSRI. On the one hand CPI is
computed via an optimization procedure leading to the selection of the embedding dimension allowing the best
prediction of the behavior of the responder based on the activity of the driver, while the embedding dimension is a
priori decided in the computation of CSRI. It might be that, if the variability of the optimal embedding dimension
in CPI computation was limited, correlation would be high. Another factor that can contribute to the correlation
between CPI and CSRI is the limited contribution of the past samples of the activity of the responder in setting
its future evolution above and beyond the contribution of the driver. If the future behavior of the responder was
completely governed by the activity of the driver, CPI and CSRI would be highly correlated. Indeed, while CPI
depends exclusively on the activity of the driver, CSRI accounts for activity of the responder in addition to the
behavior of the responder conditioned on the activity of the driver. The significant association between CPI and
CSRIs indicates that the CSRIs can be exploited as a marker of coupling strength between interacting systems. Only
CSRIG b mopy Was not significantly associated with CPIvap—.mcBy, but type I error probability is borderline to
significance. However, in general, correlation is far from being high in the temporal direction from MAP to MCBv.
We conclude that the variability of the optimal embedding dimension in the computation of CPI and the sizable
contribution of past values of the activity of the responder in describing the action of the driver on the responder
plays a role in limiting correlation between CPI and CSRI. This role appears to be more important from MAP to
MCByv than in the reverse causal direction given that correlation between CPIyiap_mcpy and CSRIyap—meBy 1S
weaker. We suggest that the complexity of the pathway from MAP to MCBv is so high, comprising endothelial,
metabolic, chemical, neurogenic, and myogenic factors [46], that the pressure-to-flow pathway might provide a
limited description of the dependence of cerebral fluid dynamics on AP changes [47], thus explaining the relevance
assumed by the past samples of the MCBv in setting its future evolution above and beyond MAP variations.
Conversely, the higher correlation between CPIyicy—map and CSRIyeBy—map might be the result of the lower
complexity of flow-to-pressure pathway responding to situations of hypo/hyperperfusion with suitable modification
of MAP [48-50].

6.3 Significant closed loop interactions between MCBv and MAP are present at REST and they are more
evident during STAND

Closed loop MCBv-MAP interactions were detected at REST. Indeed, the percentage of concomitant rejection
of the null hypothesis of uncoupling over both the pressure-to-flow and flow-to-pressure pathways as detected by
CPI was 19%, and much higher when considering CSRI®*"®, CSRI®™®* CSRI'™®, and CSRI™®*, namely 52%,
30%, 48% and 30% respectively. Bidirectional MCBv-MAP interactions were more evident during STAND given
the concomitant rejection of the null hypothesis of uncoupling over both the arms of the closed loop as measured
via CPI, CSRI®*®, CSRI®™®* CSRI'™°, and CSRI™®* rose to 48%, 70%, 67%, 74% and 70% respectively. The
identification of a closed loop relationship between MAP and MCBy is not surprising [45, 49-51]. On the one hand,
the arm from MAP to MCBv is the result of the vascular properties of the cerebral circulation shaping MCBv
according to modifications of the MAP [47] and of CA reducing this dependence in the attempt to limit variability
of MCBv [46], while on the other hand the arm from MCBv to MAP account for the possibility of modifying
systemic AP based on the state of cerebral circulation [48] even in situations that are not life threatening [52, 53]
and at time scales typical of short-term regulation [45, 49-51, 54, 55].
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Fig. 5 The vertical error
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6.4 Both CPI and CSRI detect the deterioration of CA during STAND that might drive the activation
of the flow-to-pressure pathway

Graded lower body negative pressure was utilized to simulate the impact of a reduced venous return typical of the
orthostatic challenge [56, 57]. It was observed that the mean of MCBv decreased [56, 57], while the magnitude
of the transfer function from MAP to MCBv as well as the strength of the association between MAP and MCBv
band increased [57] in proportion to the relevance of the stressor. The impact of the postural challenge on the
mean of MCBv [27, 49, 54, 58-62], and squared coherence in the very low and low frequency bands [9, 49, 62] was
confirmed during head-up tilt and active standing in healthy subjects, thus supporting the deterioration of CA
with the postural challenge. This deterioration was more visible in subjects prone to the development of postural
syncope, especially in the temporal direction from MAP to MCBv [49, 54] and was evident when markers of CA were
computed in the frequency domain especially in the high frequency band [45]. Conversely, the autoregulation index
did not vary [27, 49, 59, 60] and it was even found to improve [61]. These modifications during postural stressors
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Fig. 6 Linear regression
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have been interpreted as the result of vascular vasoconstriction at the cerebral level, being less important than
that at the peripheral level but still present [56]. The present study agrees with the notion that an orthostatic
challenge contributed to the deterioration of CA because the strength of the causal relationship from MAP to
MCBYyv increased during STAND. This finding was more evident using CPI than CSRI given that the percentage
of the subjects with a significant link from MAP to MCBv was more likely to increase with STAND. We argue
that the increase in the strength of the causal relationship in the reverse temporal direction observed by both CPI
and CSRI could be a physiological adjustment linked to the rise in the strength in the time direction from MAP
to MCBv in the attempt to elicit suitable changes in MAP via Cushing-like reflexes to respond to situations of
hypo/hyperperfusion [48-50, 55].

6.5 Limitations of the study and future developments

The embedding dimension m was optimized only by the CP method. Conversely, the CSR strategy relies on
an arbitrary setting of m. Although in this study modifications of m did not alter conclusions, a procedure to
optimize m in CSR methods would be warranted. However, to apply the same strategy adopted in the CP method
the definition of CSR needs to be changed to prevent that dispersion of vectors influences both the numerator and
denominator of CSR. Both CP and CSR approaches rely on the setting of the number k of the nearest neighbors.
This number sets the level of coarse graining of the embedding space, being rougher with k. Indeed, higher values
of k might lead to smooth local structures of the reconstructed dynamics. Strategies for selecting k according to
the level of preservation of local structures might favor future applications. Even the application of coarse graining
free approaches might deserve some tests [63, 64].

7 Conclusions

The CP method should be preferred to CSR strategies when assessing causality in a driver-response configuration
featuring nonlinear stochastic interacting systems. This conclusion applies especially to those systems in which the
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Fig. 8 The vertical error
bar graphs show DIcpr

(a) and NDIcpr (b) as a
function of the
experimental condition (i.e.,
REST and STAND). Data
are reported as mean +
standard deviation
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impact of the driver on the responder does not appear to be the genuine effect of the driver but tends to inflate
the contribution of past states of the responder to its future activity. However, the significant level of correlation
between CPI and CSRI computed along the same temporal direction of interactions suggests that both methods
are suitable to quantify the strength of the dynamic interactions between MAP and MCBv. Both methods suggest
the presence of closed loop interactions between MAP and MCBv especially evident during STAND, thus stressing
the pathophysiological relevance of the combined description of the pressure-to-flow and flow-to-pressure pathways.
The ability of the SSC class to describe nonlinear directional interactions, its independence of any model structure,
and its ability to detect changes across experimental conditions are all features that might be extremely useful
in the characterization of the MAP-MCBv dynamic interactions as well as in the description of the relationship
between any pair of physiological variables.
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