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ABSTRACT

The assessment of cardiovascular dynamics from heart period (RR) and systolic arterial pressure (SAP) time
series requires analytical tools capable of capturing the complexity and nonlinearity of the underlying regula-
tory mechanisms and the directionality of their interactions. This work presented and tested a methodological
framework combining Mutual Information Rate (MIR) with multiple surrogate data analysis to quantify and
statistically validate complexity, causality, and nonlinearity in cardiovascular dynamics. Specifically, MIR was
estimated through a model-free nearest-neighbor approach and decomposed into measures of complexity (i.e.,
entropy rate) and causality (i.e., transfer entropy). The capability of the method to characterize cardiovascular
regulation was evaluated across young normotensive healthy subjects, older healthy individuals, and post-acute
myocardial infarction (AMI) patients, undergoing an orthostatic stress test. In healthy young subjects, orthostatic
stress induced the expected reduction in cardiovascular entropy rate and nonlinear coupling, reflecting a regu-
lated baroreflex response. In contrast, older adults and post-AMI patients exhibited altered dynamics already at
rest and lacked the adaptive modulation observed in the young group. These results demonstrated the potential
of MIR decomposition, supported by surrogate analysis, as a robust framework to characterize the modulation
of cardiovascular control mechanisms in response to orthostatic stress and their alterations across pathophysio-

logical conditions.

1. Introduction

Cardiovascular diseases involve pathological alterations of the heart
and blood vessels and are responsible for 32% of global deaths according
to the World Health Organization [1]. The assessment of cardiovascular
dynamics is thus crucial for early diagnosis of pathological states and
the application of targeted treatments, both pharmacological and clini-
cal [2]. The primary function of the cardiovascular system is to ensure
adequate blood perfusion and, consequently, enable the transportation
of oxygen and nutrients to all body tissues through the combined action
of the heart and the vascular network [3]. The maintenance of cardio-
vascular homeostasis, particularly in response to physiological or stress-
inducing stimuli, is the result of the complex integration of a multiplicity
of mechanisms and feedback pathways, including respiratory, barore-
flex, and chemoreflex interactions, acting at both central and peripheral
levels [4-9]. The resulting temporal fluctuations in cardiac and pres-
sure signals thus reflect the coordinated activity of these coupled control
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mechanisms [10,11]. The autonomic nervous system (ANS) plays a key
role in coordinating cardiovascular regulation through the interaction
of its sympathetic and parasympathetic activity [12-14]. By modulating
heart rate and vascular resistance, the ANS contributes to the control of
arterial pressure, which is continuously stabilised through the barore-
flex mechanism. The baroreflex system constitutes a closed-loop feed-
back circuit essential for the beat-to-beat regulation of systolic arterial
pressure (SAP) and heart period (RR interval from the ECG). It oper-
ates through the activity of baroreceptors, central nervous system inte-
gration centers, and sympathetic and vagal efferent pathways [15-17].
Under physiological conditions, such as during orthostatic stress, these
mechanisms enable the stabilization of arterial pressure and ensure ad-
equate cerebral perfusion. The baroreflex exerts bidirectional control,
where SAP influences heart rate via a negative feedback mechanism,
and heart rate influences SAP in a feedforward manner, through me-
chanical pathways and modulation of venous return and cardiac out-
put (CO) [17-19]. These regulatory mechanisms and their interactions
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produce complex and nonlinear dynamics, which can be indirectly ob-
served and characterized from the resulting RR interval and SAP time
series. The dynamics are sensitive to increasing age or pathological con-
ditions that may compromise the effectiveness of autonomic control
[20-22]. A thorough description of such dynamics requires the use of
advanced analytical methods capable of capturing both the nonlinear
nature and the directionality of the interactions between SAP and RR
[23].

In this context, several approaches have been proposed to describe
and model physiological regulation at the system level. In particular, the
fields of network physiology and computational physiology have been
introduced to interpret physiological signals as the result of interact-
ing subsystems and to provide quantitative models of their underlying
mechanisms [11,24,25].

In line with this approaches, cardiovascular regulation has been
characterized in many studies using univariate analyses of heart rate
or arterial pressure variability, mainly through entropy-based indices
or standard Heart Rate Variability (HRV) metrics [26,27]. These ap-
proaches describe the variability of individual signals, but they do
not capture the bidirectional closed-loop interaction between SAP and
RR. To include directionality, linear bivariate models, such as Granger
causality and spectral baroreflex estimates, have been applied to quan-
tify feedforward and feedback components of SAP-RR coupling [28-31].
However, as shown in recent works [10,22,32], linear causality met-
rics detect only global linear coupling and fail to identify nonlinear
adaptive dynamics, which are relevant for physiological regulation un-
der stress or pathological conditions. In response to these limitations,
information-theoretic measures have emerged as powerful alternatives
[32-34]. Among these measures, Mutual Information Rate (MIR) [35],
a measure of the stochastic interaction between two random processes
[36,371, has gained significant popularity in bivariate time series analy-
sis due to its decomposability into measures providing insights on both
the uncertainty (closely related to complexity) and causality of the se-
ries [33,38-40]. Moreover, the use of nonparametric approaches for es-
timating MIR, such as the approach based on k-nearest neighbors (KNN),
allows to account for the nonlinear nature of the investigated dynamics.
However, given the inherent variability and stochastic nature of physi-
ological processes, complexity, causality, and nonlinearity aspects need
to be statistically-validated to assess their reliability. In this context,
surrogate data analysis provides a rigorous statistical framework to as-
sess the significance of MIR and its decomposition terms, and to dis-
criminate whether the observed interactions reflect nonlinear dynamics
[32,34,417.

Based on these concepts, this study proposes a comprehensive frame-
work of analysis, which relies on the combination of MIR and its decom-
position with a statistical approach based on multiple surrogate data
generation. The capability of the proposed framework to provide a thor-
ough quantification of cardiovascular interactions, in terms of entropy
rate, causality, and nonlinearity, was evaluated by application to RR
interval and SAP time series, which provides a representative bivariate
projection of the underlying cardiovascular network. Time series were
recorded in young and old healthy subjects, as well as post-acute my-
ocardial infarction (AMI) patients, under orthostatic stress, which repre-
sents an exemplary testbed for the development and validation of analyt-
ical methods, due to the presence of well-defined oscillatory dynamics,
measurable coupling mechanisms, and clinical relevance underlying au-
tonomic and mechanical regulation. We hypothesized that the proposed
metrics would be sensitive to changes in autonomic and mechanical car-
diovascular mechanisms elicited by physiological maneuvers, as well as
to regulation alterations related to aging and pathological states.

2. Methods
The proposed methodological framework was designed to quantify

the dynamic coupling between two random processes and decompose it
to assess entropy rate of each individual process as well as the directed
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information transfer between them. The framework included three main
stages: (i) the estimation of MIR as a measure of dynamic stochastic in-
teraction, and its decomposition into entropy rate and causality com-
ponents, based on a data-efficient k-nearest neighbor estimator; (ii) the
use of surrogate data analysis to assess the statistical significance of the
estimated measures; (iii) the use of surrogate data analysis to evaluate
the presence of nonlinearity in the evaluated dynamics.

The pipeline of analysis is schematized in Fig. 1, which provides a
summary of the steps and their connections.

2.1. Mutual information rate

Let us consider a bivariate system S = {X,Y} composed of two
interacting stationary and ergodic stochastic processes X and Y. For
each process, it is possible to represent the current state as X, and Y,,
where 7 is the time counter, and their past as X = [X,,_;, X,,,, ...] and
Y~ =[Y,_;,Y,,...]. This simple separation between present and past
states allows us to explicitly consider the flow of time and to study
causal interactions within and between processes by examining the sta-
tistical dependencies among these variables [42]. Furthermore, under
the Markov assumption formulated with memory p, the past history of
each process can be approximated with the p-dimensional vectors, i.e.,
X, o Xp =X, 1, X, ... X, land Y, =YY = (Y, .Y, 5. ... Y, ).

The MIR of the bivariate process composed of X and Y is defined
as the limit, if it exists, of the rate at which the two dynamical systems
exchange information per unit of time [35]:

Ty = lim ~1(X[:YP). M
where I(-;-) is the mutual information.
Exploiting its formulation depending on entropy rates and the equiva-
lence between entropy rates and conditional entropy valid for stationary
processes, MIR can be decomposed in terms of: i) the complex behavior
of the individual and joint systems; ii) the causal interactions between
the two systems [43].

The first decomposition is given in terms of entropy rate quantities,
which are expressed as the conditional entropy of the present state of a
process given its own past history [39], i.e.,

Iyy=Hx+Hy—-Hyy=

@
= H(X,|XD) + HY,|Y)) - H(X,.Y,|X].Y)),

where H(-|-) indicates the conditional entropy, Hy and Hy are the en-
tropy rates of the individual processes, and Hy y their joint entropy
rate.

The second decomposition is given in terms of measures of trans-
ferred information, which are indicative of causality related to past lags
in both directions and to instantaneous causality. These quantities can
be expressed through the conditional mutual information I(:;-|-), ac-
cording to the following relation [39]:

Ixy =Tx_y+Ty_x +1Ixy =

3
= 1, XPIYD) + I(X,; Y2 XD) + I(X,; Y, | X2, YD),

where the transfer entropies Ty _,y and Ty_, y quantify the directed flow
of information from process X to Y and from Y to X, respectively, and
are closely related to the concept of Granger causality [30,44]. Transfer
entropy indices allow to split the information flow in the two directions
and to evaluate its asymmetry directly from the data, without a-priory
assumptions on causal directions. The term I, represents the instanta-
neous (zero-lag) dependence between the two processes and constitutes
a symmetric measure of instantaneous causality [43]. For the instanta-
neous term, it is important to clarify how a causal interpretation can
be associated with it. Bearing in mind the principle that the cause must
precede the effect, if prior knowledge about the analyzed dynamic sys-
tem allows one to ascribe the instantaneous effect to one of the two
directions of interaction, the instantaneous term of the decomposition
(3) can be added to the corresponding transfer entropy, and the two
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Fig. 1. Schematic representation of the proposed framework of analysis. (a) Estimation, decomposition, and assessment of the Mutual Information Rate (MIR). The
input series X, and Y, are processed to estimate MIR, which is then decomposed into measures of complexity (Hy + Hy-Hy y) and causality (Ty_y + Ty_y). (b-e)
Venn diagrams illustrating surrogate-data analysis procedures. Specifically, (b) Shows the original coupling between two generic processes X (yellow) and Y (blue)
as measured by MIR (green). (c) Random shuffling surrogates to test the statistical significance of complexity measures (example shown for X; analogous for Y). (d)
Circular shift surrogates to test the statistical significance of MIR and causality measures. (e) IAAFT surrogates to detect nonlinear dynamics. Modified from [34].

can be treated as a single measure. Specifically, if prior physiological
considerations allow to ascribe the instantaneous effects to the direc-
tion Y — X, an aggregate measure of causal information transfer can be
defined as: Ty _,x = Ty_ x + Ix.y. The two formulations provided in (2)
and (3) facilitate the estimation of the MIR as a combination of condi-
tional entropy and conditional mutual information terms.

All the information-theoretic quantities are expressed in nats, corre-
sponding to the use of natural logarithms (base ¢) in entropy estimation.

2.2. Estimation of information measures

The nonparametric KNN estimator was adopted to compute the MIR
and the complexity and causality terms into which MIR can be decom-
posed. The KNN estimator determines probability densities by evaluat-
ing the distances between each data point, representing a realization
of the dynamic processes and its k-nearest neighbors in the observed
space. According to the formalism introduced by Kozachenko and Leo-
nenko [45], the entropy of a generic d-dimensional random variable V'
can be estimated as:

HWV)=—E[np(,)] = y(N) —y(k) +d{lne,), (€]

where E[-] denotes the expectation operator, y(-) the digamma function,
e, twice the distance between v,, and its kth nearest neighbor determined
using the maximum norm, and (-) represents the average over all N
observations of V.

Since MIR is computed by combining entropy terms defined over
spaces of different dimension, the application of the same nearest neigh-
bor search procedure in all spaces would produce heterogeneous search
radii, when estimating probability densities, and an increasing bias,
when terms are summed or subtracted. To mitigate this effect, the search
distance can be kept constant in the higher-dimensional space, and pro-
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jected onto the lower-dimensional spaces where the neighbors were
counted, as proposed by Kraskov, Stogbauer, and Grassberger [46].

Accordingly, given two generic variables V' and W and the possi-
bility to decompose their conditional entropy and conditional mutual
information in entropy H(-) and joint entropy H(-,-) measures, i.e.,
HWVIW)=HWV ,W)-HW) and I(V;W|U)=HWV|U)- HV|W,U),
the terms in Egs. (2) and (3) are estimated as [34,47]:

Ly =w(k) + (W(Nyo + D) + w(Nyp + D) = (w(Ny o + 1)

(5)
- <W(Ny”yn" + 1)) - (W(Nxﬁynl’ + 1»’

Hy = (w(Nyp + 1) = (w(Ny,_yo + D)+ (Ine,), ©
Hy = <‘I/(Nyn” + 1)) - <‘I/(Nynyn” + 1)> + (11’1 €n>s (@]
Hyy = =)+ (W(Nyzyr + D) +2(Ine,), ®
Tx_y = (W(Nynf’ + 1)) - <lI/(Nynyn” + 1)) ©

_<W(ngy':’ + 1)) + <W(Nynxgy'f + 1))»

Ty-x =y(®) + W (Nyr + D) = (W(Ny yr + 1)
n nXn (10)

- <W(NY,,X5YH” + 1)),

where (-) represents the average of N observations, y(-) is the digamma
function, k the number of neighbors, ¢, twice the distance of each point
from its kth neighbor in the space [X,, Y,, X!, Y], and N is the number

of neighbors whose distance from samples in the generic subspace Z is
lower than ¢, /2.
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2.3. Surrogate data analysis

A multiple surrogate data approach was applied to assess the sta-
tistical significance and the nonlinearity of MIR and its decomposition
metrics. Surrogate analysis is a hypothesis testing technique that com-
pares measures computed on the original data with those obtained from
surrogate series, which are generated to preserve all the characteris-
tics of the original data except for the property under investigation,
whose removal defines the null hypothesis [48]. In this study, four
distinct types of surrogate series were generated to evaluate specific
properties of the time series, as schematized in the Venn diagrams of
Fig. 1. Specifically, two of these surrogate types were designed to as-
sess statistical significance, i.e., Random shuffling and Circular shift,
while the remaining two were intended to investigate the presence of
nonlinear dynamics in both univariate and bivariate processes and are
based on the Iterative Amplitude Adjusted Fourier Transform (IAAFT)
procedure.

In detail, the statistical significance of the complexity measures (i.e.,
Hy, Hy, and Hyy) was tested against the null hypothesis that the
time series were realizations of a process that did not exhibit self-
dependencies (i.e., Hy = H(X,)). To this aim, Random Shuffling surro-
gate series were generated by independently and randomly permuting
the samples of each time series, thereby destroying any temporal struc-
ture of the original series while preserving their marginal distributions
(Fig. 1(c)). The statistical significance of the causality measures (i.e.,
Tx_y, Ty~ x) and of the MIR was tested against the null hypothesis that
the two time series originated from statistically independent processes
(i.e., I,y = 0). In this case, Circular Shift surrogate data were generated,
which destroyed the coupling between the two series introducing a ran-
dom temporal shift, bigger than the Markov memory of one of the two
series, but preserved the statistical properties of each individual series,
as illustrated in Fig. 1(d).

The presence of nonlinearity in univariate metrics (i.e., Hy, Hy)
was tested against the null hypothesis that the series originated from
Gaussian linear stochastic processes. The JAAFT surrogates were gen-
erated, which preserved both the empirical amplitude distribution and
the power spectrum of the signal series (i.e., their linear properties),
while destroying nonlinear temporal dependencies [49]. The same ap-
proach was extended to the bivariate measures (i.e., Hy y, Tx_y, Ty x>
MIR) to test the presence of nonlinearity against the null hypothesis that
the observed interdependence was solely due to linear interactions. Bi-
variate IAAFT surrogates were generated by applying the same random
phase shift to the Fourier components of both series, thus preserving not
only individual spectra but also their cross-spectral structure, while dis-
rupting the nonlinear correlation between the past and present states.
Fig. 1(e) graphically represents this surrogate procedure using a Venn
diagram, where the smaller intersection between the two processes in-
dicates that the dependence between the past and present is not com-
pletely destroyed, but it is different from the original case in Fig. 1(b)
because only linear correlations are retained [48].

To assess the reliability of the metrics, for each pair of time series, a
surrogate distribution was generated by repeating M times the specific
surrogate generation procedure. The information-theoretic measure of
interest was computed on both the original series and each surrogate
series. A non-parametric percentile-based test was adopted to assess sta-
tistical significance based on 5% significance level. Conditional entropy
measures were deemed significant if the value computed on the origi-
nal series fell below the 5th percentile of the surrogate distribution de-
rived from Random Shuffling. Mutual information measures were consid-
ered significant if the original value exceeded the 95th percentile of the
distribution obtained from Circular Shift surrogates [41,48]. For IAAFT
the null hypothesis was rejected if the original value fell below the 5th
percentile for univariate processes, or exceeded the 95th percentile of
the surrogate distribution for bivariate processes, thereby indicating the
presence of nonlinear dynamics either within or between the processes
[34,49,50].
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3. Application to physiological time series

The analytical framework described above was applied to the pre-
viously collected GISSI-3 study database of cardiovascular time series
[51-53], to assess its capability to highlight changes in entropy rate,
causality, and nonlinearities of the cardiovascular dynamics across dif-
ferent physiological and pathophysiological conditions. Specifically, RR
and SAP recordings from young healthy subjects, older healthy individ-
uals, and post-AMI patients were analyzed during a tilt-induced ortho-
static stress, to assess how information dynamics adapt with aging and
in the presence of cardiac pathology.

3.1. Data acquisition and time series extraction

The GISSI-3 study was conducted in accordance with the Declaration
of Helsinki and each subject provided written informed consent. The
database included cardiovascular signals, acquired from 35 post-AMI
patients (58.5 + 10.2 years, 4 females), examined 10 + 3 days after the
event, and from two groups of healthy subjects composed of 19 young
(25.0 £ 2.6 years, 9 females) and 12 old (63.1 + 8.3 years, 9 females) sub-
jects. Post-AMI patients were part of the larger database collected for a
GISSI-3 arrhythmia substudy [51,54]. Eight patients were treated with
p-blockers, which were discontinued two half-lives before the record-
ings. All healthy subjects were normotensive and free of known diseases.
Recordings were performed after 15 min in a resting baseline condi-
tion and included electrocardiographic (ECG, Siemens Mingograph, lead
11, bandwidth 0.3-1000 Hz) and arterial blood pressure (ABP) signals,
the latter measured at the finger using a Finapres photoplethysmograph
(Ohmeda 2300). Each acquisition consisted of 10 min in the supine posi-
tion (REST) and 10 min during passive head-up tilt at 60° (TILT). Signals
were digitized at 12-bit resolution and 1 kHz sampling frequency.

From the recorded signals, physiological time series indicative of car-
diovascular dynamics were extracted. Specifically, RR intervals were ex-
tracted by detecting R peaks in the ECG via template matching and con-
sidering the temporal distances in between, while SAP was computed
as the maximum pressure value within each detected cardiac cycle. For
each subject and experimental condition, the series were cleaned from
artifacts, windowed to 300 samples (~5 min) and detrended using a
zero-phase autoregressive high-pass filter to remove slow trends. Sta-
tionarity was assessed by visual inspection. Finally, RR and SAP time
series were standardized by z-score normalization. The mean and stan-
dard deviation of the time series before standardization are reported in
Table 18 of the Supplementary Material.

Further details on the experimental protocol and data acquisition are
provided in [32,51].

3.2. Data and statistical analysis

The MIR framework was applied to cardiovascular time series, treat-
ing RR intervals and SAP as processes X and Y, respectively. Global
coupling, entropy rate of cardiac and vascular dynamics, and causal in-
teractions between RR and SAP were assessed. The instantaneous term
was associated with the causal direction SAP — RR , since, by con-
struction of the time series the peak of systolic arterial pressure (SAP,)
occurs before the end of the RR, interval (see Fig. 2(a)). This tempo-
ral arrangement of the time series suggests that SAP, may influence
the duration of RR, within the same cardiac cycle, thus incorporating
the instantaneous term of the interaction related to the fast baroreflex
modulations.

The joint evaluation of the instantaneous effect and of the causal
measure accounting only for the past history of the source follows the
approach adopted in previous studies, which demonstrated that their
combination provides a more realistic description of the dynamics un-
derlying baroreflex responses [10]. All metrics were estimated using the
KNN approach with k = 10 and p = 3 samples for past history reconstruc-
tion. These parameter values were selected in accordance with previous
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Fig. 2. (a) Representative segments of the electrocardiographic (ECG) and arterial blood pressure (ABP) signals illustrating the extraction of RR and systolic arterial
pressure (SAP) time series. (b) Example of RR and SAP series from a representative subject of each group during REST (R) and TILT (T). Please, note that the y-axis

range is different in different subjects.

studies on cardiovascular dynamics [33,55]. In particular, the choice
of the lags allowed to consider physiological mechanisms acting very
fast, as well as effects distributed over subsequent cycles. To evaluate
the effects of the parameter choice and to assess the stability of the re-
sults, a sensitivity analysis was conducted by varying one parameter at
a time. First, MIR, entropy rate, and causality indices were calculated
fixing the embedding dimension at p = 3 and varying the number of
neighbors within the set k = 5, 10, and 20. Then, k was fixed at 10 and
the embedding dimension changed within the set p = 2, 3, and 4.

Surrogate data analysis was performed generating M = 100 surro-
gate series for each subject and condition to test the statistical signif-
icance and nonlinearity of the measures. For each experimental group
and condition, the results of surrogate analysis were expressed in terms
of the percentage of subjects for whom the corresponding null hypoth-
esis was rejected (p < 0.05).

For each group, the comparison between rest and orthostatic stress
states was evaluated using the Wilcoxon signed-rank test [56]. More-
over, to assess whether the proportion of significant or nonlinear re-
sults differed across conditions, a chi-squared test on 2x2 contingency
tables was applied [51]. Finally, between-group comparisons were per-
formed separately for REST and TILT. Specifically, the Kruskal-Wallis
test [57] was used to assess differences among the three groups. When
significant, pairwise comparisons were carried out with the Wilcoxon
rank-sum test adjusted by Bonferroni correction for multiple compar-
isons (n = 3) [58,59], evaluating statistically significant variations be-
tween Young vs. Old, Old vs. AMI, and Young vs. AMIL A p-value lower
than 0.05 was considered statistically significant for all the statistical
analysis.

4. Results
4.1. Global coupling: MIR

The characterization of cardiovascular dynamics in terms of global
coupling, as provided by MIR values, is shown in Fig. 3. Panel (a) shows
the comparison of MIR values between the REST and TILT conditions for
the three groups of young subjects, old subjects, and post-AMI patients,
while panel (b) shows the percentage of subjects exhibiting nonlinear
dynamics (i.e., those for whom the null hypothesis of purely linear dy-
namics was rejected), assessed through IAAFT bivariate surrogates.
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Global cardiovascular coupling values (panel (a)) did not exhibit sig-
nificant variations with postural stress in young subjects and AMI pa-
tients, while a statistically significant increase in MIR was observed in
old subjects. MIR was significantly lower in old and post-AMI patients
compared to young subjects at REST. The difference persisted under
stress conditions in post-AMI patients. The assessment of MIR through
the Circular Shift surrogate analysis confirmed the statistical significance
in around 100% of subjects across all groups and in both experimental
conditions (data not shown).

The assessment of nonlinearity by IAFFT surrogate analysis in panel
(b) pointed out a significant decrease in the percentage of patients ex-
hibiting nonlinear dynamics in global cardiovascular coupling during
TILT in young subjects, while minor changes were observed in old sub-
jects and AMI patients.

4.2. Decomposition 1: entropy rates

Fig. 4 illustrates the results of the decomposition of MIR into entropy
rate measures of cardiac (a), vascular (c), and cardiovascular (e) dynam-
ics assessed in terms of entropy rate. For each measure, comparisons are
shown between the two experimental conditions in the different subject
groups. For each metric, the percentages of subjects exhibiting nonlin-
ear dynamics, as assessed through IAAFT univariate surrogates (b, d) or
IAAFT bivariate surrogates (f), are displayed in the corresponding right
panels.

Panel (a) shows that cardiac entropy rate (Hyzyg) decreased in all
groups following orthostatic stress, although the variation reached sta-
tistical significance only in young subjects. The intergroup comparison
revealed significantly higher Hyy values in old subjects and AMI pa-
tients compared to young subjects under orthostatic stress.

In panel (c), the vascular entropy rate (Hg,p) showed a statistically
significant decrease in young subjects with TILT, whereas a non signifi-
cant increase were observed in old subjects and post-AMI patients. The
intergroup comparison showed significantly higher Hg,p values in old
and post-AMI patients compared to young subjects during TILT, and in
post-AMI patients compared to old subjects at REST.

In panel (e), the joint conditional entropy Hgg s4p Showed a statis-
tically significant decrease in young subjects during TILT, while only
minor changes occurred in old subjects and post-AMI patients. The
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Fig. 3. Analysis of the global cardiovascular coupling assessed by MIR, Ig.s4p, at REST (R) and during TILT (T) in the three study groups: (a) boxplots of MIR in
the two experimental conditions in young (blue), old (red) and post-AMI (green) populations; (b) percentage of subjects exhibiting nonlinear dynamics, as assessed
by IAFFT surrogates. Statistical test REST vs. TILT: *, p < .05, paired Wilcoxon signed-rank test; between group comparison vs. Young #, p < .05/3, post-hoc Wilcoxon

rank-sum test adjusted by Bonferroni correction; *, p < .05, chi-squared test.

intergroup comparison revealed a significantly higher Hgg g4p in old
and post-AMI patients compared to young subjects during TILT.

The assessment based Random Shuffling surrogates confirmed signif-
icance for all the metrics in around 100% of subjects, under both exper-
imental conditions (data not shown).

Regarding nonlinearity, a reduction in the percentage of patients
with nonlinear dynamics was observed in old subjects during TILT,
which reached statistical significance for cardiac entropy rate (b). No
relevant changes were observed in the other two groups.

4.3. Decomposition 2: causality

Fig. 5 shows the results of the second decomposition of MIR into
causality measures. Panels (a,c) report the values of Trp_g4p and
T 4p-rr i the two experimental conditions for the three groups. Panels
(b,d) display the percentage of subjects exhibiting nonlinear dynamics,
as assessed through IAAFT bivariate surrogates.

In panel (a), Trr_s4p Was significantly reduced in young subjects
during TILT. Intergroup comparison showed significantly lower values
in old subjects compared to young subjects at REST.

In panel (c), Tg4p-,gr Values showed a statistically significant in-
crease in old subjects with TILT. In addition, although not shown in the
figure, when excluding the instantaneous causality term, a significant
increase was also observed in young subjects. In the intergroup com-
parison, old and post-AMI patients exhibited significantly lower values
than young subjects at REST, whereas, during TILT, post-AMI patients
displayed significantly lower values than both young and old subjects.

The assessment of information transfer significance by Circular
Shift surrogates showed a small percentage of patients with significant
Tsap-rr Values in old subjects, which significantly increased during
TILT (REST =~ 33%, TILT ~ 92%). Although not statistically signifi-
cant, an increase was observed in young subjects (REST =~ 84%, TILT
~ 95%), and an opposite trend was found in post-AMI patients (REST
~ 62%, TILT ~ 57%), which was also not statistically significant. For
the Trr_ s4p measure, all subjects showed a significance value of more
than 90% in both conditions (data not shown).

Regarding nonlinearity (panels (b) and (d)), a statistically significant
reduction of the percentage of subjects displaying nonlinear dynamics
in information transfer was observed during TILT in young group along
both RR to SAP and SAP to RR directions, whereas a significant increase
in nonlinear dynamics was observed in old subjects along the SAP to RR
direction.
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4.4. Results of sensitivity analysis

The results of sensitivity analysis are summarized in Figures 1S and
28 in the Supplementary Material. Figure 1S shows the behaviour of the
indices when changing the number of neighbours k. The increase of k
led to a reduced variability and a slight decrease in the magnitude of the
estimated measures. Overall, the main patterns remained qualitatively
stable across different configurations, with only minor statistical differ-
ences depending on the choice of k. Figure 2S shows the behaviour of
the indices when changing the embedding dimension p. The increase of
p resulted in a moderate reduction in the absolute values of MIR and
causality measures, likely due to increased sparsity in the reconstructed
space. The main reduction occurred between p = 2 and p = 3, while ef-
fects were minor between p = 3 and p = 4, with only minor alterations
in the overall patterns.

5. Discussion

This work presented the implementation and application of an ana-
lytical framework, combining the advantages of a KNN-based estimation
of MIR and its decomposition with the analysis of four different types
of surrogates, on heart period and systolic arterial pressure data. The
combination granted a reliable quantification of entropy rate, causality,
and nonlinearity in cardiovascular dynamics assessed across different
pathophysiological states.

5.1. Framework to assess dynamic coupling, entropy rate, and causality in
short bivariate time series

MIR is a statistical and information theoretic measure of dependence
and directional information flow between two time series, which are
observable manifestations of the underlying physiological mechanisms.
Measures like MIR [32,33] are important because they allow to quantify
the coupling between dynamic processes in a model-free fashion. De-
spite being theoretically well established, the MIR has received limited
attention by practitioners, primarily due to the difficulty of estimating
it reliably from short time series and of assessing its significance level.
Moreover, its relation with measures of complexity of the coupled dy-
namics, or with measures of causal information flow, was not typically
exploited.

The framework proposed in this work formalizes the link between
measures of dynamic coupling, entropy rate, and causality within the
MIR decomposition. Specifically, the MIR can be expressed as the sum
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Fig. 4. MIR decomposition into entropy measures at REST (R) and during TILT (T) in the three study groups: (a, c, ) boxplots of cardiac (Hgy), vascular (H, ), and
cardiovascular entropy rate (Hp s,p) measures in the two experimental conditions in young (blue), old (red) and post-AMI (green) populations; (b, d, f) percentage
of subjects exhibiting nonlinear dynamics, as assessed by IAFFT surrogates. Statistical tests: REST vs. TILT: *, p < .05, paired Wilcoxon signed-rank test; between
group comparison vs. Young #, and vs. Old #, p < .05/3, post-hoc Wilcoxon rank-sum test adjusted by Bonferroni correction; *, p < .05, chi-squared test.

of the individual entropies minus the joint entropy of the observed pro-
cesses, or as the sum of the bidirectional transfer entropy measures and
the instantaneous information at zero lag. This formulation enables a
unified quantification of the information shared between interacting
processes, distinguishing between delayed causal interactions and in-
stantaneous (possibly common-driver or feedback-related) effects. To
enhance interpretability, when physiological knowledge supports a di-
rectional information flow, the instantaneous interaction term was in-
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corporated into one of the two transfer entropy measures, providing a
more coherent representation of causal dependencies.

In this work, MIR-based metrics were estimated using the KNN esti-
mator, which offers several advantages. First, it avoids the strong distri-
butional assumptions inherent in parametric linear models and enables
the detection of nonlinear dependencies that Gaussian models typically
fail to capture [55,58,60]. Second, it reduces the discretization bias
introduced by binning or permutation based approaches [33,56,57].
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Fig. 5. MIR decomposition into causality measures at REST (R) and during TILT (T) in the three study groups: (a, ¢) boxplots of causality measures (Trg_.s4p> T'sap-rR)
for the two experimental conditions in young (blue), old (red) and post-AMI (green) populations; (b, d) percentage of subjects exhibiting nonlinear dynamics, as
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However, the estimator is sensitive to the choice of the embedding di-
mension p and the number of neighbors k. For this reason, the param-
eter values (p = 3, k = 10) were selected based on previous studies on
cardiovascular dynamics [29,61], and the stability of the results was as-
sessed by sensitivity analysis. In particular, the interplay between sam-
ple size, embedding dimensionality, and neighborhood size affects the
bias-variance balance of KNN estimators, as pointed out also by the re-
sults of the sensitivity analysis. The choice of k involves a trade-off be-
tween variance and bias, where increasing k reduces the variance but
increases the bias. The choice of a low embedding dimension (p = 3) was
operated to mitigate the bias on the estimates associated with the curse
of dimensionality [34,62], while preserving sensitivity to the underlying
dynamics. Overall, the selected configuration represents a compromise
between estimation stability and dimensionality of the reconstructed
space [33,55]. However, the optimization of embedding parameters in
short time series remains an open issue, and computational costs in-
crease with dimensionality, potentially limiting real-time applicability
[61].

The integration of the MIR framework with four different surrogate
data types was crucial to ensure robust statistical validation of signifi-
cance and nonlinearity of the computed complexity and causality met-
rics. In this context, a key advantage of the MIR decomposition lies in
the possibility of validating each component through surrogate testing,
thereby obtaining statistically significant estimates and physiologically
consistent interpretations even under nonlinear dynamics. Among the
surrogate strategies, the IAAFT proved particularly effective in identi-
fying nonlinear components in the observed dynamics. It is worth not-
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ing that the nonlinearity assessment provided in this study should not
be regarded as a measure of a residual nonlinear component of the in-
dices, but instead interpreted in terms of a violation of the linear null
hypothesis assessed through IAAFT surrogate analysis, which preserves
the linear properties of RR and SAP while removing higher-order depen-
dencies [41]. In this sense, the IAAFT-based analysis does not allow a
separation between linear and nonlinear dynamics, but rather enables
the evaluation of whether nonlinear dynamics play a relevant role in
determining RR-SAP coupling under the investigated conditions. When
such nonlinear contributions are observed in a significant proportion
of subjects, they may question the adequacy of classical linear analy-
ses (e.g., correlation or coherence), which should therefore be comple-
mented, or potentially replaced, by nonlinear or model-free approaches
such as the one adopted in this study.

5.2. Characterization of nonlinear cardiovascular dynamics across
pathophysiological states

The proposed analysis framework was tested on cardiovascular se-
ries to evaluate its capability to track cardiac and vascular dynamics in
response to orthostatic stress across different subject groups. Our results
confirmed changes well-documented in the literature, but disclosed also
subtle nonlinear aspects that are less explored.

In young healthy subjects, the analysis of global coupling suggested
the preservation of a functional balance between the cardiac and vascu-
lar systems in response to orthostatic stress, while MIR-decomposition
measures disclosed branch modulation. The entropy rate reduction
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observed with TILT is consistent and extends with previous studies
[5,27,32,63-65], which provided evidence that the TILT maneuver in-
duced a shift of the sympatho-vagal balance towards a sympathetic ac-
tivation with a reduction in the harmonic modulation of heart rate and
a reduction of the baroreceptor loading. Similarly, causality measures
were consistent with the literature, which highlighted an increase in
the flow of information from SAP to RR and a decrease in the oppo-
site direction [33,51]. This pattern is consistent with the presence of a
closed-loop interaction in cardiovascular regulation and the reweighting
of its two branches during the TILT maneuver [28,66,67]. In particular,
the strengthening of information transfer from SAP to RR (partially ob-
scured by adding the instantaneous causality term may reflect the action
of the baroreflex regulation mechanism, whereas the opposite direction
may be associated with the feedforward components [27,51].

In old subjects, lower MIR and causality values than in young indi-
viduals were observed at REST. This pattern suggests reduced flexibility
of the autonomic system and a potential impairment of cardiovascular
compensatory mechanisms, which is consistent with the physiological
framework of "loss of complexity" in aging reported in the literature
[68-70]. The interpretation of the respose during TILT requires a closer
look. In terms of transfer entropies, old subjects did not present the de-
crease in Tgrg_, g4p Observed in young subjects, since their levels were
already low at rest. However, they still manifested a response to the
manouvre with a significant increase of T 4 p_, gg- The partial preserva-
tion of a dynamic structure correlated to autonomic patterns in old sub-
jects, albeit with blunted amplitude with respect to the young ones, has
been previously observed in other physiological states, such as the al-
ternation between sleep and wake states [7,70-72]. On the other hand,
entropy values pointed out peculiar characteristics of the response to
TILT in old subjects with respect to young ones. Young subjects exhib-
ited a reduction in entropy rate measures during TILT, while older sub-
jects showed higher entropy values than young subjects, particularly for
Hg 4 p. The higher unpredictability of the series during TILT should not
be interpreted in itself as either an improvement or a deterioration of
cardiovascular regulation, but rather as an alteration and reorganization
of cardiovascular dynamics under orthostatic stress. This trend is in line
with previous studies [73,74],which indicate that old individuals having
less flexible cardiovascular compensatory mechanisms, may necessitate
to recruit multiple regulatory strategies, to maintain a certain degree
of hemodynamic stability. Indeed, it is well known that with advanc-
ing age, systolic pressure becomes less stable due to reduced baroreflex
sensitivity, a decrease in the number, density, and sensitivity of cardiac
p-adrenergic receptors [20], as well as an increase in arterial stiffness.

In post-AMI patients at REST, a behavior similar to that of the old
group was observed, attributable to the comparable age of the two pop-
ulations. However, unlike the elderly, post-AMI patients showed no sig-
nificant modulation of MIR, and its decomposition during orthostatic
stress. These differences may be attributed to the acute cardiac event,
which induces an inflammatory state and oxidative stress further im-
pairing endothelial and autonomic function; ventricular remodeling and
altered sympathetic innervation, together with pharmacological thera-
pies, can contribute to autonomic imbalance [21,75,76].

A distinctive feature and selective advantage of our framework is the
possibility to assess the contribution of nonlinear mechanisms to the ob-
served dynamics. These are essential for a deeper understanding of con-
trol and adaptation mechanisms of the body in response to external stim-
uli, as nonlinear interactions between sympathetic and parasympathetic
systems play a crucial role in cardiovascular regulation [22,35,55].

Specifically, the reduction of nonlinearity in young subjects with
TILT, observed in both global coupling and causality measures, are well
established results in the literature, converging on the evidence that
these subjects exhibit a stronger sympathetic drive [32,77,78] and a
more adaptive autonomic nervous system in response to external stim-
uli compared to the other groups.

In old subjects, the increase in nonlinear dynamics involved in the
baroreflex mechanism and the decrease of cardiovascular dynamics re-
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flect a less adaptive response to orthostatic stress. These findings are
in line with [32], confirming that aging is associated with reduced effi-
ciency of autonomic regulatory mechanisms.

Unlike young and old subjects, in post-AMI patients, no relevant
modulation of nonlinear mechanisms was observed in response to or-
thostatic stress. The literature indicates that this behavior can be partly
attributed to the effect of pharmacological therapy [79-81]. Moreover,
lower percentages of patients with nonlinear dynamics (both at REST
and during TILT) were found compared to young subjects. This result,
consistent with previous results in terms of Information Storage applied
to RR series [32], suggests that in pathological conditions heart rate vari-
ability dynamics tend to become more linear and predictable, reflecting
a reduced ability of the organism to respond to external stimuli.

5.3. Limitations and future development

The proposed method is based on a bivariate characterization of time
series interactions, and it does not allow to consider the potential influ-
ence of additional variables on the two series and their coupling, nor to
distinguish between direct and indirect interactions. In the presented ap-
plication, it yielded a focused investigation of RR-SAP coupling, which
however represents only a partial projection and reduced representa-
tion of the underlying multivariate physiological network. Accordingly,
physiological interpretation should be approached with caution, as re-
sults may depend on the adopted methodology and on the reduced mul-
tivariate representation. Cardiovascular variability arises from the in-
teraction of multiple control mechanisms. Among these, respiration may
plays a modulating role on heart rate variability and on baroreflex regu-
lation, influencing the joint dynamics of heart rate and arterial pressure
[4-7]. In this perspective, future studies may apply the same framework
to other pairs of physiological signals, e.g., cardiac and respiratory se-
ries, in order to explore additional interactions between different regu-
latory mechanisms and provide a more complete picture of the interac-
tions. The method could also be applied to other physiological models of
autonomic modulation, such as transitions between sleep stages, where
changes in the nonlinear components of cardiac dynamics have been
widely reported [7,70-72]. Future studies should include comparison of
MIR and entropy rate with other nonlinear metrics [70-72], as entropy
rate mainly reflects short-term unpredictability and fails to capture mul-
tiscale physiological complexity driven by long-range correlations and
nonlinear interactions. From a methodological perspective, future work
should include a systematic comparison between the KNN-based esti-
mator and alternative entropy and transfer entropy estimators (i.e., Ker-
nel, Binning or Permutation estimators), in order to better characterise
the trade-off between computational efficiency, robustness to noise, and
sensitivity to nonlinear dynamics.

6. Conclusion

This study proposed the combined use of stochastic interaction de-
composition strategies and multiple surrogate data analysis to provide
a comprehensive characterization of cardiovascular system dynamics in
terms of entropy rate, causality, and nonlinearity features. The eval-
uation of the framework on a testbed of RR interval and SAP time
series, recorded under well-known physiological and pathophysiolog-
ical conditions, supported the capability of the framework to capture
meaningful changes in cardiovascular dynamics across healthy and al-
tered functional states. In young healthy individuals, stress induced re-
duction in entropy rate, increased sympathetic activation, enhanced
baroreflex causality, and a tendency toward linearization, which are
consistent with an effective and flexible autonomic response. Extend-
ing the analysis to old subjects and AMI patients provided insight into
the deterioration of cardiovascular regulation. Old individuals showed
increased entropy but reduced coupling and nonlinear modulation, sug-
gesting reduced baroreflex efficiency and increased arterial stiffness. In
post-AMI patients, coupling and predictability were markedly reduced,
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with minimal modulation under stress, pointing out an impaired auto-
nomic control, potentially influenced by residual pharmacological ef-
fects and structural alterations. Our results demonstrate the potential of
this framework to provide sensitive descriptors of cardiovascular regu-
lation across different physiological and pathological conditions. Appli-
cation to larger and more diverse populations is however necessary to
understand the potential role of these metrics to support early diagnosis,
risk stratification, and personalized treatment strategies in cardiovascu-
lar medicine.
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