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Abstract

Objective. In the framework of integrated information theory, different measures have been pro-
posed to quantify the information integrated in a dynamic system composed by interconnected
units, each capturing a different aspect of the system connections. While integrated information
measures have been traditionally applied to brain dynamics, in this study we propose their imple-
mentation for the investigation of the short-term regulation of cardiovascular (CV) and cardiores-
piratory (CR) systems reflected by the spontaneous variability of heart period (HP), systolic arte-
rial pressure (SAP) and respiration (RESP). Approach. We selected two integrated information
measures related to well-known dynamic properties of CV and CR systems: whole-minus-sum
(WMS) quantifying the information stored in the whole system above and beyond the information
stored in its units, and causal density (CD) that handles integration in terms of the information
transferred between the system units. WMS and CD measures were computed from the param-
eters of vector autoregressive models fitted respectively on the bivariate time series of {HP, SAP}
and {HP, RESP}, obtained from healthy young subjects at rest, during head-up tilt and during a
mental arithmetic task. Main results. We found that CV and CR systems dynamically integrate sig-
nificant amounts of information, which undergo modulations in response to the tasks performed,
especially during tilt, proving that orthostatic stress significantly reduces the degree of coopera-
tion between the parts of the systems. A different response to stress was observed for CD and WMS
measures, related to the changes in the information storage and transfer induced by the ortho-
static and mental challenges and their physiological interpretation. Significance. The possibility
offered by the integrated information measures, in combination with their constituent contribu-
tions, allowed us to disentangle in a comprehensive way the statistical relationships underlying the
CV and CR dynamics, and to investigate for the first time the concept of integration in the CV and
CR systems.

1. Introduction

Physiological systems exhibit complex behavior arising from the combined effects of regulatory mecha-
nisms, coupling, and feedback among structural units, with their dynamics shaped by various physiolog-
ical and pathological states (Valente et al 2018). This behavior occurs for instance in the cardiovascular
(CV) and cardiorespiratory (CR) systems, and results from the interaction among sub-systems coop-
erating to maintain homeostatic physiological activities. The activities of those systems, typically char-
acterized through time series of the beat-to-beat variability of the heart period (HP), systolic arterial
pressure (SAP) and respiration (RESP), are indeed of great physiological relevance (Cohen and Taylor
2002, Eckberg 2003). CV interactions are the result of a closed-loop composed of a negative feedback on
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HP acting in response to SAP variation to maintain arterial pressure at a preset level (baroreflex), and

a feed-forward effect of HP on SAP variability, which occurs as a consequence of changes in ventricu-
lar filling and diastolic runoff (Mullen et al 1997, Cohen and Taylor 2002). CR interactions, on the other
side, encompass the effects of RESP on HP length, known as respiratory sinus arrhythmia (RSA), and
an often ignored opposite interaction from HP to RESP resulting on cardioventilatory coupling (Galletly
and Larsen 1998, Rosenblum et al 1998). In recent years, several methods for linear and nonlinear time
series analysis have been proposed to characterize CV and CR dynamics, with the aim of disentangling
physiological mechanisms from the spontaneous variability of HP, SAP, and RESP (Pompe et al 1998,
Porta et al 2011, Schulz et al 2013). Although the analysis of individual systems provided helpful mark-
ers for the characterization of several physiological and pathological states, accumulating evidence high-
lighted the importance of studying distinct physiological systems within an integrated network perspec-
tive, where each system, despite having its own regulatory mechanisms, continuously interacts with many
others (Ivanov 2021).

One aspect of understanding and controlling these systems is knowing how to describe and quan-
tify the dynamical interactions that characterize their complex behavior. A common intuition is that
dynamical complexity consists in the coexistence of differentiation (when the parts of a system behave
as functionally distinct units) and integration (when the system, as a whole, exhibits functional coher-
ence) in the dynamic evolution of the system at hand (Barrett and Seth 2011). Integrated information
theory (IIT) is rooted in this frame, and was originally conceived in theoretical neuroscience to explain
the origins and fundamental nature of consciousness (Tononi and Koch 2015). It constitutes a promi-
nent theory that provides a mathematical approach to quantify the information integrated in the brain,
the so called integrated information (Balduzzi and Tononi 2008, Tononi 2012). In its original formula-
tion, referred to as ‘strong IIT) the theory was found to be divisive because of its high claims (Mediano
et al 2022). On the other hand, following a more pragmatic perspective, ‘weak IIT” was proposed as a
potential unifying framework to study complexity in general multivariate systems (Mediano et al 2022).
Quite surprisingly, while this framework is widely adopted in neuroscience, it lacks applications in the
field of computational physiology in spite of its expected usefulness (Hunter and Nielsen 2005).

In general, a measure of integrated information should capture and quantify the extent to which the
dynamics of a multi-unit system are simultaneously differentiated and integrated (Seth et al 2011), where
‘integration’ can be understood as the degree of causal influences among elements (Oizumi et al 2016).
Since this concept can be formalized in many different ways, a whole range of distinct integrated infor-
mation measures have been advanced in the literature (Mediano et al 2018). In this work, we focus on
two measures extensively used to characterize the dynamical behavior of complex systems, i.e. whole-
minus-sum (WMS) integrated information and causal density (CD) (Seth et al 2011). WMS and CD
measures reflect in different ways the extent to which the dynamics of a network system behave, pro-
viding insight on the amount of differentiation and integration of the system units. These measures are
well-defined for stochastic systems and have the advantage that they can be estimated and interpreted
starting from entropy-based measures like the predictive information (PI), the information storage (IS)
and the transfer entropy (TE). PI and IS quantify the degree of predictability of the present state of a
system given its own past states (Bialek et al 2001, Faes et al 2025), while TE quantifies the amount of
information transfer from one stochastic process to another (Schreiber 2000). These measures have been
recognized as powerful tools to assess dynamic systems, especially in networks of CV and CR interac-
tions (Porta et al 2011, Faes etal 2017, 2025).

In this work, the WMS and CD measures of integrated information are applied for the first time to
characterize the degree of integration of the CV and CR dynamic systems underlying the short-term reg-
ulation of the human heart rate in relation to the variability of arterial pressure and respiration. The
purpose of the study is to introduce in the analysis of CV and CR dynamics the concept of integration
operationalized through the WMS and CD measures, and to relate it to concepts commonly studied in
this field such as those of regularity and causality of CV and CR oscillations, typically assessed through
measures of PI and information transfer (Faes et al 2016). To this end, we show that the measures of
WMS and CD can be dissected into quantities expressed in terms of PI/IS and of TE, respectively, and
can be computed with high computational reliability from bivariate autoregressive (AR) models and
their restricted univariate models (Mijatovic et al 2025). The analysis is performed on the spontaneous
beat-to-beat variability series of HP, SAP and RESP measured in a large group of young healthy sub-
jects monitored in a resting state and during conditions of head-up tilt and mental stress. The aim is
to investigate how CV and CR systems integrate information in supine position and how their dynamic
integration changes with postural and mental stress.
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2. Materials and methods

2.1. Integrated information measures

2.1.1. Definitions and properties

Let us consider a bivariate dynamic system S composed of two possibly interacting units X" and ), with
dynamical activity described by the stationary vector random process S, = {X,,, Y, }nez. Assuming S as a
Markov process of order p, we denote as X, and Y,, the random variables sampling the processes X and

Y at the current time n, and as X, = [X,_1,...,X,—p] and Y., = [Y,_1,...,Y,_,] the variables describ-
ing the past history of the processes until lag p. With this notation, the total amount of Shannon infor-

mation that is transferred over time through the analyzed processes can be quantified by the PI between
the present and past states of the entire joint process S, denoted as (Faes et al 2025):

PX;Y: I(Xn7Yn§X<naY<n)

(1)
= H(Xna Yn) - H(Xm Yn|X<na Y<n) 5

where H(-), H(:|-) and I(-) respectively represent entropy, conditional entropy and mutual information
(Cover 1999). The PI, schematized in figure 1(a) in terms of Venn diagrams, quantifies the degree of
predictability of the present state of the whole system given its own past states. It represents an extension
to multivariate processes of the IS of a scalar process (Lizier et al 2014):

S =I(Xp; Xcn)

(2)
= H(X,) — H(X,[X<).

The PI ranges from zero to the entropy of the system’s present state, reflecting the regularity of the
bivariate process arising from causal effects of the past states on the present one. Since the PI defined
as in (1) cannot disentangle the causal sources giving rise to the flow of information over time, it can
be decomposed evidencing quantities measuring the information stored within each individual system
and the information transferred from one system to the other (Faes et al 2017). These quantities are the
IS (2) and the information transfer quantified by the TE defined as (Schreiber 2000):

Txy= I(Yn§X<n|Y<n)

(3)
= H(Yn‘Y<n) - H(Yn|X<n7 Y<n) s

measuring the Granger-causal influence exerted over the present state of Y by the past states of X above
and beyond the influence ascribed to the past states of Y itself.

IS and TE, as defined above, have been examined in previous research as components of the PI rel-
evant about one individual target process (Faes et al 2017). Here, we consider how these measures can
be interpreted as constituent terms of two well-known measures of integrated information. The first of
these measures is the so-called CD (Seth et al 2011), which quantifies the average causal interactivity sus-
tained by a system. CD, which was originally defined in terms of Granger causality (Seth etal 2011), can
be rewritten in terms of TE exploiting the known link between GC and TE holding for Gaussian ran-
dom processes (Barnett et al 2009). Then, for a bivariate process {X, Y}, the CD is simply defined as
the mean of the TEs computed along the two directions of interaction from X to Y and from Y to X
(Oizumi et al 2016):

xx;v = = (Tx—v+ Ty—x)

N = N =

(I(Yus XcnlY<n) +1(Xn; Y| X <)) -

CD provides a measure of integrated information related to GC and dynamical complexity (Seth et al
2011): it is upper bounded by the PI (Mediano ef al 2018), and it vanishes both for purely segregated
systems where the parts are completely independent (X 1Y) and for purely integrated systems when
the parts are fully self-predictable (Sx = H(X,), Sy = H(Y,)); both conditions imply H(X,|X<,) =
H(Xu|X<n,Y<y) and H(Y,|Y<,) = H(Y,| X<y, Y<u), determining xx,y = 0. Therefore, according to the
definition (4), a bivariate system exhibits integration when its elements exchange dynamically causal
information and behave somewhat differently from each other. The Venn diagram representation of the
CD related to the sum of two TE terms is reported in figure 1(b).

Another popular measure of integrated information is the so-called WMS integrated information,
which quantifies the amount of information that is generated by the entire system beyond the informa-
tion generated independently by its components (Oizumi et al 2016). When the system is constituted by

3
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Figure 1. Venn diagrams depicting how the entropies of the present states (H(X,),H(Y,)) and of the past states
(H(X<n),H(Y<n)) of two stationary random processes X and Y can be dissected to obtain: (A) the predictive information

Px;y; (B) twice the causal density, 2 - xx,y, as the sum of transfer entropy TEx—y and TEy—sx; (C) the whole-minus-sum inte-
grated information ®x,y as the difference between predictive information Px;y, and information storage Sx, Sy. In the diagrams,
summed and subtracted information amounts are depicted in red and light blue, respectively.

two parts, the WMS measure is obtained taking the difference between the PI of the overall bivariate
process {X, Y} and the sum of the information stored in X and in Y:

Oyx.y = Px.y — Sx — Sy

(5)
= I(Xm Yn;X<n7 Y<n) _I(Xn;X<n) - I(Yn; Y<n) .

Equation (5) provides a measure of integrated information related to how good the system taken as a
whole is in predicting its own evolution above and beyond its parts assessed in isolation. Like the CD,
the WMS integrated information is upper bounded by the PI (Mediano et al 2018), and takes null val-
ues when the parts are independent (X_LY). However, its lower bound is not zero, because it quantifies
also redundant contributions to the PI, i.e. contributions equally provided by X, and Y., to {X,,Y,}
(Mediano et al 2025); for example, when the units have undistinguishable dynamics (X =) all the
terms of (5) are the same and the WMS integrated information becomes ®x.y = —Sx = —Sy. Therefore,
according to (5) a bivariate system exhibits integration when it stores more information than that stored
individually by its parts, but it can also store less information than its parts. The Venn diagram rep-
resentation of the WMS integrated information related to the PI of the whole system and the IS of its
parts is reported in figure 1(c).

2.1.2. Practical computation

In the following, we provide the derivation of the integration measures xx;y and ®x.y, as well as of
their components related to TE and IS, under the assumption that the observed bivariate process has a
joint Gaussian distribution. For a bivariate zero-mean jointly Gaussian process S = {X, Y}, the statistical
dependencies between the present and past variables can be fully accounted by its vector AR representa-
tion (Barrett et al 2010):

P
Sy = ZAkSn—k + Uy (6)
k=1

where Ay is the 2 x 2 coefficient matrix describing the interaction at lag k and U, is a bivariate process
formed by white and uncorrelated noises Ux and Uy, representing the prediction error of the full model;
the statistical description of the noise process is fully given by its covariance matrix Xy = E[U,U]].
Given the full AR model (6), the dynamics of each of the two individual processes X and Y are captured

4
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by the restricted models:

q
Xo= BiXu—i+ W,
k=
L (7)
Yo=Y GYui+V,
k=1

where g is the order of the restricted model. The parameters of the restricted models, i.e. the coefficients
By, Ci and the prediction error variances o7, = E[W,W,] and o = E[V,,V,], can be derived from the
parameters of the full model (6), Ay and Xy, through the procedure described in detail in Mijatovic

et al (2025). This procedure involves two steps: (i) deriving the time-lagged covariance structure of the
bivariate process S; and (ii) reorganizing such structure to relate it to the covariance of the analyzed
sub-process. The step (i) exploits the fact that the covariance of S, Xg\ = E[SnSZ_ «)» 1s related to the AR
parameters via the well-known Yule—Walker equations (Liitkepohl 2013):

p
Ys k= ZAzEs,k—l + XU (8)
=1

where 0y is the Kronecher delta function. This equation can be solved using the discrete-time Lyapunov
equation to find the covariance Xg; from the parameters Ay and Xy. The step (ii) of the estima-

tion procedure consists in extracting, from the covariance matrices ¥ computed for each lag k €
{0,1,---,q}, the covariance elements relevant to the sub-process X and Y and then solving the Yule—
Walker equations relevant to each restricted model to find the variance o7, and o of the restricted
models (Mijatovic et al 2025).

After model identification, the entropy-based measures can be estimated directly from the covari-
ances of the residuals of the restricted and full models (Faes et al 2025). Specifically, the PI of the whole
system can be expressed as:

%]

Ly sl 9)

Py.
X;Y P |EU|’

where |- | represents the matrix determinant, while the IS of each part can be expressed as:

1, o} 1
Sx=-In2X gy = _Inr, (10)
2 oy 2 oy

Moreover, the transfer entropies are related to the ratio between the prediction error variances of the full
and restricted models:

2 2

1. o 1, o
Tx—y= ElngTV,Ty_m: EanTW, (11)
Uy UX

where U%,Y and J%]X are the variances of the prediction errors Uy and Uy relevant to the full model (6),
i.e. the diagonal elements of .

The procedure described above for computing PI, IS and TE has the main advantage of relying
exclusively on the identification of the parameters of the full AR model (6), from which the restricted
model parameters can be derived as described rather than by re-identifying the models from subsets
of data. In this work, full AR model identification was accomplished by employing the ordinary least
squares method, selecting the order p via the Bayesian information-theoretic criterion (Schwarz 1978),
with maximum scanned model order equal to 12. The order of the restricted models was set to g = 20,
in accordance with previous works (Faes et al 2025).

2.2. Application to physiological time series

2.2.1. Dataset description and time series extraction

The study involved 127 healthy young volunteers (75 females; age: 18.6 £ 3.3 years), all normotensive
and with body mass index within the normal range (21.4 & 2.2 kg m™2). The population was sex-
balanced to limit the influence of this confounding factor on the analysis. The study was performed

in accordance with the Declaration of Helsinki and it was approved by the ethical committee of the
Jessenius Faculty of Medicine, Comenius University of Bratislava, Martin, Slovakia. All subjects or their
legal representatives for minors (i.e. age < 18 years) signed a written informed consent to join the

5
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Figure 2. (A) Schematic representation of the measurement of beat-to-beat time series of heart period (H), systolic arterial pres-
sure (S) and respiratory volume (R) from the recorded electrocardiographic (ECG), arterial pressure (AP) and respiratory vol-
ume (Breath) signals; (B) Time series of 7, S and R measured during REST for a representative subject.

experimental study. The experimental protocol consisted of three consecutive phases: (i) supine rest
(REST, 15 min); (ii) head-up tilt (HUT), where each subject was tilted to 45 degrees for 8 min to evoke
mild orthostatic stress; and iii) mental arithmetic task (MA) in the supine position for 6 min, where the
subjects were instructed to sum up three-digit numbers (until one-digit number was reached) displayed
on the ceiling of the examination room by a data projector and to decide if the final one-digit number
was odd or even. During the MA task the subject was disturbed by the rhythmic sound of a metronome
and instructed to perform the MA task as quickly as possible with a minimal error rate. During the
entire procedure, the electrocardiogram (ECG; horizontal bipolar chest lead), arterial blood pressure
(measured using the volume-clamp photoplethysmographic method), and respiratory volume signal
(recorded via inductive plethysmography) were simultaneously acquired at a sampling rate of 1 kHz.
From these signals, three time series were measured on a beat-to-beat basis: the nth HP (i.e. H,) was
computed as the time distance between the nth and the (n+ 1)th R peak of the ECG through the Pan-
Tompkins algorithm (Pan and Tompkins 2007); the nth systolic AP value (i.e. S,) was measured as the
maximum of the AP waveform inside H,; the nth RESP amplitude value (i.e. R,) was computed sam-
pling the respiratory volume signal on the nth R peak of the ECG. For each subject and experimental
condition, time series of 300 heartbeats were selected according with international standards of short-
term CV variability analysis (Shaffer and Ginsberg 2017). Before the analysis, to remove artifacts and
favor the fulfillment of stationarity, the time series were high-pass filtered (IIR filter, cut-off frequency
0.0155 Hz) and reduced to zero mean. Stationarity of the pre-processed series was assessed both through
visual inspection and by performing an Augmented Dickey—Fuller test. Full details about the experimen-
tal protocol, study group, and time series extraction are provided in Javorka et al (2017).

The resulting time series were considered as realizations of the stochastic processes describing the
dynamics of HP, SAP, and RESP: H = {H,}, S = {S,}, R = {R,}. An example of the signals, along with
the respective time series, is reported in figure 2 panels A and B. The analyses were performed by set-
ting X ="H and Y= S for the CV system, while X ="H and Y =R were considered for the CR system.
The information terms Px.y, Sx, Sy, Tx—y and Ty—sx were computed as in equations (9)—(11), then the
integration measures xx,y and ®x.y were derived as in equations (4) and (5).

2.2.2. Statistical and surrogate data analysis

To assess statistically significant differences across physiological states (REST, HUT and MA), a repeated
measures ANOVA test was performed for each measure with a significance level of 5%. Given that the
normality of within-subject differences was verified through the Kolmogorov—Smirnov test, to assess sta-
tistically significant changes between pairwise conditions (REST vs HUT, REST vs MA and HUT vs MA)
the parametric paired Student’s ¢-test with Bonferroni correction for multiple comparisons (o = 0.05/3)
was performed.

To statistically validate the proposed measures, the surrogate data method (Theiler et al 1992) was
employed to establish a significance level for each analyzed measure. Specifically, the statistical signifi-
cance of xx;v, ®x;y, Tx—y and Ty—x was assessed using an iterative amplitude adjusted Fourier trans-
form (IAAFT) algorithm (Schreiber and Schmitz 1996). Independent IAAFT surrogates were generated

6
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Figure 3. Barplots diplaying the percentage of subjects for whom the presence of CD integrated information xx;y and its decom-
position with Tx—y and Ty—x, and WMS integrated information ®x,y and its decomposition with Px,y, Sx and Sy, was deemed
as statistically significant, with regard to the cardiovascular (panel A) and cardiorespiratory (panel B) systems.

for each time series, preserving their individual linear autocorrelation structure and amplitude distribu-
tion while removing any cross-correlation between them. Conversely, the significance of Py.y, Sx, and Sy
was tested using random-shuffling surrogates (Theiler et al 1992), obtained by randomly permuting the
temporal order of each series, thereby preserving the marginal distribution while destroying temporal
dependencies under the null hypothesis of no dynamical structure. For each measure, the surrogate pro-
cedure was repeated 100 times to obtain a surrogate distribution. The original value was then compared
with this distribution, using the 95th percentile as the significance threshold. Original values above this
threshold were considered as statistically significant.

3. Results

This section reports the results obtained for the analysis of different integrated information measures
performed on the beat-to-beat variability time series representative of the CV and CR dynamics at rest
and under autonomic stressors.

Figures 4 and 5 present, respectively for CV and CR dynamics, the boxplot distributions and individ-
ual values of xx.y and ®yx.y, along with their constituent contributions, computed for the 127 subjects
under the three experimental conditions (REST, HUT and MA), while figure 3 reports the percentage
of subjects for whom the measures were deemed as statistically significant according to surrogate data
analysis.

3.1. Integrated information of CV dynamics

The trends observed for the integration measures x7,s and ®4,s, when considering the CV dynamics
(figure 3(a)), reveal a statistically significant degree of integration. Specifically, for each measure, the per-
centages of subjects (out of 127) for whom statistical significance was detected according to surrogate
data analysis (figure 3(a)) is close to 100% and appears largely unaffected by the task. An exception is
observed for Ts—4, which shows significance in approximately 50% of subjects during REST and MA.

Figure 4, panel A.1, reports no variations of x5 across the three conditions, with no statistically
significant differences detected by the ANOVA test. In contrast, both TE components exhibit statistically
significant differences across conditions: Ty — s shows a statistically significant decrease from REST to
HUT and a significant increase from HUT to MA (figure 4, panel A.2), whereas Ts—4 exhibits a statis-
tically significant increase from REST to HUT, and a statistically significant decrease from HUT to MA
(figure 4, panel A.3).

The WMS measure ®4,.s (figure 4, panel B.1) exhibits a different behavior, with statistically signif-
icant changes across conditions according to the ANOVA test. Post-hoc analysis reveals a statistically
significant reduction from REST to HUT and a significant increase from HUT to MA. The three com-
ponents of ®4,.s, namely Py.s, Sy, and Ss (figure 4, panels B.2-B.4), also show statistically signifi-
cant modulation across conditions, but with an opposite trend: they increase from REST to HUT and
decrease from HUT to MA. Additionally, Py;.s and Ss display a significant decrease from REST to MA
according to the Student’s #-test.
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Figure 4. Boxplot distributions and individual values of: (A) x3;,s (subpanel 1) and its decomposition with T3 s and
T's—s(subpanels 2 and 3), and (B) ®4;,s (subpanel 1) and its decomposition with P3;,s, S3; and Ss (subpanels 2, 3 and 4),
for the cardiovascular system. #p < 0.05, ANOVA; #p < 0.05/3 paired t-test.
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Figure 5. Boxplot distributions and individual values of: (A) x3,;z (subpanel 1) and its decomposition with T7;—% and
TR —7((subpanels 2 and 3), and (B) ®7,,z (subpanel 1) and its decomposition with P3;,z, S3; and Sk (subpanels 2, 3 and
4) for the cardiorespiratory system. #p < 0.05, ANOVA; *p < 0.05/3 paired t-test.

REST HUT MA

3.2. Integrated information of CR dynamics
The analysis of the integration measures x7;,z and ®4;,%z for the CR dynamics (figure 3(b)) reveals that
all information measures report almost 100% of statistical significance across conditions; exceptions are
observed for Ty—sg during HUT and for ®4;,x during REST and HUT, where significance is detected
in approximately 80% of subjects. Figure 5, panel A, denotes a clear stress-induced modulation affecting
both the integration measures and their constituent information terms, which is statistically significant
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according to the ANOVA test. A statistically significant modulation of x4,z is observed across condi-
tions (figure 5, panel A.1), with a significant decrease from REST to HUT and from REST to MA, and a
significant increase from HUT to MA. Both TE components also show statistically significant differences
(figure 5, panels A.2-A.3). In particular, Tr—3, exhibits a progressive decrease from REST to HUT and
from HUT to MA, resulting also in an overall reduction from REST to MA (panel A.3), whereas Ty—sr
shows a statistically significant decrease from REST to HUT and a significant increase from HUT to MA
(panel A.2).

Conversely, ®;,z (figure 5 panel B.1) displays a statistically significant reduction from REST to HUT
and a significant increase from HUT to MA, with no differences between REST and MA. Its compo-
nents, Py.», Sy and Sg (figure 5, panels B.2-B.4), show a significant increase from REST to HUT fol-
lowed by a significant decrease from HUT to MA; moreover, Py, z and S decrease significantly from
REST to MA. The stronger concomitant increase in Sy, and S with respect to the increase of Py »
during HUT results in a net reduction of ®4,.z, whereas during MA the opposing variations balance
each other, leaving ®4,.z unchanged. Notably, ®4,.z can assume negative values, as shown in figure 5,
panel B.1.

4. Discussion

In this study, we employed two different measures of dynamical complexity, namely, the CD and the
WMS integrated information, to characterize the modulation of integration in CV and CR systems
across different physiological states (rest, postural and mental stress). While CD operationalizes integra-
tion in terms of directed information transfer among system components, reflecting the extent of causal
interactivity, WMS quantifies the degree to which the system, considered as a whole, generates PI beyond
that accounted for by its parts independently. Together, these measures capture complementary aspects
of the balance between integration and differentiation in physiological dynamics.

The use of integrated information measures, together with the analysis of their constituent compo-
nents, enabled a more refined characterization of the statistical dependencies underlying CV and CR
dynamics. The main findings discussed in sections 4.1 and 4.2, can be summarized as follows: (i) both
CV and CR systems exhibit significant dynamical integration at rest and during physiological stress; (ii)
postural stress induces a reduction of integration in both systems, particularly evident in the ®x,y mea-
sure; (iii) during mental stress the reduction of integration is less pronounced and emerges only in the
CR dynamics as captured by xx.y; (iv) the decomposition of the integrated information measures into
transfer- and storage-related components is consistent with established physiological responses, including
increased regularity of oscillations during postural stress, enhanced information transfer from S to H
under postural stress, and reduced transfer from R to H during both postural and mental stress.

4.1. Integration of CV dynamics

The integration of CV dynamics was supported by the statistically significant values of both integrated
information measures, x5 and ®4.s, across all experimental conditions. However, the two mea-

sures exhibited different sensitivities: while x7;,s remained largely unchanged across conditions, ®4;.s
showed a marked reduction during postural stress. These differences can be interpreted by examining the
information-theoretic components underlying each measure.

The absence of statistically significant differences in 3,5 values across conditions reflects the oppo-
site trends reported for the two TE terms, Ty;—s and Ts—s. Previous studies documented an increase
in the TE from SAP to HP during the orthostatic stress, due to a dominance of high pressure barore-
flex mechanism in HP variability resulting in an often observed decreased HP oscillations complexity
(Bara et al 2023), and a decrease in TE from HP to SAP, resulting in a overall reduced causal coupling
(Javorka et al 2017). The results are consistent with the physiological mechanisms described in previous
works on CV variability analysis (Porta et al 2011, Javorka et al 2018). Indeed, it is well-known that HP
and SAP are likely to interact in a closed-loop, according to the existence of baroreflex mechanisms, act-
ing from SAP to HP, and of the mechanical feedforward mechanisms, acting from HP to SAP (Javorka
et al 2018). Postural stress has been proven to induce an alteration on the closed-loop CV interaction, as
a consequence of the tilt-induced activation of the baroreflex feedback, accompanied by a weakening of
the mechanical feedforward interconnections (Mullen et al 1997, Nollo et al 2005). This explains why the
integration of CV dynamics, measured in terms of CD, remains unaffected by postural stress, despite evi-
dence of task-induced responses in its components. Moreover, the integration of CV dynamics remained
largely unaltered also during mental stress. This is in accordance with previous studies indicating that
MA task does not induce significant alterations in the strength and delay of CV interactions (Javorka
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etal 2017). Indeed, whilst the autonomic nervous system plays a crucial role in the CV system’s adap-
tation to mental stress (Sant’anna et al 2003), the alterations induced are intricate and subject to inter-
individual variability and the changes are not dominantly mediated by alterations in baroreflex function
(Javorka et al 2017). This makes the detection of statistically significant differences in the interactions
between HP and SAP more challenging.

On the contrary, a significant modulation of CV integration across conditions was detected using
®yy, 5, particularly during HUT, where a marked reduction compared to REST was observed. The
increase in PI (Py.s) observed during postural stress reflects enhanced system predictability, consistent
with strengthened internal CV dynamics and increased redundant cooperation within the system (Faes
etal 2017). Previous studies have also reported greater regularity in HP and SAP dynamics during HUT,
which in the present framework is reflected by the increase in Sy and Ss (Porta et al 2000, Javorka et al
2018). Physiologically, these modulations occurring during HUT, can be associated with the increase of
the vagal withdrawal and to the sympathetic activation, due to the reduction of venous return leading to
the baroreceptor unloading (Cooke et al 1999, Javorka et al 2017). The different response to HUT of the
WMS measure compared to the CD measure can be explained either by the different concepts under-
lying the two measures (difference in self and joint predictability vs exchange of information) or by the
bias towards lower/negative values inherent in the WMS measure; the latter interpretation is supported
by studies showing increased redundancy of CV interactions during postural stress (Krohova et al 2019).

During MA, both Py;.s and Ss showed a significant decrease, indicating a reduction in CV interac-
tion. This effect may be related to the decreased regularity of SAP dynamics (Javorka et al 2018), possi-
bly reflecting cortical central commands modulating vascular resistance via sympathetic pathways (Fauvel
et al 2000). In contrast, Sy; appears largely unaffected by mental stress, in agreement with previous find-
ings (Widjaja et al 2015, Faes et al 2016).

4.2. Integration of CR dynamics

Integrated information analysis of CR dynamics revealed significant integration at rest, followed by a
reduction during postural stress, as detected by both x4,z and ®4;.%, and during mental stress, as
captured by x;, = only. The decrease in ;% during HUT reflects the reduction in both TE compo-
nents (Tr— and Ty—sr), consistent with sympathetic predominance and attenuation of RSA (Cooke
et al 1999, Faes et al 2014). In contrast, during mental stress Ty s partially recovers whereas Tr—y%
remains reduced, in agreement with previous evidence of vagal inhibition and weakened CR coupling
(Porta et al 2012, Krohova et al 2019).

A similar pattern in CR integration was observed for ®4;.%, which showed a significant decrease
during HUT. This behavior can be interpreted by examining its components, Py;.», S, and Sg. The
increase in Py g during postural stress indicates enhanced predictability of CR dynamics, consistent
with stronger internal dynamics and increased redundant cooperation (Faes et al 2025). Previous stud-
ies have also reported reduced respiratory complexity during HUT (Pinto et al 2023), typically associated
with increased tidal volume and/or decreased breathing rate. During mental stress, the observed reduc-
tion in CR coupling may be attributed to vagal withdrawal and attenuation of RSA (Faes et al 2016),
together with decreased respiratory regularity (Valente et al 2018, Zanetti et al 2019). Overall, postural
stress induced a clear reduction in CR integration, whereas mental stress showed a weaker effect, reach-
ing statistical significance only when assessed using 7,z -

4.3. Methodological remarks and limitations

From a methodological perspective, CD is closely related to the Mutual Information Rate (MIR), a well-
established information-theoretic measure that quantifies the dynamic interdependence between pairs

of stochastic processes (Duncan 1970). MIR can be expressed in terms of entropy rates or conditional
mutual information and captures both the intrinsic dynamics of individual processes and their interac-
tions (Bara et al 2023). Similar to CD, MIR can be decomposed into two TE components plus an addi-
tional term reflecting zero-lag mutual information between X and Y, commonly referred to as the instan-
taneous term. Although the instantaneous information term may carry meaningful physiological inter-
pretations, it is not included in the definition of CD. For instance, the instantaneous information shared
between HP and SAP has been shown to decrease significantly during HUT (Bara et al 2023), whereas
weak instantaneous interactions between HP and RESP were observed both at REST and during HUT
(Pinto et al 2023). Like most measures of integrated information, the CD accounts only for lagged inter-
actions, and, as such, it may not fully capture system integration in physiological systems, where mean-
ingful coupling occurs also without delays, such as in the case of CV and CR dynamics, where zero-lag
effects can be prominent (Faes et al 2013). These considerations suggest that future integration measures
should explicitly account for the instantaneous component.
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Another important aspect emerging from the analysis of WMS is that this measure can, in certain
cases, assume negative values. As illustrated in figure 1(c), the regions highlighted in azure correspond
to information that is subtracted in the WMS formulation. In particular, they include information that
is already accounted for by the individual parts when considered separately. When this redundant con-
tribution is large, meaning that most of the PI of the whole system is already explained by its parts, the
subtraction can dominate, causing WMS to take negative values. This interpretation becomes formally
clear within the integrated information decomposition (®ID) framework (Mediano et al 2019), where
WMS is shown to include the double-redundancy information atom with a negative sign in the lat-
tice representation. Since non-negativity is generally regarded as a fundamental requirement for a mea-
sure of integrated information, this feature represents a conceptual limitation. A possible solution, pro-
posed in Mediano et al (2025), consists in adding back the subtracted redundancy term, thereby ensuring
that the resulting measure is always non-negative. Therefore, a future implementation of the framework
should explore the impact of this recently proposed correction to the WMS formulation to ensure non-
negativity.

Moreover, another important remark is that a linear VAR-based approach is most appropriate when
the underlying processes can be reasonably assumed to be stationary and approximately linear, assump-
tions that may not hold under various physiological conditions, instead characterized by strongly non-
linear dynamics. Nevertheless, previous studies have demonstrated that VAR models may in principle
be able to describe also the dynamics of processes with nonlinear generating mechanisms, even if at the
cost of increasing considerably (theoretically up to infinite) the model order (Hannan 1979, Faes et al
2025, Sparacino et al 2025). However, since fitting a finite-order VAR model to processes characterized
by strongly nonlinear dynamics may fail to suitably reflect some kinds of dynamic dependencies, a future
extension should envisage the realization of a model-free version of the framework, starting from already
implemented TE and PI measures (Faes et al 2015, Bara et al 2023, Saputo et al 2026). Such a model-free
version would be able to fully account for nonlinear physiological dynamics, but should face theoreti-
cal and practical challenges posed by estimation (e.g. curse of dimensionality) (Vlachos and Kugiumtzis
2010, Pinto et al 2024).

4.4. Potential clinical and translational applications
The proposed measures appear capable of capturing changes in autonomic regulation, as evidenced
by the significant differences observed between resting and tilt conditions, highlighting their poten-
tial clinical relevance. The statistically significant variations reported during baroreflex activation allow
us to expect that the measures will be as well sensitive to syncope-related responses, given the well-
established association between syncope events and alterations in baroreflex regulation (Folino et al
2007). Furthermore, recent studies have demonstrated the capability of information-theoretic approaches
to better characterize an impact of aging in CV autonomic regulation (Takahashi et al 2012, Catai et al
2014), and to identify CV alterations in pathological conditions, e.g. in patients with autonomic dysreg-
ulation, including patients with diabetes mellitus, neurological disorders or after acute myocardial infarc-
tion (Nollo et al 2002, Moura-Tonello et al 2014, Botchway et al 2026). Thus, we can assume that metrics
of integrated information may contribute to the assessment of further pathophysiological conditions (e.g.
other stressors, aging, heart failure, and syncope), even if their clinical potential and translational impli-
cations remain to be systematically investigated and validated in future studies.

Further analyses should be also conducted to investigate the potential effect of sex on dynamical inte-
gration, since several studies have demonstrated sex—related differences in CV function (Shoemaker et al
2001, Joyner et al 2015, Ontivero-Ortega et al 2025).

5. Conclusion

This study investigated the concept of dynamical integration in CV and CR systems at different physio-
logical conditions using two IIT framework-based measures, i.e. CD and WMS.

Our findings demonstrate that both systems exhibit significant dynamical integration at rest, which
is systematically modulated by physiological challenges represented by postural challenge and cognitive
load. In particular, orthostatic stress markedly reduces integration in both systems, reflecting a weak-
ening of coordinated interactions between their components. Mental stress, in contrast, evidences more
selective and measure-dependent effects. The obtained results suggest that CD and WMS capture com-
plementary aspects of information dynamics, highlighting that integration is not a single, well-defined
concept, but instead depends on the specific information-theoretic principle used for its quantification.
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Overall, our study suggests that a deeper understanding of how integration emerges across levels
of physiological organization may provide novel insights into the functional architecture of autonomic
control, even if caution is warranted when interpreting integration measures in complex physiological
dynamics given their methodological limitations.
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