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Abstract The analysis of complex physiological systems increasingly relies on multivariate approaches
that capture the dynamic interactions within and between interdependent subsystems. One promising
measure in this context is the predictive information (PI), quantifying the amounts of Shannon information
that is dynamically shared among past and future states of a multivariate system. While the PI is often
decomposed using standard information theory, in this work we demonstrate that the emerging tool of
partial information decomposition (PID) allows a better separation of unique and shared (redundant or
synergistic) contributions of the past dynamics of the two components of a bivariate system to the present
state of a designated target system. The proposed decomposition is applied to the study of the short-term
regulation of heart period (HP) variability assessed in conjunction with systolic arterial pressure (SAP)
variability to describe cardiovascular (CV) dynamics, or with respiration (RESP) variability to describe
cardiorespiratory (CR) dynamics. The framework is implemented using both model-free and model-based
estimators and applied to HP, SAP and RESP time series measured in young healthy subjects at rest state
and during postural or mental stress. We observe that HP predictive dynamics are strongly determined
by unique self-influences, which play a major role in driving the changes in process regularity observed
moving from rest to postural and mental stress, and that the variations across conditions of the measures
of CV and CR coupling are determined predominantly by the atoms of shared information (redundant
and/or synergistic). Overall, our findings highlight the relevance of decomposing the PI by means of the
PID tools for assessing information dynamics in physiological networks and their potential for identifying
novel markers of autonomic control.

1 Introduction

The study of the dynamics of complex systems has become a central paradigm in contemporary science, as many
natural processes emerge from the interaction of multiple, interdependent components [1]. In physiology, the
human body can be described as a network of interconnected systems, where cardiovascular, respiratory, neural,
and other subsystems continuously exchange information [2]. This networked organization, commonly referred
to as “network physiology”, highlights the importance of analyzing not only the behavior of individual systems,
but also the patterns of interaction that sustain integrated regulation and adaptation [2, 3]. Within this frame-
work, the cardiovascular (CV) and cardiorespiratory (CR) control systems represent two key network nodes whose
dynamic interactions provide fundamental insights into autonomic regulation [4–6]. These interactions involve sev-
eral important physiological mechanisms, including the arterial baroreflex as a basic reflex mechanism connecting
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blood pressure oscillations with heart rate response and the respiratory sinus arrhythmia (RSA) characterized by
an effect of respiration on heart rate. The arterial baroreflex, by involving blood pressure and heart rate control,
provides beat-to-beat negative feedback regulation of arterial blood pressure that minimizes short-term fluctua-
tions in pressure [6]. The RSA is the physiological phenomenon whereby heart rate increases during inspiration
and decreases during expiration and represents the strongest CR coupling, accounting for 20–60% of short-term
heart rate variability at rest [4]. There is a large literature showing that physiological or psychological stress influ-
ences CV and CR regulation, altering their interactions [7–12]. The autonomic nervous system plays a central
role in mediating CV and CR adjustments in response to physiological stressors. The transition to the upright
position induces a rapid shift in autonomic balance, characterized by sympathetic activation and parasympathetic
withdrawal, which supports blood pressure stabilization and heart rate acceleration, and is typically associated
with an increased respiratory rate and a reduced respiratory-driven vagal modulation [13].

The above-mentioned physiological mechanisms can be studied effectively through the analysis of bivariate
interactions between physiological time series of heart period (HP) and systolic arterial pressure (SAP)[14, 15], as
well as between HP and respiration (RESP) amplitude [16, 17]. Besides traditional techniques, a comprehensive
approach to perform such a description is framed in the field of information dynamics [18]. A measure of great
interest in this context is the so-called predictive information (PI), quantifying the total amount of Shannon
information that flows over time from the past to the present state of a multivariate process [19, 20]. In the
bivariate setting, the PI measured between the present state of an individual “target” system and the past states
of the whole bivariate system has been decomposed, exploiting Shannon information theory and the properties
of mutual information (MI), to localize the contributions related to internal dynamics in the target system and
those related to dynamic interactions originating in the other “driver” systems and directed to the target [21–23].
The resulting PI decompositions constitute a crucial development in information dynamics as they evidence core
quantities related to the information contained in the target system, like the self entropy (SE) [24] or its conditional
version (cSE) [22], or transferred to it from the driver system, like the transfer entropy (TE) [25] or the cross-
entropy (CE) [22]. In computational physiology, the separate analysis of these quantities allowed to gain insights
on the mechanisms related to autonomic control of HP, independently and in relation to SAP or RESP, as done
in several works [8, 26–28], including important contributions from Danuta Makowiec [29–32].

In spite of their acknowledged potential, the measures derived from the decomposition of the PI of bivariate
systems may fail to fully distinguish dynamic statistical relations due to directed interactions between the systems
from internal relations occurring within an individual system. This issue has been raised regarding the SE as a
measure of information storage within a system, as it was shown that it can reflect not only self-predictability
but also causal effects [21], and also regarding the TE as a measure of directed information transfer between
systems, as it was shown that it can contain information about the target that is not only coming from the driver
but is also co-localized with the target itself [33]. The same critiques hold for CE and cSE measures which can
be defined via a different decomposition of the PI [22]. To tackle this problem, the aim of the present study
is to adopt a more stratified decomposition strategy which allows to isolate, within the measures derived from
the PI, the contributions exclusively due to one system from those shared with the other system. To do this,
we adopt the framework of partial information decomposition (PID), which constitutes a comprehensive tool to
dissect information in multivariate systems [34, 35]. PID has been conceived in the framework of random variables
to decompose the information that a “target” variable shares with a set of “source” variables into components
highlighting how such an information is distributed among the sources, i.e., how this is uniquely related to a
specific source or how it raises from the information redundantly and synergistically shared by the whole sources.
Here, the framework is applied in the context of random processes, taking the present state of the analyzed
target process as the target variable, and the past states of the target and driver processes (analyzed collectively)
as source variables. In this way, the application of PID corresponds to decompose the PI into unique atoms of
information, carrying information exclusively attributed to one system, and redundant and synergistic atoms,
carrying information shared between the two systems.

In this work, the proposed approach applying the PID decomposition to the PI of bivariate dynamic systems
is implemented in the practical analysis of bivariate time series taken from the CV system (HP and SAP) and
from the CR system (HP and RESP) measured in a group of young healthy subjects monitored at rest and during
both postural and cognitive load. The goal of the analysis was to investigate the improvement brought to the
assessment of physiological mechanisms of CV and CR regulation by dissecting the traditional SE, TE, CE and
cSE measures into quantities evidencing unique and shared contributions of the two dynamic systems analyzed.
The effect of using different PID strategies based on distinct redundancy definitions (i.e., specific MI [34] and
minimum MI [36]) and estimation approaches (respectively, nonlinear model-free for discrete random variables
and linear model-based for continuous Gaussian random variables) is also investigated.
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2 Methods

2.1 Predictive information decomposition

Given a bivariate dynamic system S composed of two possibly interacting subsystems X and Y whose dynamic
evolution is represented by the process S = {X, Y }, let us denote as Xn and Yn the states of the driver process
X and the target process Y considered at the current time n, as Xm

n = [Xn−1, . . . , Xn−m] and Y m
n = [Yn−1,

. . . , Yn−m] the joint states of the two processes covered until m lags in the past, and as X−
n = limm→∞ Xm

n and
Y −
n = limm→∞ Y m

n their whole past history. The PI measures the part of the information carried by the present
of the target, Yn, that can be predicted by the past of the entire joint process, [X−

n , Y −
n ], and is quantified as [22]:

PY = I(Yn;X−
n , Y −

n ) = H(Yn) − H(Yn|X−
n , Y −

n ), (1)

where I(·; ·) denotes mutual information (MI), H(·) denotes entropy and H(·|·) denotes conditional entropy.
In an attempt to separate the statistical dependencies arising from each of the two systems, the PI can be

decomposed exploiting the chain rule for MI and expressed as the sum of two contributions of information dynamics
as follows [22]:

PY = SY + TX→Y , (2)

PY = CX→Y + SX|Y . (3)

The two alternative decompositions (2) and (3) evidence two quantities which have been related to the individual
dynamics of the target process Y , i.e., SY and SY |X , and two other quantities which have been related to the
directed interactions from the driver to the target process, i.e., TX→Y and CX→Y . In particular, the SE, defined
as

SY = I(Yn;Y −
n ), (4)

quantifies the part of the information carried by the present of the target process that can be predicted by its own
past, and is associated to the regularity of the process [24], while the cSE, defined as

SY |X = I(Yn;Y −
n |X−

n ) = I(Yn;Y −
n , X−

n ) − I(Yn;X−
n ), (5)

quantifies the part of the information carried by the present of the target process that can be predicted by its past
above and beyond the part that was predicted by the past of the driver, and is associated to the internal dynamics
of the target [22]. On the other hand, the CE, defined as

CX→Y = I(Yn;X−
n ), (6)

quantifies the part of the information carried by the present of the target that can be predicted by the past of the
driver, and is associated to the cross-predictability of target given the driver history [37], while the TE, defined as

TX→Y = I(Yn;X−
n |Y −

n ) = I(Yn;Y −
n , X−

n ) − I(Yn;Y −
n ), (7)

quantifies the part of the information carried by the present of the target process that can be predicted by the
past of the driver and that cannot be already predicted by the past of the target, and is associated to the causal
information transfer from driver to target [25].

2.2 Partial information decomposition

Let us consider three possibly correlated random variables, of which one is denoted as target variable, T , and
the remaining two as source variables, S1 and S2. The framework of Partial Information Decomposition (PID)
introduced in the seminal work of Williams and Beer [34] allows to decompose the information shared by the target
with the two sources, quantified by the MI I(T ;S1, S2) and the redundancy term, in four distinct and non-negative
quantities:

I(T ;S1, S2) = U(T ;S1) + U(T ;S2) + R(T ;S1, S2) + S(T ;S1, S2), (8)
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where U(T ;S1) and U(T ;S2) are the information contributions exclusively provided to the target by one of the
two sources, R(T ;S1, S2) is the information about the target held redundantly by both sources, and S(T ;S1, S2)
is the synergistic information that only arises when both the sources are known and that cannot be inferred when
considering any of them separately.

Exploiting the rules underlying the structure of the so-called redundancy lattice shown in Fig. 1a, the terms of
this decomposition can be expressed using Shannon MI quantities as follows [34]:

U(T ;S1) = I(T ;S1) − R(T ;S1, S2), (9)

U(T ;S2) = I(T ;S2) − R(T ;S1, S2), (10)

S(T ;S1, S2) = I(T ;S1, S2) − U(T ;S1) − U(T ;S2) − R(T ;S1, S2). (11)

Since the consistency equations in Eqs. (9–11) identify a system of three equations and four unknown variables,
to solve the PID problem it is necessary to introduce a fourth equation defining the redundancy measure R(T ;S1,
S2). This is an open issue in information theory, with several definitions proposed satisfying a set of partially
different requirements about the properties that a redundancy measure should satisfy [35]. Two of the possible
choices are presented in Sect. 2.4, and implemented with the target and source variables presented in Sect. 2.3.

2.3 Partial information decomposition of predictive information

This section presents the original contribution of the present work, which is to show how the terms appearing
in the decomposition of the PI can be represented by combining PID atoms, and therefore can be dissected to
evidence separate unique and shared contributions. The idea underlying our approach is to embed PID into the
decomposition of the PI, so as to refine such decomposition making it more fine-grained. To this end, we consider
that the quantity we start from, i.e. the PI defined in (1), is a mutual information between a scalar variable and
a pair of other (vector) variables and, as such, it can be decomposed usig the PID defined in (8).

Specifically, we assume the present of the target process as the target variable for the PID, i.e., T = Yn, and
the past of the target and driver processes as the two sources, i.e., S1 = Y −

n and S2 = X−
n , and then we apply the

PID defined in Sect. 2.2 to the PI defined in Sect. 2.1. Combining Eqs. (4) and (9), as well as combining Eqs. (6)
and (10), it is straightforward to see that the SE, SY , and the CE, CX→Y , can be decomposed as

SY = U(Yn;Y −
n ) + R(Yn;Y −

n , X−
n ), (12)

CX→Y = U(Yn;X−
n ) + R(Yn;Y −

n , X−
n ), (13)

showing how the information stored in the target process Y results from the unique contribution to Yn provided
exclusively by Y −

n plus the shared contribution provided redundantly by both Y −
n and X−

n , and how the cross-
information between the past of the driver process X and the present of the target process Y results from the
unique contribution to Yn provided exclusively by X−

n plus a shared contribution provided redundantly by both
Y −
n and X−

n .
On the other hand, combining Eqs. (7) and (9, 11), and combining Eqs. (5) and (10, 11), one can see that the

TE, TX→Y , and the cSE, SY |X , can be decomposed as

TX→Y = U(Yn;X−
n ) + S(Yn;Y −

n , X−
n ), (14)

SY |X = U(Yn;Y −
n ) + S(Yn;Y −

n , X−
n ), (15)

showing how the information transferred from the driver process X to the target process Y results from the
unique contribution to Yn provided exclusively by X−

n plus the shared contribution provided synergistically by
both Y −

n and X−
n , and how the internal information in the target process Y not arising from the driver process X

and results from the unique contribution to Yn provided exclusively by Y −
n plus the shared contribution provided

synergistically by both Y −
n and X−

n .
The two decompositions highlighted by Eqs. (12, 13) and by Eqs. (14, 15) are illustrated exploiting the PID

lattice structure in Fig. 1b, c.
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Fig. 1 In panel (a), the redundancy lattice representing the PID atoms used to decompose the Predictive Information
measure PY is depicted, i.e., the unique contributions U(Yn; X−

n ) and U(Yn; Y −
n ), as well as the redundant and the synergistic

contributions R(Yn; Y −
n , X−

n ) and S(Yn; Y −
n , X−

n ). Panels (b) and (c) depict how the PID atoms are aggregated to yield
the decomposition terms in Eqs. (2) and (3)

2.4 PID estimation strategies

In order to implement the framework for the analysis of bivariate dynamic systems described in Sect. 2, it is
necessary (i) to solve the PID problem by defining an appropriate redundancy measure, and (ii) to develop
estimators of such redundancy measure, as well as of the remaining three PID quantities (Eqs. (9–11)), which,
combined as in Eqs. (12–15), yield estimates of the SE, CE, TE, and cSE. As regards the first step, although there
is no consensus in the literature about how to define the redundancy function unequivocally, several axiomatic
definitions have been proposed so far that differ depending on the nature (continuous [36] or discrete [34]) of
the variables representing the processes, and on the assumptions made about their distribution (e.g., Gaussian
[36]). In this work, we exploited two different approaches based on model-free and model-based formulations,
respectively, described in Sects. 2.4.1 and 2.4.2, to compute the redundancy function and solve the PID problem.
These estimates can be carried out under the Markov assumption, approximating the past history of the processes
up to m lags.

2.4.1 Model-free computation based on the specific mutual information PID

As proposed by Williams and Beer in their seminal work on PID [34], when working with discrete variables the
information redundantly brought by the two source variables Xm

n and Y m
n to the target variable Yn can be defined

as the minimum of information shared individually by the two source variables with a specific observation yn of
the target:

R(Yn;Xm
n , Y m

n ) =
∑

yn∈AYn

p(Yn = yn)min(I(Yn = yn;Xm
n ), I(Yn = yn;Y m

n )). (16)

The specific MI quantities in Eq. (16) can be written as:

I(Yn = yn;Xm
n ) =

∑

xm
n ∈AXm

n

p(xm
n |yn) log2

p(xm
n |yn)

p(xm
n )

, (17)

I(Yn = yn;Y m
n ) =

∑

ym
n ∈AY m

n

p(ym
n |yn) log2

p(ym
n |yn)

p(ym
n )

, (18)

where p(xm
n ) and p(ym

n ) are the marginal probabilities of specific values of the variable Xm
n and Y m

n belonging
to the alphabet AXm

n
and AY m

n
, p(xm

n |yn) = p(xm
n , yn)

p(yn)
and p(ym

n |yn) = p(ym
n , yn)

p(yn)
are their probability conditioned

on specific values of the target variable Y , with p(yn) being the marginal probability of the specific outcome
yn ∈ AYn

, and finally p(xm
n , yn) and p(ym

n , yn) represent its joint probability with xm
n and ym

n , respectively. Once
the redundancy is determined as described in Eq. (16), the individual and joint MI terms needed to complete the
PID as described in Eqs. (9–11) can be obtained as follows:

I(Yn;Xm
n ) =

∑

ym
n ∈Ayn

p(yn)I(Yn = yn;Xm
n ), (19)
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I(Yn;Y m
n ) =

∑

ym
n ∈Ayn

p(yn)I(Yn = yn;Y m
n ), (20)

I(Yn;Xm
n , Y m

n ) =
∑

(yn, xm
n , ym

n )∈Ayn,Xm
n ,Y m

n

p(yn, xm
n , ym

n ) log2
p(yn|xm

n , xm
n )

p(yn)
, (21)

where p(yn, xm
n , ym

n ) is the joint probability of yn, xm
n and ym

n belonging to the alphabet Ayn,Xm
n ,Y m

n
, and p(yn|xm

n ,
ym
n ) is the conditioned probability of ym

n and xm
n on yn. In this work, all the above probabilities were estimated

through the frequentistic approach applied to observations of the discrete random variables sampling the present
and past states of the two analyzed processes; discrete-valued amplitudes were obtained through uniform quanti-
zation.

2.4.2 Linear parametric computation based on the minimum mutual information PID

A popular and simple approach to compute redundancy function is the so-called Minimum MI (MMI) PID [36].
With this approach, the information shared redundantly by the two sources Xm

n and Y m
n with the target variable

Yn is defined as the minimum of the information shared between the target and each individual source:

R(Yn;Xm
n , Y m

n ) = min(I(Yn;Xm
n ), I(Yn;Y m

n )). (22)

Remarkably, when working with continuous-valued variables following a normal distribution, the MMI PID encom-
passes many other definitions of redundancy [36]. In this case, exploiting the tight connection between information
measures and linear regression that holds for zero-mean jointly Gaussian variables [38], the two MI terms needed
to compute redundancy can be computed using two parametric “reduced” models relating the target variable Yn

with the source variables Xm
n (cross-regressive model) and Y m

n (autoregressive model):

Yn = Xm
n AX + U1,n, (23)

Yn = Y m
n AY + U2,n, (24)

where Yn is predicted using the m-dimensional vector coefficients AX and AY weighing the regressor Xm
n and

Y m
n , respectively, and U1 and U2 are zero-mean white Gaussian noises representing the prediction error of the two

models. Then, the variance of the target variable σ2
Y and that of the prediction errors σ2

U1
and σ2

U2
are used to

compute the MI between the target variable Yn and the two source variables Xm
n and Y m

n , as follows [38]:

I(Yn;Xm
n ) =

1
2

log
(

σ2
Y

σ2
U1

)
, (25)

I(Yn;Y m
n ) =

1
2

log
(

σ2
Y

σ2
U2

)
. (26)

The MI terms in Eqs. (25, 26) are exploited both to compute the redundancy according to Eq. (22) and to derive
the unique terms of PID according to Eqs. (9, 10). Finally, to compute synergy according to Eq. (11), the MI
between the present of the target process Y and the joint past history of the two processes {X, Y } is computed,
from the parameters of a “full” regression model defined as

Yn = Xp
nBX + Y p

n BY + Un, (27)

according to the equation

I(Yn;Xp
n, Y p

n ) =
1
2

log
(

σ2
Y

σ2
U

)
, (28)

where σ2
U is the variance of the white Gaussian noise U ; note that the lag used to explore the past of the two

processes here is the model order p. In practical analysis, the full model defined in Eq. (27) is identified through the
ordinary least square (OLS) approach [39], while the parameters of “restricted” models defined in Eqs. (23) and
(24) are obtained directly from those of the full model through a procedure that solves the associated Yule-Walker
equations and determines the coefficients AX and AY up to an order m >> p. The full estimation procedure is
detailed in the supplemental material of [40], and in [41].
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3 Application to physiological data

In this section, we present a physiological application to real data of the framework of analysis described in Sect. 2,
aimed to investigate the intertwined CV and CR dynamics involved in the physiological control mechanisms that
act in response to postural stress and cognitive load.

3.1 Experimental protocol

The study involved a group of 127 healthy young volunteers (75 females; age: 18.6 ± 3.3 years), all normotensive
and with body mass index within the normal range (BMI: 21.4 ± 2.2 kg/m2), recruited from the local elementary
schools, high schools and the universities of Martin, Slovakia. According to the ethical principles of the Declaration
of Helsinki for research studies involving human subjects, all participants or their legal guardian for minors (i.e.,
age < 18 years) signed a written informed consent to join the experimental study, which was approved by the
Ethics Committee of the Jessenius Faculty of Medicine, Comenius University, Martin, Slovakia. Before starting
the procedures, subjects were instructed to abstain from using any substances that could affect the autonomic
nervous system or CV activity. Subsequently, each participant was positioned on a motorized tilt table with the
feet touching the footboard at the end of the table, and a restraining strap secured at the thigh level was used to
provide additional support and safety prior to initiating the protocol. The experimental protocol consists of five
conditions, fully detailed in [42], of which only three were taken into account in this study:

1. Resting supine position (REST): subjects were laid on the motorized table in a horizontal position for 15 min
to stabilize the physiological parameters at the baseline levels;

2. Head-Up Tilt (HUT): the motorized table was tilted to a 45◦ upright position for 8 min to evoke mild orthostatic
stress;

3. Mental Arithmetic (MA): a mental arithmetic test was administered to participants in a supine position for
6 min to induce cognitive load.

The arithmetic test was performed using WQuick software with WIN 5 PMT test (Psycho Soft Software, s.r.o.,
Brno, Czech Republic). During the test, participants were instructed to sum up three-digit numbers until a one-
digit number was obtained, finally deciding whether it was even or odd. Responses were given by clicking the
corresponding virtual push button projected onto the ceiling via a computer mouse. To further increase the
perceived stress during cognitive load task, participants were disturbed by the rhythmic sound of a metronome
and instructed to perform the MA task as quickly as possible. Further details on the experimental protocol can
be found in [43, 44].

3.2 Signal acquisition and time series extraction

Electrocardigraphic signal (ECG, horizontal bipolar thoracic lead; CardioFax ECG-9620, NihonKohden, Japan),
continuous finger arterial blood pressure via the photoplethysmographic volume-clamp method (Finometer Pro,
FMS, Netherlands), and respiratory volume through respiratory inductive plethysmography (RespiTrace 200;
NIMS) were simultaneouly and non-invasively recorded at a sampling frequency of 1 kHz. Qualitative diagnostic
calibration of the respiratory signal was followed by quantitative calibration, where partecipants breathed into a
1,000-ml plastic bag. All signals were digitalized and transferred to a personal computer at a sampling rate of 1
kHz using PowerLab 8/35 (ADInstruments) device. Further details on the signal acquisition can be found in [45].

Starting from the recorded signals, beat-to-beat variability time series were extracted for each subject in the
three experimental conditions (i.e., REST, HUT, MA) as schematized in Fig. 2. Specifically, the n-th heart period
(HPn) value was computed as the temporal distance between two consecutive R-wave peaks of the ECG signal, i.e.,
n-th and (n+1)-th peaks with n being the heart rate counter, using the Pan–Tompkins QRS detection algorithm.
The n-th sample of the systolic arterial pressure (SAPn) time series was defined as the maximum value within
the corresponding HP, while the correspondent sample in the time series of the respiration values (RESPn) was
obtained by sampling the respiratory volume signal at the onset of each detected HPn.

To exclude transient effects in physiological parameters and favor the stationarity of the time series, windows
of 300 consecutive heartbeats were extracted for the three time series, starting 8 min after the beginning of the
REST phase, 3 min after the beginning of the HUT phase, 2 min after the beginning of the MA phase. The
selected 300-point windows were free of artifacts, including those related to calibration of the Finometer device
(such calibration, which interrupts the measurements of the continuous blood pressure signal, was executed only
in the last minute of the REST phase).

Each time series was corrected to remove outliers beyond three standard deviations from the mean. These outliers
were replaced using two different interpolation algorithms, i.e., linear for isolated outliers and cubic spline for
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Fig. 2 a Schematic representation of the measurement of beat-to-beat variability time series of heart period (HP), systolic
arterial pressure (SAP) and respiratory volume (RESP) from the recorded electrocadiographic (ECG), arterial blood pres-
sure (ABP) and the respiratory volume (BREATH) signals; b example of H (top), S (middle) and R (bottom) time series
for a representative subject in the REST condition

multiple successive ones. The corrected time series were visually inspected for any issues following the interpolation
procedure. Overall, only 0.6% of the samples of each time series were adjusted, allowing a more reliable analysis. To
remove the slow trends an auto-regressive high-pass filter (zero phase; cutoff frequency 0.0156 times the equivalent
sampling rate of series) [46] was applied to the time series and the mean value was subsequently removed prior to
the analysis to obtain zero-mean series.

In the following, the beat-to-beat variability time series of HP, SAP, and RESP will be labeled as H , S , and R,
respectively.

3.3 Data analysis

Starting from the corrected H , S , and R time series, two separate analyses were conducted to compute PI and
PID terms in CV and CR dynamics through both model-free and model-based formulations. For CV analysis,
the bivariate system composed of the target process Y = H and the driver process X = S was considered, thus
imposing the realizations of the current state of H (i.e., Hn) as target variable and those of the past states of H and
S (i.e., H−

n and S−
n , respectively) as the two source variables of the PID. Specifically, the PI of H was calculated

as the MI between Hn and S−
n and H−

n , i.e., PH = I(Hn;S−
n , H−

n ), and then the PID was applied evidencing the
unique contributions, denoted as UH = U(Hn;H−

n ) and US = U(Hn;S−
n ), as well as the redundant and synergistic

contributions, denoted as RH,S = R(Hn;H−
n , S−

n ) and SH,S = S(Hn;H−
n , S−

n ). Then, the SE, TE, cSE and CE
measures were obtained as the sum of PID atoms as reported in Eqs. (12–15) and respectively denoted as SH ,
TS→H , SH|S and CS→H . Similarly, for CR analysis, the bivariate system composed of the target process Y = H
and the driver process X = R was considered. In this case, the PID terms UH , UR, RH,R and SH,R, as well as the
SE, TE, cSE and CE measures, denoted as SH , TR→H , SH|S , CR→H , were obtained decomposing the PI measure
PH = I(Hn;R−

n , H−
n ).

All measures were computed for each subject in the three experimental conditions (REST, HUT, MA) through
both model-free and model-based formulations, resulting in information-theoretic measures expressed in bits and
nats, respectively. Specifically, as regards the model-free analysis, the discretization method based on binning [47]
was used to build discrete random variables through quantization of the continuous-valued variables, so as to
estimate the probability distributions needed to compute the mutual information terms in Eqs. (17–21) via the
frequentistic approach. The number of quantization levels and the length of the memory used to cover the past
history of the processes were chosen equal to b=6 and m=1 , respectively. These parameters were set in order
to satisfy the empirical criterion b2m+1 < N [47], with N the length of time series, which is used to limit the
issue related to the estimation bias of information measures referred to high-dimensional variables from finite-size
dataset (i.e., the so-called curse of dimensionality [48]).

On the other hand, as regards the model-based approach, the full linear parametric model defined in Eq. (27)
and the reduced AR and X models in Eqs. (23) and (24) were separately fitted for CV and CR analyses, to compute
the MI terms involved in the computation of the PID measures as described in Sect. 2.4.2. The order p of the full
model was set according to the multivariate version of the Akaike Information Criterion (AIC) [49], with maximum
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scanned model order equal to 12. The model order was estimated separately for each subject and experimental
condition, obtaining mean values of μCV

AIC = [7; 7.5; 7.1] for CV analysis (respectively for REST, HUT and MA)
and of μCR

AIC = [6.7; 7; 6.5]) for CR analysis. The order m of the reduced models was fixed at 20, in accordance
with previous works [40, 41].

3.4 Surrogate and statistical data analysis

To test the statistical significance of the aforementioned information measures in both CV and CR analysis, two
different procedures for surrogate data generation were used for model-free and model-based formulations. As
regards the model-free analysis, we followed the procedure described in [50] based on the shuffling of the target
variable and aimed at assessing the statistical significance of each of the atoms of the redundancy lattice. In
more detail, the significance of the information associated to each of the atoms of the lattice and for specific
values of the target variable was assessed randomizing the order of the target samples and verifying that the value
obtained on the original data is higher than the (100− 0.05

4b )th percentile of the distribution obtained on surrogate
data. As a consequence, the significance of all the PID terms, as well as of the PI decomposition quantities, was
ascertained if at least one of the specific quantities forming it is significant. On the other hand, in the model-
based approach the random shuffling of the order of the target samples was employed to obtain the surrogate
data, and all measures were deemed as statistically significant if their values were above the 95th percentile of the
surrogate distribution. The random shuffling surrogate approach was chosen since it destroys the autocorrelation
between past and present values of the processes, which is necessary for more reliably assessing the significance
of information-theoretic measures based on the dynamics of the signals [51]. One-hundred pairs of surrogate data
were generated for each subject and condition by iterating both procedures in CV and CR analysis.

In order to assess statistically significant differences of the indices among different physiological conditions,
parametric tests were used, since most distributions were normal according to Kolmogorov-Smirnov test (α =
0.05) and given the large sample size. Specifically, one-way ANOVA test was performed to assess the statistical
significance of the mean of the distribution among conditions (i.e., REST, HUT, MA) with a significance level of
5%. Then, a post-hoc Student t-test for paired data with Bonferroni correction for multiple comparisons (n = 2
comparisons, and thus p = 0.05/2 = 0.025) was employed to assess the statistical significance differences between
pairs of distributions (i.e., HUT vs. REST, MA vs. REST). Finally, Student t-test was used to assess the statistically
significant differences between redundancy and synergy in each condition, with a significance level of 5%.

4 Results

4.1 Predictive Information decomposition of cardiovascular dynamics

Figure 3 reports the results of the analysis of dynamic information measures performed through the model-
free estimator for the assessment of CV interactions evaluated for each subject during REST, HUT and MA
experimental conditions. All measures except US exhibit a statistically significant increase with the transition
from the REST to the HUT phase. Moreover, PH , SH , SH|S and UH display also a statistically significant increase
during MA compared to REST. The number of subjects (out of 127) exhibiting statistically significant values
according to surrogate data analysis is high (i.e., greater than 103) for all measures evaluated with the model-free
analysis, except for US (i.e., less than or equal to 12) and, even though with slightly higher values, for TS→H and
SH,S (i.e., less than or equal to 55 and 50, respectively), as indicated by the number at the top of the corresponding
measures. These results suggest that: (i) both postural and mental stress elicit an increased predictability of HP
variability given its past and the past of SAP (Fig. 3a); (ii) using the traditional PI decomposition (Fig. 3b), the
increase of PI is ascribed to an increase of the measures reflecting the self-dynamics of HP (i.e., SE and cSE)
during both stressors and also to an increase of the measures reflecting coupled dynamics between HP and SAP
(i.e., TE and CE) only during postural stress; (iii) using the PID decomposition of the PI (Fig. 3c), the increase
of PI is ascribed to an increase of the unique of H , redundant and synergistic contributions during postural stress,
but only of the unique contribution of HP during mental stress.

Figure 4 reports the results of the analysis of dynamic information measures performed through the model-
based estimator for the assessment of CV interactions computed for each subject across the three experimental
phases. All measures exhibit a statistically significant increase from REST to HUT, except for US which does not
exhibit any significant change between REST and any stress condition (i.e., HUT vs. REST and MA vs. REST).
CS→H and RH,S exhibit a statistically significant decrease, and SH|S and UH a statistically significant increase,
during MA compared to REST. Also for the model-based analysis, the number of subjects exhibiting statistically
significant values is high for all measures except for US . These results suggest that: (i) only postural stress elicits
an increased predictability of HP variability given its past and the past of SAP (Fig. 4a); (ii) using the traditional
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Fig. 3 Predictive Information decomposition of CV interactions obtained via model-free estimates of information dynamics.
Plots depict the boxplot distributions and individual values (dots along the vertical lines) of a the Predictive Information
of H (PH), b the individual terms of the first and second decomposition of PH given S , and c the unique, redundant and
synergistic atoms of PID decomposing PH given S . Measures were evaluated in the REST (red), HUT (blue), and MA
(green) conditions. In all panels, black horizontal lines indicate mean values, while the white areas bounded by the box
edges and by the lines surrounding the mean represent one standard deviation and the 95% confidence interval, respectively.
One-way ANOVA test among conditions (p < 0.05): #. Student t-test for paired data with Bonferroni correction for multiple
comparison (p < 0.025): *REST vs. HUT, REST vs. MA. Values above each distribution indicate the number of subjects
(out of 127) for which the measure was deemed as statistically significant according to surrogate data analysis

PI decomposition (Fig. 4b), the increase of PI during postural stress involves all measures reflecting both self-
dynamics and coupling, while the unchanged PI during mental stress results from a decreased cross-predictability
together with an increased self-predictability of HP; (iii) using the PID decomposition of the PI (Fig. 4c), the
increase of PI during postural stress is due to an increase of the unique contribution of H and of the redundant
and synergistic contributions, while this does not occur for mental stress given the different trends between unique
and redundant contributions and the invariance of synergy.
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The comparison between model-free and model-based estimates of the decomposition of the CV PI based on
PID (Fig. 3 vs. Fig. 4) highlights an increased predictability of HP during postural stress consistently detected by
both approaches, which originates from all PID terms except the unique contribution of SAP. Only the model-free
method detects increased CV PI during mental stress, which is due to an increase of the unique contribution of
HP and is masked by a concomitant decrease of redundancy when using the model-based method.

Fig. 4 Predictive Information decomposition of CV interactions obtained via model-based estimates of information dynam-
ics. Plots depict the boxplot distributions and individual values (dots along the vertical lines) of a the Predictive Information
of H (PH), b the individual terms of the first and second decomposition of PH given S , and c the unique, redundant and
synergistic atoms of PID decomposing PH given S . Measures were evaluated in the REST (red), HUT (blue), and MA
(green) conditions. In all panels, black horizontal lines indicate mean values, while the white areas bounded by the box
edges and by the lines surrounding the mean represent one standard deviation and the 95% confidence interval, respec-
tively. One-way ANOVA test among conditions (p < 0.05): #. Student t-test for paired data with Bonferroni correction for
multiple comparison (p < 0.025): *REST vs. HUT, REST vs. MA. Values above each distribution indicate the number of
subjects (out of 127) for which the measure was deemed as statistically significant according to surrogate data analysis
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4.2 Predictive Information decomposition of cardiorespiratory dynamics

Figures 5 and 6 display the results of model-free and model-based dynamic information measures analyses for the
assessment of CR interactions evaluated for each subject across the three experimental conditions. Both approaches
showed a statistically significant increase of PH , SH and SH|R, and a significant decrease of TR→H and CR→H

moving from rest to postural stress (Figs. 5a, b, 6a, b). Applying PID, the increase of PH is ascribed entirely
to a strong increase of UH moving from REST to HUT, only partially compensated by a decrease of UR and by
decreases of SH,R (seen only with the model-free method) and of RH,R (seen only with the model-based method)
(Figs. 5c, 6c). As regards the response to mental stress, a decrease of PH was observed moving from REST to MA
(significant only using the model-free approach, (Fig. 5a). Using the traditional PI decomposition, such a decrease
is ascribed to a decrease of TR→H and CR→H , only partially compensated by an increase of SH (using the model-
free estimator, Fig. 5b) and of SH|R (using the model-based estimator, Fig. 6b). Using the PID decomposition of
the PI, the decrease during MA (seen only with the model-free approach) is ascribed to a decrease of the unique
contribution of R, redundancy and synergy (UR, RH,R, SH,R), only partially compensated by an increase of the
unique contribution of H (UH) (Fig. 5c).

These results suggest that: (i) postural stress and mental stress elicit respectively an increase and a decrease of
the predictability of HP variability given its past and the past of RESP; (ii) using the traditional PI decomposition
these changes in the PI are ascribed to an increase of the measures reflecting the self-dynamics of HP (SE and
cSE) during postural stress and to a decrease of the measures reflecting dynamic coupling (TE and CE) during
mental stress; (iii) the PID of the PI reveals that the higher self-predictability during postural stress is driven by
stronger unique effects of the past of HP on its present, while the lower cross-predictability during mental stress
is driven by weaker redundancy between the past of HP and RESP in determining the present HP.

The comparison between model-free and model-based estimates of the CR PI based on PID (Fig. 5 vs. Fig. 6)
highlight a general agreement between the two approaches, with the only exception of a significantly better
capability of the model-free approach to detect unique contributions of respiration to the HP dynamics in both
stressor conditions.

4.3 Synergy vs. Redundancy in cardiovascular and cardiorespiratory dynamics

Figure 7 depicts the results of the computation of the redundancy/synergy balance measured by taking the
difference between redundant an synergistic information, ΔR−S = R(Yn;Y −

n , X−
n ) − S(Yn;Y −

n , X−
n ), computed

for each subject using both model-based and model-free methods considering CV interactions (Fig. 7a) and CR
interactions (Fig. 7b). The results document that there is a general tendency to net synergy (negative values
of ΔR−S), as the synergy was found to be prevalent over redundancy in both CV and CR interactions when
computed using the model-free estimator, and for CR interactions using the model-based estimator; on the other
hand, redundancy was significantly higher than synergy when assessed for CV interactions using the model-based
estimator.

The detected prevalence of synergy observed when using the model-free approach to PID indicates that HP
variability is predicted through a non-trivial interaction between the HP dynamics and the dynamics of SAP or
RESP. Moreover, given the generally small unique contribution of the past of SAP or the past of RESP to the
present of HP (Figs. 3, 4, 5, 6), the synergistic interaction seems the main factor sustaining the causal effects
from SAP to HP and from RESP to HP measured by the transfer entropies TS→H and TR→H in the various
experimental conditions.

5 Discussion

5.1 Partial decomposition of heart period predictive information

The present work introduced an approach to decompose the information carried over time by bivariate dynamic
systems into amounts related to the dynamics of the individual system components and amounts related to the
interaction between such components. The proposed decomposition exploits PID to refine a previously proposed
approach [22] whereby the PI, measured as the information shared between the present state of an individual
target system and the past states of the joint bivariate system, is decomposed using standard information theory
via the chain rule for the MI. The improvement led by the new method stands in the ability to explicitly separate
the unique contributions to the analyzed PI attributable to the internal dynamics of the target system from the
contributions shared between the target and the driver systems, also distinguishing redundant and synergistic
parts in the latter. Our method is related to the more sophisticated integrated information decomposition [52]
recently proposed to dissect the information flowing in bivariate systems; the difference is in the fact that, using
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Fig. 5 Predictive Information decomposition of CR interactions obtained via model-free estimates of information dynamics.
Plots depict the boxplot distributions and individual values (dots along the vertical lines) of a the Predictive Information
of H (PH), b the individual terms of the first and second decomposition of PH given R, and c the unique, redundant and
synergistic atoms of PID decomposing PH given R. Measures were evaluated in the REST (red), HUT (blue), and MA
(green) conditions. In all panels, black horizontal lines indicate mean values, while the white areas bounded by the box edges
and by the lines surrounding the mean represent one standard deviation and the 95% confidence interval, respectively. One-
way ANOVA test (p < 0.05): #Student t-test for paired data with Bonferroni correction for multiple comparison (p < 0.025):
*REST vs. HUT, REST vs. MA. Values above each distribution indicate the number of subjects (out of 127) for which the
measure was deemed as statistically significant according to surrogate data analysis
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Fig. 6 Predictive Information decomposition of CR interactions obtained via model-based estimates of information dynam-
ics. Plots depict the boxplot distributions and individual values (dots along the vertical lines) of a the Predictive Information
of H (PH), b the individual terms of the first and second decomposition of PH given R, and c the unique, redundant and
synergistic atoms of PID decomposing PH given R. Measures were evaluated in the REST (red), HUT (blue), and MA
(green) conditions. In all panels, black horizontal lines indicate mean values, while the white areas bounded by the box
edges and by the lines surrounding the mean represent one standard deviation and the 95% confidence interval, respectively.
One-way ANOVA test among conditions (p < 0.05): #Student t-test for paired data with Bonferroni correction for multiple
comparison (p < 0.025): *REST vs. HUT, REST vs. MA. Values above each distribution indicate the number of subjects
(out of 127) for which the measure was deemed as statistically significant according to surrogate data analysis

a single target and two sources, our approach can be implemented through the standard redundancy lattice used
for the PID rather than the double redundancy lattice needed when also the target is multivariate.

The possibility offered by the proposed decomposition to separate unique and shared contributions within the
PI, and redundant and synergistic contributions within the shared information, allowed us to disentangle in a
more refined way the statistical relationships underlying the joint CV and CR dynamics studied when HP is the
target of the PI, and SAP or RESP is the driver. Specifically, we found that: (i) the unique information provided
to the present HP by its own past values is always significant and larger than the unique contribution provided
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Fig. 7 Plots depict the boxplot distributions and the individual values (dots along the vertical lines) of the redundant-
synergy balance ( ΔR−S = R− S) computed for CV (a) and CR (b) dynamics in both model-free (left subpanel, in bits)
and model-based (right subpanel, in nats) formulations. Measures were evaluated in the REST (red), HUT (blue), and MA
(green) conditions. In all panels, black horizontal lines indicate mean values, while the white areas bounded by the box
edges and by the lines surrounding the mean represent one standard deviation and the 95% confidence interval, respectively.
Student t-test for paired data (p < 0.05): §, R vs. S

by the past of SAP or RESP, which on the contrary is very small or negligible; (ii) the unique information of HP
given its past drives the significant increase of the dynamic information measures reflecting the regularity of heart
rate variability (i.e., SE and cSE) observed during physiological stress (especially postural, but also mental); (iii)
the changes of the dynamic information measures reflecting CV and CR coupling (i.e., CE and TE) observed in
conditions of head-up tilt or mental workload are determined predominantly by the atoms of shared information
(redundant and/or synergistic), and only to a negligible extent by the unique information provided by the driver
process (either SAP or RESP).

These results suggest that the proposed framework is important for the investigation of the neural physiological
mechanisms that determine the short-term heart rate variability accounting for self-loops as well as CV and CR
interactions [53]. According to seminal works in Physiology [54–58] these mechanisms may include feedback circuits
producing oscillations at the frequency of the arterial pressure Mayer waves (around 0.1 Hz) due to resonance
properties or to the delay inherent to circuit (e.g., baroreflex, chemoreflex), native self-sustained oscillators (e.g.,
vasomotor and respiratory centers, peripheral vasomotion), and effects of respiration on heart rate, both directed
to the sinus node or mediated by arterial pressure. These mechanisms have been related to the PI of short-term
HP variability [23] and to its components obtained from the standard decomposition based on MI [59]. In the next
subsections we reinterpret these findings about CV and CR dynamics in the light of our more refined decomposition
based on PID.

5.2 Assessment of cardiovascular dynamics via predictive information decomposition

The existence of evident CV interactions was documented by the high and statistically significant amount of
information conveyed from the past states of HP and SAP to the current HP value, detected in all subjects and
experimental conditions (Figs. 2, 3). The PI increased significantly with postural stress, as a result of an increase
of the measures reflecting both the regularity of HP and the coupling with SAP. On the contrary, the PI did not
change substantially with mental stress, reflecting a balance between mild tendencies to higher regularity of HP
and lower coupling between HP and SAP. These results are obtained by analyzing the trends of the measures of
regularity (SE, cSE) and directed coupling (CE, TE) obtained from the MI-based decomposition of the PI, and
confirm previous finding in the literature [8, 23, 26, 27, 30, 59–61]. Specifically, it is well-known that the shift in
the sympatho-vagal balance toward sympathetic activation and parasympathetic deactivation induced by postural
stress is reflected by a higher regularity of the HP dynamics [26, 27, 62] and a higher causal coupling between
SAP and HP [8, 23, 63]. Previous studies have also documented that the regularity of HP and the coupling from
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SAP to HP are barely affected by mental workload [59, 64], indicating a less evident neuroautonomic modulation
in this case.

The utilization of PID allowed us to refine the above results identifying the information atoms which are related
to stress-induced variations of information dynamics. The first important finding was that the increased regularity
of HP observed evidently during head-up tilt and mildly during mental workload is due to the unique information
of the HP process, while the shared information (synergistic or redundant) may mask the variations of SE and cSE
especially during mental workload (Figs. 2, 3). This indicates the unique information of HP as a better marker
than information storage of the sympathetic activation induced by postural and mental stress. Moreover, PID
highlights that the tilt-induced increase in CV coupling documented by the higher CE and TE from SAP to HP is
driven by an increase of both the redundant and the synergistic shared information; also the reduced CE detected
during MA by the model-based method is associated with a concomitant decrease of the redundant information.
This suggests that the shared information of SAP and HP, more than the unique information of SAP, is crucial to
sustain the SAP-HP directed coupling and its changes related to stress.

Physiologically, these results could be linked to previously hypothesized mechanisms of generation of slow, regular
oscillations in HP variability, i.e. the presence of low-frequency oscillations at a central level in the brainstem which
are transmitted to the sinus node [56], or to a resonance of short-term regulation of arterial pressure sustained
by closed-loop interaction between SAP and HP [55]. Specifically, independent mechanisms of central origin are
compatible with the presence of unique information within HP, while vascular resonance could be supported by
redundant and especially synergistic information shared between SAP and HP. These associations would suggest
that both mechanisms are present in resting humans, and are enhanced by physiological stress.

5.3 Assessment of cardiorespiratory dynamics via predictive information decomposition

The analysis of joint CR dynamics documented that the PI of HP given its past and the past of RESP was always
statistically significant and displayed an evident increase during head-up tilt as well as a tendency to decrease
during mental workload (Figs. 5, 6). These trends resulted from an increase of the measures reflecting the regularity
of HP (SE, cSE) induced by tilt and of a decrease of the measures reflecting the coupling with RESP (CE, TE)
induced by the mental arithmetic task. Similar alterations of information measures reflecting the regularity of HP
dynamics during orthostatic stress and cardiorespiratory interactions during both orthostatic stress and cognitive
load were observed in previous studies [59], and related to the known decrease of parasympathetic activity mainly
observed with these types of physiological stress [13, 65].

The decomposition of CR information dynamics performed by PID confirmed the impact that the unique
contribution of the past of HP to its present has on the increased regularity during postural stress, and indicated
the shared information (both redundant and synergistic) as the determinant of the lower coupling directed from
RESP to HP observed during mental stress. These results are in line with those obtained in the analysis of
CV interactions as regards the main roles played by the unique and shared information in driving measures of
regularity and coupling, respectively. Physiologically, the unique information of HP assumes the same meaning as
in the CV analysis, reflecting self-dependencies within the HP that are independent of respiration and are thus
likely related to the low frequency interplay between theMayer waves of arterial pressure and the heart rhythm [53,
55, 56]. On the other hand, CR dynamics results mainly from the effect of the respiratory input on the short-term
variability of heart rate, which is exerted over two distinct pathways: the direct effect on the sinus node of the
respiratory rhythms generated at a central level [57], and the reflex modulation of the sinus node in response to
arterial pressure changes mechanically induced by respiration [58]. The analyzed redundant and synergistic shared
information should incorporate effects occurring along both these pathways, since arterial pressure variability is
not included in the study of CR dynamics and thus cannot be disentangled. Future work is envisaged to investigate
more complex multivariate interactions through a PID with three source variables.

5.4 Methodological considerations

The present work integrates PID within the decomposition of the predictive information of a bivariate dynamic
system. It is important to acknowledge that the PID framework is not univocal as regards the definition of
redundancy that needs to be provided to solve the PID equations. In the rich literature about PID, several works
have proposed alternative measures of redundancy, which are grounded in a multitude of different and partly non-
compatible desiderata [35, 66]; as a consequence, quantitative results may depend on the formulation adopted. In
this work, the proposed approach to decompose the PI of cardiovascular time series was implemented according to
two redundancy definitions, which entail also the use of different estimation approaches: the model-free computation
of the specific MI redundancy [34], and the model-based computation of the minimum MI redundancy [36]. When
implemented on short realizations like in this case according to the typical setting of cardiovascular variability
studies featuring time series of 300 heartbeats, the two strategies deal with computational issues (mainly, the
curse of dimensionality) in a different way [67]: the model-based approach can afford longer memories since it
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relies on the compact model structure where only few parameters need to be estimated from data, at the price of
losing the capability to detect strongly nonlinear behaviors; the model-free approach discretizes the amplitude of
the time series samples and limits the memory to an extent that is compatible with the estimation of probability
distributions in multi-dimensional spaces.

The fact that the two approaches provide in most cases consistent outcomes, with similar changes detected in
both standard (MI-based) and novel (PID-based) measures, highlights that nonlinearities may play a negligible role
for the specific application and dataset taken into account. This documents the robustness of the obtained findings
at varying the definition of redundancy adopted, the estimation strategy and the parameter setting. One notable
exception is the detection of a certain number (up to more than 40% of subjects) of statistically significant values of
the unique information from RESP to HP detected only by the model-free approach. This may be indicative of the
appropriateness of the redundancy measure based on the specific MI, as the minimum MI typically overestimates
redundancy at the price of smaller unique contributions [68], and of the presence of nonlinearities of respiratory
effects, which have been previously hypothesized [69, 70] and here could not be detected by the linear model-based
method.

Another methodological remark regards the model order selection in the model-based approach, performed in
this work using the AIC criterion while scanning a relatively high number of delays (up to 12). This approach
should ensure that the model captures all the time-lagged effects that typically occur with different maximum
latency within and between HP and SAP due to their different complexity [71].

Finally, it is worth noting that the redundancy–synergy balance, plotted in Fig. 7, reveals a predominance of
synergistic over redundant contributions. This result, together with the generally small unique effects, suggests
that CV and CR causal interactions typically evidenced by the transfer entropy [22, 72] are sustained mostly
by a complex synergistic interplay between the driver (SAP or RESP) and the target HP. The detection of net
synergy marks a difference with previous studies on CV and CR interactions, instead reporting redundancy as
typically dominant [73]. This different behavior can be attributed to the inclusion, in our framework, of the target’s
own past as one of the sources, which appears to enhance synergistic interactions among the considered processes.
Therefore, our results derived from the PID analysis of bivariate time series do not contradict the general tendency
of cardiovascular-respiratory interaction to highlight prevalent redundancy over synergy shown by methods working
on triplets of time series [73, 74]. Moreover, it is worth emphasizing that the concept of synergy quantified by
PID and information-theoretic measures applied to time series data reflects a structure of statistical dependence
among random variables, which does not necessarily imply the existence of direct mechanistic synergy in the rules
governing the causal evolution of the analyzed system. The distinction between these two complementary concepts
of synergy is at the core of the comparison between high-order mechanisms and high-order behaviors [75], and
constitutes an active area of research also in the context of cardiovascular variability analysis [76].

6 Conclusion

This work introduced a novel application of the PID framework to information decomposition in dynamic bivariate
systems, aimed to achieve a better dissection of internal and coupled dependencies than that guaranteed by
classical decompositions based on Shannon mutual information. The new formulation evidences that, even if PI
and its traditional decomposition terms (i.e., SE, cSE, TE, and CE) often explain well expected behaviors, their
conventional interpretation as purely causal indicators, reflecting information uniquely attributable to the target
by its past or the driver’s past, can be intrinsically ambiguous. When applied to the dynamics of CV and CR
control systems probed in young healthy subjects at rest and during orthostatic stress and cognitive load, the
new framework highlights that the target HP dynamics are inherently driven by their internal history considered
individually or in combination with the history of the putative driver dynamics (either SAP or RESP) producing
higher-order interactions.

Overall, the proposed framework bridges a gap in information-theoretic computational physiology by disen-
tangling how information is distributed, co-localized, and jointly generated within interconnected physiological
networks. Beyond methodological innovation, the proposed approach offers a new interpretive key for under-
standing how autonomic control emerges from multiple dynamical sources. Future works should also envisage the
spectral decomposition of PID (also using the corresponding measures for random processes [77, 78]) to HP and
SAP variability in order to provide further physiological insights. Additionally, since the setting of the latency of
interactions plays an important role in CR interactions, as the HP-RESP relation depends on respiratory rate [79],
future studies could be designed to test physiologically plausible delays in both the RESP→HP and HP→RESP
directions, thus also assessing the role of latencies in closed-loop CR dynamics. Finally, future extensions to mul-
tivariate and pathological data may establish the balance among unique, redundant, and synergistic information
as a sensitive indicator of altered network coordination and loss of physiological adaptability.
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respiratory interactions in heart failure patients: effects of arrhythmias and cardiac resynchronization therapy. Entropy
25(7), 1072 (2023)

18. J.T. Lizier, The Local Information Dynamics of Distributed Computation in Complex Systems (Springer Science &
Business Media, Cham, 2012)

19. W. Bialek, I. Nemenman, N. Tishby, Predictability, complexity, and learning. Neural Comput. 13(11), 2409–2463 (2001)
20. L. Faes, G. Mijatovic, L. Sparacino, A. Porta, Predictive information decomposition as a tool to quantify emergent

dynamical behaviors in physiological networks. IEEE Trans. Biomed. Eng. 72(12), 3515–3524 (2025)
21. M. Wibral, R. Vicente, J.T. Lizier, Directed Information Measures in Neuroscience, vol. 724 (Springer, Berlin, 2014)
22. L. Faes, A. Porta, G. Nollo, Information decomposition in bivariate systems: theory and application to cardiorespiratory

dynamics. Entropy 17(1), 277–303 (2015)
23. L. Faes, D. Kugiumtzis, G. Nollo, F. Jurysta, D. Marinazzo, Estimating the decomposition of predictive information in

multivariate systems. Phys. Rev. E 91(3), 032904 (2015)
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