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Abstract— Objective: This work introduces a framework
for multivariate time series analysis aimed at detecting and
quantifying collective emerging behaviors in the dynam-
ics of physiological networks. Methods: Given a network
system mapped by a vector random process, we compute
the predictive information (PI) between the present and
past network states and dissect it into amounts quantifying
the unique, redundant and synergistic information shared
by the present of the network and the past of each unit.
Emergence is then quantified as the prevalence of the
synergistic over the redundant contribution. The frame-
work is implemented in practice using vector autoregres-
sive (VAR) models. Results: Validation in simulated VAR
processes documents that emerging behaviors arise in
networks where multiple causal interactions coexist with
internal dynamics. The application to cardiovascular and
respiratory networks mapping the beat-to-beat variability
of heart rate, arterial pressure and respiration measured at
rest and during postural stress reveals the presence of sta-
tistically significant net synergy, as well as its modulation
with sympathetic nervous system activation. Conclusion:
Causal emergence can be efficiently assessed decompos-
ing the PI of network systems via VAR models applied
to multivariate time series. This approach evidences the
synergy/redundancy balance as a hallmark of integrated
short-term autonomic control in cardiovascular and respi-
ratory networks. Significance: Measures of causal emer-
gence provide a practical tool to quantify the mechanisms
of causal influence that determine the dynamic state of
cardiovascular and neural network systems across distinct
physiopathological conditions.

Index Terms— Cardiovascular control, causal emer-
gence, multivariate time series analysis, network physiol-
ogy, partial information decomposition, redundancy and
synergy, vector autoregressive models.
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IN recent years, the development of biomedical signal pro-
cessing methods has seen a shift towards the multivariate

analysis of physiological time series collected simultaneously
from the biological system of interest. This approach is indis-
pensable in the field of Network Physiology [1], [2], which
aims to understand interactions among diverse physiological
systems and how integration among systems leads to the
emergence of physiological states. In this field, multivariate
time series analysis methods are frequently applied, for in-
stance to investigate how network interactions between diverse
physiological systems (e.g., brain-heart [3], cardio-muscular
[4], cardiovascular and cardiorespiratory [5]) are modulated
by the changes in the neural autonomic control occurring in
different physiopathological conditions (e.g. across sleep states
[1], [6], or in the transition from rest to stress [7]–[9]).

In the multivariate analysis of physiological time series,
an important issue is how to detect and dissect the variety
of complex collective behaviors that can emerge out of the
interaction among the multiple units composing the observed
network. In this context, two main approaches are used for
the analysis of dynamic network systems. The first consists in
characterizing connectivity by computing a big variety mea-
sures of the interaction between pairs of time series (see, e.g.,
[10], [11]) and then analyzing the graph of the resulting pair-
wise connections with properly defined “network measures”
[12]. The second approach investigates integration through the
computation of one-dimensional (single-value) metrics (see,
e.g., [13], [14]) obtained comparing the collective network
dynamics with the dynamics of individual (groups of) units.
In spite of their widespread diffusion, these two approaches
present some shortcomings that limit their usability for the
collective analysis of network behaviors: pairwise connectivity
methods neglect high-order interactions possibly shaping the
overall network dynamics [15], while integration measures are
difficult to interpret in empirical network analyses because
they have been shown to behave inconsistently [14].

Here, we argue that the main approaches to multivariate
time series analysis described above are inherently limited
as regards the assessment of collective emergent behaviors
in network systems. Indeed, the concepts of connectivity and
integration reflect how the analyzed system is interconnected,
thus putting focus on the links between the units rather than
on the system as a whole. On the other hand, according to the
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recent theory of causal emergence [16], measures of emergent
behaviors should investigate whether the future state of a
network system can be predicted better from the collective
dynamics of all its units rather than from the dynamics of
single units analyzed individually. Following this intuition,
the present work introduces an information-theoretic method
to assess, in dynamic network systems mapped by vector
random processes, how collective behaviors emerge in the
transition from past to future states. To do this, we leverage
information decomposition [17], [18] applied to the random
variables mapping the temporal evolution of the analyzed
system. Specifically, we decompose the predictive information
[19] shared between the present state of the whole system
(vector ‘target’ variable) and the past states of each subsystem
(‘source’ variables) to assess the balance between synergistic
and redundant high-order interactions. In the frame of infor-
mation theory, redundancy and synergy measure respectively
the overlapped information conveyed to the target simultane-
ously by all sources, and the information conveyed by all
sources taken together but not in isolation. Here, the syn-
ergy/redundancy balance is computed following two alterna-
tive approaches: the whole-minus-sum (WMS) decomposition
[17], which provides a direct calculation by elaborating mutual
information terms; and the partial information decomposition
(PID) [18], which quantifies separately the synergistic and
the redundant information terms and also returns the unique
information that is held by each source but not by the others.

The proposed approach is formalized in the so-called frame-
work of Predictive Information Decomposition (PrID), which
is implemented in a data-efficient way in the context of linear
modeling of multivariate time series [20], [21], and tested
in theoretical examples to illustrate how emerging collective
behaviors are related to the causal mechanisms shaping the
connectivity structure of the analyzed network. Then, it is
employed in a paradigmatic application in the field of com-
putational physiology, i.e. the study of cardiovascular and
respiratory networks probed measuring the time series of heart
period, systolic and diastolic arterial pressure, and respiratory
variability in different physiological conditions [22]. While
these networks have been largely studied using pairwise and
higher-order measures [20]–[23], here they are analyzed for
the first time from the perspective of causal emergence.

II. PREDICTIVE INFORMATION DECOMPOSITION

Given a network system X composed by N interacting
units, with dynamical activity described by the stationary
vector random process X = {X1, . . . , XN}, let us denote
as Xn = [X1

n · · ·XN
n ]⊺ and X<n = [X1

<n · · ·XN
<n]

⊺ the
vector random variables sampling the processes at the present
time n and at the past times n − 1, n − 2, . . ., respectively
(see Fig. 1a for a graphical representation). In the framework
of information dynamics, the total amount of Shannon in-
formation that is transferred through the analyzed processes
from past to present is given by the mutual information (MI)
between the present and past states, denoted as I(Xn;X<n)
[19]. This measure, which we denote as predictive information
(PI), quantifies the degree of predictability of the present

state of the network given its own past states; it extends
to multivariate processes the information storage of the ith

scalar process, I(Xi
n;X

i
<n) [24]. In this work, to assess how

the current state of the analyzed system emerges from the
joint temporal evolution of its subsystems, we perform PrID
decomposing the PI into terms quantifying the contribution of
the history of each individual process (described by the source
variable Xi

<n, i = 1, . . . , N ) to the present state of the system
(described by the target variable Xn), and terms quantifying
how the N source variables in X<n interact collectively to
determine the target variable Xn through high-order effects.
If such high-order effects have synergistic nature, the behavior
of the network system is regarded as emergent [16].

A. Whole-minus-sum decomposition

To decompose the PI, we first consider a so-called whole-
minus-sum (WMS) approach, developed following the princi-
ple of many information-theoretic approaches to multivariate
analysis which compare the values of an information measure
when it is computed for the whole system or is summed over
its parts [17]. This strategy leads us to decompose the PI as

I(Xn;X<n) =

N∑
i=1

I(Xn;X
i
<n) + ∆WMS(Xn;X<n), (1)

where I(Xn;X
i
<n) quantifies the information shared between

the present state of the whole network and the past states of
its ith unit. The term ∆WMS(Xn;X<n) arises from the fact
that the PI is generally different than sum of the MI terms.
This quantity reflects the synergy/redundancy balance of the
informational circuits linking the target Xn to the sources
Xi

<n: if the past states of X contribute more to its present
when they are taken separately we have ∆WMS < 0, denoting
prevalence of redundancy; if on the contrary the present of
X is better described considering its own past as a whole we
have ∆WMS > 0, denoting prevalence of synergy and thus
presence of emergent behaviors in the network.

The decomposition (1) has the advantage of simplicity, as
it can be implemented solely by computing MI terms. Its
drawback is that it conflates synergy and redundancy in one
single measures and, as we will see in the next sections, it
overestimates redundancy as the network size grows.

B. Partial information decomposition: formulation

As an alternative to (1), we propose to decompose the PI
through a PID approach [18]:

I(Xn;X<n) =

N∑
i=1

U(Xn;X
i
<n)+R(Xn;X<n)+S(Xn;X<n),

(2)
where the terms R(Xn;X<n) and S(Xn;X<n) explicitly
quantify the redundant and synergistic information brought
to the target variable Xn by the source variables collected in
X<n, while U(Xn;X

i
<n) quantifies the unique information

brought to Xn by the ith source Xi
<n. Besides (2), the PID

formulates a set of N additional equations stating that the
information shared between each source and the target is in
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Fig. 1. Graphical depiction of PID-based Predictive Information Decomposition. (a) Schematic of the random variables collected to describe the
present state of the analyzed network system (green) and the past states of each constituent unit (gray). (b,c) Standard PID lattices defined for
N = 2 and N = 3 sources, depicting the information atoms and the ordered connections identifying the atoms to be summed to determine the
redundancy function (purple: atoms determining the redundancy of the first source, I∩({1}) = I(Xn;X1

<n)). (d,e) Coarse graining of the PID
atoms identifying the unique (yellow), synergistic (blue) and redundant (red) components providing an exact decomposition of PI.

part unique to that source and in part redundant with the other
sources:

I(Xn;X
i
<n) = U(Xn;X

i
<n) +R(Xn;X<n); (3)

note that the N +1 equations in (2,3) do not suffice to deter-
mine unequivocally the N + 2 unknown quantities evidenced
by (2). This indeterminacy is addressed by solving the PID as
shown in the next subsection.

Since the PID (2) provides separate redundant and syner-
gistic contributions, it allows to straightforwardly quantify the
balance between synergy and redundancy as

∆PID(Xn;X<n) = S(Xn;X<n)−R(Xn;X<n). (4)

While the presence of strictly positive synergy is a sufficient
condition for a network system to exhibit emergent behavior
[16], here we take the balance ∆PID as a ”strong” measure of
emergence. Crucially, even if ∆PID is conceptually similar to
the measure ∆WMS appearing in (1), it gives a better account
of the balance between synergistic and redundant higher-order
interactions in the analyzed system. This is demonstrated
inserting (2) and (3) in (1) to derive

∆WMS(Xn;X<n) = S(Xn;X<n)− (N − 1)R(Xn;X<n),
(5)

which shows that ∆WMS is equivalent to ∆PID only when
N = 2 sources are considered, while it counts redundancy
multiple times for N ≥ 3.

C. Partial information decomposition: solution

The PID decomposition (2) is appealing because it puts
in evidence non-negative terms which can be related to how
Xn emerges from the interactions among the components of
X<n. However, contrary to the WMS decomposition (1), the
information terms of the PID identified on the r.h.s. of (2)
cannot be obtained using only classical Shannon’s information
measures. To solve the PID formulated in (2,3), we follow the
seminal works of Williams and Beer [18] and Rosas et al.

[16]. Specifically, the PID is addressed by constructing a so-
called redundancy lattice over the set of all combinations of
source variables [18], and then aggregating the information
associated to specific elements of such set according to a so-
called ”coarse graining” approach [16].

The PID decomposes the MI between the target variable
and the set of N source variables as the sum of non-negative
terms (information atoms); each atom identifies a combination
of sources taken separately or together. In our case, being Xn

the target and Xi
<n, i = 1, . . . , N , the sources, the PID realizes

the following decomposition of the PI:

I(Xn;X<n) =
∑
α∈A

Iδ(X
α
<n), (6)

where Iδ(X
α
<n) is the information brought to Xn by the atom

α, and the set of all atoms A collects all the subsets of
{1, . . . N} where no elements is contained in another [18].
Figs. 1b and 1c show the lattice structure for the cases of
N = 2 and N = 3 processes.

Besides the lattice, the PID defines a so-called redundancy
function which quantifies the amount of overlapping infor-
mation about the target that is common to a set of sources.
For a given atom α ∈ A, the redundancy is the sum of the
information associated to α and all the atoms connected to it
downwards in the lattice:

I∩(X
α
<n) =

∑
β⪯α

Iδ(X
β
<n); (7)

examples of computation of I∩(X
1
<n) for the cases N = 2

and N = 3 are reported in Fig. 1b and Fig. 1c, respectively.
Given (7), the information associated with the atom α can be
derived straightforwardly from the redundancy of that atom
and from the information of the atoms positioned below in
the lattice, i.e. Iδ(Xα

<n) = I∩(X
α
<n) −

∑
β≺α Iδ(X

β
<n), thus

providing an iterative way to derive the information of the
various atoms. In practice, the information associated with all
atoms is obtained through a Moebius inversion applied to the
redundancy values [18].
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Thus, the PID is solved once a measure of redundant
information I∩(·) is specified. Among several possibilities, in
this work where we implement our framework focusing on
linear Gaussian systems (see Sect. III-A) we follow the min-
imum MI (MMI) PID strategy [25]. Accordingly, we define
the redundant information of the generic atom containing J
subsets of sources, α = {α1, . . . αJ} ∈ A, as the minimum of
the MI shared by the past of the subsystems identified by each
subset αj , i.e. Xαj

<n, and the present of the whole system:

I∩(X
α
<n) = min

j=1,...,J
I(Xn;X

αj

<n). (8)

Once the information of each atom is computed, it needs to
be associated to the unique, redundant and synergistic terms in
(2) to complete the decomposition. To do so, we coarse-grain
the PID summing Iδ(X

α
<n) over the atoms satisfying the crite-

ria defined in [16] (first order coarse-graining): U(Xn;X
i
<n)

is the information carried by Xi
<n about Xn that no other

source Xj
<n, j ̸= i, has on its own; R(Xn;X<n) is the

information that is held by at least two sources Xi
<n and Xj

<n,
i ̸= j, taken individually; S(Xn;X<n) is the information that
is not carried by any individual source Xi

<n when considered
separately from the rest. These aggregation rules result in
the unique, redundant and synergistic information shown in
Fig. 1d,e; note that, while for the case of two sources there
is one-to-one correspondence between the terms in (2) and
in (6), the coarse graining is crucial when more sources are
considered: for N = 3, each unique term sums the information
of two atoms and the synergistic and information terms gather
information respectively from 8 and 4 atoms.

III. PRACTICAL COMPUTATION

A. Formulation for Gaussian Systems

In this work, the practical implementation of the PI de-
compositions defined in Sect I is performed exploiting the
exact formulation for the MI holding for multivariate processes
with Gaussian distribution [20], [21], [26]. Specifically, if the
variables sampling the zero-mean vector process X have a
joint Gaussian distribution, the statistical dependencies be-
tween them are fully accounted by the vector autoregressive
(VAR) model of order p defined as

Xn =

p∑
k=1

AkXn−k + Un, (9)

where Ak is a N ×N matrix model coefficients relating the
present of the processes with their past at lag k, and U is an
N−dimensional white noise process with covariance matrix
ΣU . Given the representation in (9), the PI can be formulated
analytically as [13], [26]

I(Xn;X<n) =
1

2
log

|ΣX |
|ΣU |

, (10)

where ΣX is the covariance matrix of the original process X .
Moreover, starting from the full VAR representation (9),

several restricted models can be identified, each of them
describing how the present state of the whole network system
depends on the past states of one or more subsystems. For the

generic subset of M processes XM ⊂ X , the restricted model
relating Xn to XM

<n is formulated as

Xn =

q∑
k=1

AM
k XM

n−k +WM
n , (11)

where the model order q is theoretically infinite, the N ×M
coefficient matrix AM

k relates the present of X to the past of
XM assessed at lag k, and WM is an N -dimensional noise
process with covariance matrix ΣWM . Then, from the reduced
model (11), the MI between the present of X and the past of
XM is computed in analogy to (10) as

I(Xn;X
M
<n) =

1

2
log

|ΣX |
|ΣWM |

. (12)

Any reduced reduced model in the form of (11) describing the
contribution of a given set of processes to the future evolution
of the network can be identified from the parameters of the full
model (9) by the procedure described in detail in [26]; briefly,
the procedure first infers the time-lagged covariance structure
of the full model (9) by solving a discrete-time Lyapunov
formulation of its Yule-Walker equations, and then prunes the
covariance matrices to derive the covariance structure of the
restricted model (11) as well as its parameters via the solution
of the relevant Yule-Walker equations.

The procedure described above has the important advantage
that it only relies on the identification of the parameters of the
full model (11), i.e. Ak and ΣU , which is typically performed
applying the ordinary least squares method to the available
set of time series and selecting the order p via information-
theoretic criteria [27]. Then, the parameters of any restricted
model as in (11) can be obtained, setting an arbitrarily large
order q, without the need to re-identify such models from
subsets of time series. This approach greatly enhances the
computational reliability of the analysis of causal emergence
based on linear VAR models, making it preferable over model-
free implementations that are more general but also much more
data-demanding [9]. It is also worth noting that, since fitting a
VAR model assumes linearity in the modeled interactions but
not in the analyzed processes, VAR models can be fruitfully
exploited to detect nonlinear dynamic interactions, though at
the expense of increasing considerably the model order [28].

B. Theoretical Example

The PrID framework can be illustrated in network Gaussian
systems whose evolution over time is mapped by a VAR
process in the form of (9), for which the WMS and PID
decompositions can be computed analytically from the the-
oretical values imposed for the VAR parameters. Here, we
consider a VAR model of order p = 2 fed by N = 3
independent Gaussian noises with zero-mean and unit variance
(ΣW = I3). The dynamics of the output processes X =
{X1, X2, X3} result from the coefficients ai modulating the
self-dependencies (set at lag 2) of the process Xi, and from
the coefficients cji modulating the causal interactions set at
lag 1 from Xi to Xj (i, j ∈ {1, 2, 3}, i ̸= j; connectivity
matrices in Fig. 2a).
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The simulation was performed at varying the strength of
the causal coupling from X1 to X2 and X3 modulated by
the parameters c21 ∈ [0, 0.5] and c31 ∈ [0, 0.5], with fixed
internal dynamics of the three processes (a1 = a3 = 0.5,
a2 = 0.15) and bidirectional interactions between X2 and X3

(c32 = 0.15, c23 = 0.5). The results of the WMS and PID
decompositions of the PI are reported in Fig. 2b-d. In the
case of bidirectional coupling X2 ↔ X3 with isolated X1

(c21 = c31 = 0), the PID highlights how the PI of Xn is
composed by unique information from X3 and prevalence of
synergy over redundancy. When a stronger causal coupling
from X1 to X2 and/or to X3 is simulated by increasing
c21 and/or c31, the growing amount of the PI due to X1

determines a decrease of the unique information contributed
by X3 and a rise of the unique information contributed by X1

(Fig. 2d). Moreover, the nature of the higher-order interactions
resulting from such stronger couplings depends on which
arm of the system is activated originating from X1: if the
coupling is increased towards X2 which produces less PI
(as a2 and c32 are small), then the net synergy is preserved
and tends to increase; if the coupling is increased towards
X3 which is more connected (as a3 and c23 are large), then
the net synergy progressively vanishes and net redundancy is
established (Fig. 2c). Remarkably, the presence of net synergy
cannot be inferred using the WMS decomposition (Fig. 2a).

These results highlight the complexity of the patterns of
multivariate interactions even in a simple low-dimensional
system with linear dynamics. Confirming preliminary inves-
tigations in bivariate systems [29], we find that the PI tends
to increase with the parameters modeling self-dependencies in
a process and cross-dependencies between processes. More-
over, several tests with varying network configurations reveal
that redundancy arises from the duplication of information
originating from the same source (e.g., via common-drive or
cascade directed interactions), while synergy emerges when
more sources contribute to the dynamics of the same target
process (e.g. through configurations with colliders). Therefore,
emergent behaviors are favored by the presence of multiple
causal effects (either causal interactions or self-dependencies)
pointing to the same target. Our simulations also highlight
that, although the WMS decomposition provides equal syn-
ergy/redundancy balance than the PID when N = 2 (see (5)),
the PID is recommended to investigate emergent behaviors in
the presence of more than two processes as it avoids double
counting redundancy in the computation of the balance.

IV. APPLICATION TO PHYSIOLOGICAL NETWORKS

The proposed PrID framework was applied to analyze the
dynamics of the physiological network underlying the short-
term regulation of the cardiovascular and cardiorespiratory
systems, assessed in the resting state and during postural stress
[20], [22]. The analyzed processes map the temporal evolu-
tion of important cardiovascular variables, i.e. heart period
(HP), systolic and diastolic arterial pressure (SAP, DAP), and
respiration (RESP). Thse variables are known to dynamically
interact, at the time scale of heartbeats, to preserve the home-
ostatic function of the human organism, reflecting a variety
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Fig. 2. Predictive Information decomposition in simulated Gaussian
system composed of three interacting processes X1, X2, X3. (a)
Schematic of the self-dependencies and causal interactions (orange and
green arrows), with matrices of the imposed VAR model parameters.
(b) Whole-minus-sum (WMS) decomposition showing the color-coded
values of the PI (left), the sum of the three MIs relevant to the individual
sources (middle), as well as their difference (right). (c,d) Partial Informa-
tion Decomposition (PID) of the PI evidencing the color-coded values
of the synergistic and redundant components and of their difference
(c, from left to right) and of the three unique components (d). Each
information measure in panels (b-d) is computed as a function of the
two coupling parameters linking X1 to X2 and X3.

of neuroautonomic and mechanical control mechanisms [22],
[30]. Here, we study how the overall behavior of cardiovas-
cular and cardiorespiratory networks emerges from high-order
interactions decomposing the predictive information through
the approach defined in Sect. II and implemented in Sect. III.

A. Experimental Protocol and Data Analysis
We consider a historical dataset comprising the variability

series of HP, SAP, SAP and RESP measured in 61 young
healthy subjects (37 females, 17.5±2.4 years) who underwent
a protocol including a phase of relaxation in the resting
supine position (SU), followed by a phase of postural stress
in the 45◦ upright position (UP) reached by passive head-up
tilt. The time series were synchronously measured from the
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electrocardiogram (ECG, lead II on the thorax), finger arterial
pressure (AP, recorded via the photoplethysmographic volume-
clamp technique) and respiratory signal (recorded via in-
ductive plethysmography) acquired simultaneously (sampling
frequency of 1 KHz) as follows: the present HP sample, Hn,
was taken as the duration of the interval between the nth and
(n+1)th heartbeats detected as the time occurrences of the R-
peaks of the ECG; the present SAP and DAP samples, Sn and
Dn, were taken as the maximum value of the AP waveform
inside the interval Hn and as the following minimum AP
value; the present RESP sample, Rn, was taken as the value
of the respiratory signal taken at the onset of the interval Hn.
After measurement, segments of consecutive 300 samples of
the four series were selected synchronously for each subject
in both the SU and UP conditions. To remove artifacts and
favor the fullfillment of stationarity, the time series were
pre-processed detecting and removing outliers, and applying
a zero-phase IIR high-pass filter with cutoff frequency of
0.0107 cycles/beat (optimized to remove slow trends while not
interfering with physiological dynamics). Full details about the
study group, experimental protocol and time series extraction
are provided in [20], [22].

Here, the variability series were grouped in triplets
to study vascular-respiratory interactions using SAP, DAP,
RESP, cardiovascular interactions using SAP, DAP, HP, and
cardiovascular-respiratory interactions using SAP, HP, RESP.
To this end, the PrID framework was applied three times
for each subject and experimental condition, identifying the
network process X = {X1, X2, X3} in the three cases as
X = {S,D,R}, X = {S,D,H}, and X = {S,H,R}. In
each case, the three analyzed time series were reduced to zero
mean and then fitted with a VAR model in the form of (9); the
model was identified performing least squares estimation of
the parameters Ak and ΣU , setting the order p according to the
Bayesian Information Criterion [31]. The estimated parameters
were used together with the estimate of the covariance ΣX to
compute the PI via (10), as well as to identify the restricted
models (11) needed for the computation of the MI terms in
the WMS and PID decompositions according to the procedure
described in Sect. III-A; the order of the restricted models was
set to q = 20, a value typically sufficient to capture the decay
of the correlations for stable VAR processes [20], [26].

The statistical significance of the PI and of each term in the
WMS and PID decompositions was assessed using a test based
on surrogate data. Specifically, for each subject, condition and
analyzed triplet, surrogates of the three analyzed time series
were built by shuffling randomly the samples of the series;
the same random permutation was applied to the three series,
in order to maintain correlations at zero lag which are not
quantified by the PI. One hundred surrogate time series were
generated in this way, and then a significance test based on
percentiles was run with 5% significance: any considered non-
negative measure (e.g., the PI) was deemed as statistically
significant if its estimate obtained for the original series was
above the 95th percentile of the distribution derived from the
surrogates; when applied to the synergy/redundancy balance
∆WMS and ∆PID, the two-tail implementation of the test was
performed comparing the original measure with the 2.5th and
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Fig. 3. Whole-minus-sum decomposition of the predictive information of
physiological networks. Each panel reports the distributions (boxplot and
individual values) of the PI between the present and the past network
states (a) or the MI between the present network state and the past of
the ith unit (i = 1: red; i = 2: green; i = 3: blue) (b), computed
in the supine (SU) and upright (UP) conditions for the cardiovascular
(left panels), vascular-respiratory (middle panels) and cardiovascular-
respiratory (right panels) networks. The percentage of subjects for which
each measure was detected as statistically significant is reported below
its distribution. #, p < 0.05 SU vs. UP.

97.5th percentiles of the surrogate distribution.

B. Results and Discussion

The results of the PrID decomposition performed using the
WMS and PID approaches are reported in Figs. 3-5, showing
the distributions across subjects of the various measures of
information dynamics computed for each selected triplet of
time series (i.e., {S,D,R}, {S,D,H} and {S,H,R}) in the
two analyzed conditions SU and UP. For each measure, the
percentage of subjects (out of 61) for which the measure
was detected as statistically significant according to surrogate
data analysis is reported above the distribution. Moreover,
statistically significant variations in the transition from SU to
UP, assessed for each measure by the Wilcoxon signed rank
test, are marked with the # symbol.

1) WMS approach to PI analysis: Fig. 3 reports the results
of the analysis based on the standard MI measures used to
implement the WMS decomposition. The PI I(Xn;X<n) was
high and statistically significant for all triplets of series in
both conditions, and increased significantly moving from SU
to UP (Fig. 3a). The MI contributions to the overall dynamics
computed using only one predictor time series were also
statistically significant in all cases (Fig. 3b); the MI terms
were higher for the AP processes D and S than for the cardiac
and respiratory processes H and R, and showed a statistically
significant increase from SU to UP for S, H and R.

These results document the presence of significant predic-
tive information in the analyzed cardiovascular and respiratory
networks, and their strengthening induced by postural stress.
These trends confirm previous findings based on univariate and
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Fig. 4. Partial information decomposition of the predictive information
of physiological networks. Each panel reports the distributions (boxplot
and individual values) of the unique information provided to the present
network state by the past of the ith unit (i = 1: red; i = 2: green;
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cardiovascular-respiratory (right panels) networks. The percentage of
subjects for which each measure was detected as statistically significant
is reported below its distribution. #, p < 0.05 SU vs. UP.

multivariate analyses documenting the predictability of phys-
iological dynamics due to the action of several physiological
control mechanisms, and the reduction in the complexity of
such dynamics occurring with postural stress [8].

2) PID approach to PI decomposition: The contributions of
the parts to the dynamics of the whole system describing the
analyzed networks emerge more evidently from the analysis
of the PID measures reported in Fig. 4. In particular, the
unique information evidenced better than the MI the role of the
individual processes in predicting the network evolution (Fig.
4a): in the SU condition, the largest unique contributions were
given by DAP to the networks {S,D,R} and {S,D,H}, and
by SAP to the network {S,H,R}; moving from SU to UP the
unique contributions became more balanced, with significant
decreases for DAP in the networks {S,D,R} and {S,D,H}
and for SAP in the network {S,H,R}, and significant increase
for HP in the networks {S,D,H} and {S,H,R}. Physiolog-
ically, the prominent unique contribution of DAP and SAP to
the state of the overall system can be explained considering
that AP is the primary target of cardiovascular regulation
[32], and its main oscillations due to self-regulation loops
prevail in physiological variability [30]. On the other hand,
the increased importance of unique HP contributions during
postural stress can be related to the fact that also HP becomes
a target of the regulation in this condition, due to enhanced
sympathetic activity and baroreflex control which emphasize
the predictable oscillations of heart rate [7], [8].

As regards the redundant and synergistic dynamics, both
these contributions to the PI were statistically significant and
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is reported above (below) its distribution in the case of significant net
synergy (redundancy). #, p < 0.05 SU vs. UP.

higher than the unique terms for all triplets in both conditions;
moreover, both redundancy and synergy increased significantly
moving from SU to UP (Fig. 4b). Thus, while unique con-
tributions of the vascular dynamics (and also the cardiac
dynamics during tilt) play a role in driving overall variability,
the highest predictive capacity is provided by redundant and
synergistic interactions, which are emphasized by postural
stress. The nature of these high-order interactions, which have
been documented in several previous studies [33]–[35], can be
better elucidated looking at the synergy/redundancy balance.

3) Synergy/redundancy balance: Fig. 5 reports the distri-
bution of the synergy/redundancy balance computed using
the WMS and PID, showing markedly different results for
the two approaches. Using the WMS decomposition, the
balance measure is largely negative for all triplets, suggesting
the dominance of redundancy, and is not modulated by the
transition from SU to UP. On the other hand, the PID approach
revealed different patterns for the three analyzed physiological
networks: for {S,D,R}, redundancy was prevalent in both
conditions; for {S,D,H}, redundancy was prevalent during
SU and synergy was prevalent during UP; for {S,H,R},
synergy was prevalent in both conditions. Moreover, the syn-
ergy/redundancy balance increased significantly moving from
SU to UP in all the analyzed networks.

The patterns of net redundancy observed using the WMS
measure are in agreement with several previous findings
consistently documenting a large prevalence of redundancy
over synergy across different methods of assessment, cardio-
vascular variables analyzed and experimental conditions [23],
[33]–[37]. These findings were commonly explained by the
evidence of common-drive modulatory effects, e.g. due to
respiration and/or sympathetic activity, impacting the short-
term cardiovascular regulation. However, our results suggest
that the balance between synergy and redundancy, if computed
using the PID and considering the collective present state
and the individual past states as target and source variables,
highlights previously unreported, network-specific modes of
cardiovascular interaction which can be related to causal
emergence (Fig. 6). In vascular-pulmonary networks probed
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by SAP, DAP and RESP (Fig. 6, left), the balance is shifted to-
wards dominant redundancy, likely reflecting the unidirectional
nature of the mechanical influences of respiration on arterial
pressure (via the effects on lung volume and intrathoracic
pressure [38]) and of diastolic over systolic pressure (via
the effect of end-diastolic left ventricular volume on cardiac
contraction [22]). In cardiovascular networks probed by SAP,
DAP and HP (Fig. 6, middle), the balance moves from
predominant redundancy at rest to predominant synergy during
tilt, reflecting the enhancement of closed-loop interactions
between SAP and HP and the decrease of respiration-related
effects and the baroreflex activation occurring with postural
stress [7], [22]. In cardiovascular-respiratory networks probed
by SAP, HP and RESP (Fig. 6, right), the balance is shifted to-
wards dominant synergy, suggesting the presence of emergent
collective behaviors that can be explained the coexistence of
several mechanisms impacting spontaneous variability; such
mechanisms include the mechanical influence of RESP on
SAP [38], the respiratory effects on HP known as respiratory
sinus arrhythmia [39], and the reciprocal influences between
HP and SAP manifested through baroreflex feedback and
mechanical feedforward mechanisms [7], [30]. These multiple
physiological effects are likely the factors underlying the
increase of synergy observed for all network configurations,
which is regarded as an indication of stronger emergence
capacity induced by the orthostatic stress.

The above results demonstrate that the synergy/redundancy
balance derived from the PID applied to the predictive in-
formation represents a peculiar feature of physiological net-
works, and in particular of the degree of sympathetic activity
assessed via short-term regulatory mechanisms in response
to postural stress. Previous works have shown how various
measures of cardiovascular and cardiorespiratory interaction
reflect changes in the sympatho-vagal balance with transitions
across physiological states [1], [9], [10], [22], [38]. These
measures can be linked to different physiological mechanisms
(e.g., baroreflex or cardiorespiratory coupling [7], [40]), but
also to different types of interaction between the same phys-
iological signals (e.g., different forms of cardiorespiratory
synchronization [41], [42]) which can be related to high-
order behaviors. In fact, synergistic and redundant high-order
interactions emerge from the interplay among the multiple
coexisting mechanisms giving rise to one form of coupling
(e.g., direct and baroreflex-mediated respiratory sinus arrhyth-
mia [43]), but it is also possible that they are influenced
by the interplay between different forms of coupling (e.g.,
respiratory sinus arrhythmia coexisting with phase synchro-
nization [41], [44]). In this context, future direct comparisons
between information-theoretic measures of high-order effects
and established markers of physiological coupling will greatly
help clarifying the complex dynamics resulting from multi-
organ interaction in different states and conditions.

V. CONCLUSIONS

This work introduces an information-theoretic tool to quan-
tify emergent high-order behaviors in dynamic network sys-
tems mapped by multivariate time series. Taking inspiration
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from the recently introduced theory of causal emergence [16],
our approach is based on dissecting the predictive information
of the observed network dynamics through partial information
decomposition. The main features of this approach are the
focus on temporal evolution, the investigation of collective
behaviors, and the explicit account of high-order interactions
through distinct synergy and redundancy measures. These
properties make our tool intrinsically different from most of
the existing approaches proposed to decompose multivariate
information in network physiology: standard WMS or PID
metrics [17] applied to random variables do not account for
temporal information; joint transfer entropy approaches [33],
even when based on PID [37], do not focus on collective
dynamics; integrated information measures [13], [45] do not
elicit high-order interactions explicitly; dynamic high-order
interaction measures like the O-information rate [46] cannot
separate synergy from redundancy.

The proposed approach allows quantifying both the in-
dividual contribution of each network unit to the overall
dynamics via unique information, and the collective high-
order contributions via redundant and synergistic information.
Following the principles of causal emergence [16], emergent
behaviors are assessed by synergy, and quantified in a strong
form when synergy prevails over redundancy. Our simulations
demonstrate that the presence of a positive synergy/redundancy
balance is a proxy of rich integrated dynamics determined by
coexisting multiple causality patterns and internal dynamics,
while conditions of unidirectional and common drive coupling
are reflected by net redundancy. Crucially, we show that the
separation between synergy and redundancy guaranteed by
PID is necessary to avoid underestimation of their balance
in systems with more than two units.

When applied to physiological networks mapping cardiovas-
cular and respiratory variability, the proposed method puts in
evidence modes of interactions never observed before, which
may help disclosing the underlying physiological control
mechanisms and identifying biomarkers with potential clinical
relevance. Our main result is that the synergy/redundancy
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balance assessed in cardiovascular and respiratory networks is
a hallmark of integrated short-term control in these networks,
and rises in response to sympathetic activation. This finding
establishes a link between emergence capacity and the activity
of the sympathetic nervous system, thus opening the way
to employ our approach in pathological states. In fact, as it
is well-known that sympathetic overactivity plays a major
role in the development of several cardiovascular diseases
including hypertension, heart failure, sleep apneas, obesity, and
mental stress [47], assessing high-order behaviors of different
physiological networks can be relevant to classify groups of
patients featuring various degrees of autonomic impairment.

As future perspectives, given the close connection of the
proposed framework with the concept of causal emergence
[16] we advocate studies seeking for features that can exhibit
emergent behavior with respect to cardiovascular variability.
Future works should also investigate the possibility to formu-
late PrID in the time-frequency domain [46], [48] or adopting
model-free implementations [9], as well as procedures more
refined than random shuffling [49] to improve the specificity of
the detection of high-order behaviors. These extensions would
favor the detection of emergent behaviors in nonstationary con-
ditions, across multiple time scales, and accounting for pos-
sible nonlinear generative mechanisms, reflecting conditions
that are commonly encountered in the analysis of multivariate
time series in the field of Network Physiology.
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