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Valeria Rosalia Vergara, Chiara Barà, Student Member, IEEE, Andrea Zaccaro, Francesca Ferri, Fabrice Jurysta,
Luca Faes, Senior Member, IEEE, and Yuri Antonacci, Member, IEEE

Abstract—Goal: Brain-heart interactions have been linked to
physiological and pathological states and are typically studied
through the use of electroencephalographic (EEG) signal and
heart rate variability (HRV) time series. However, there are still
major challenges to overcome, particularly in establishing a robust
methodology to assess these complex multi-scale interactions
and to extract meaningful information. To this end, we explore
the time scale-dependent nature of brain-heart interactions by
exploiting information-theoretic measures. Methods: We analyze
cardiac vagal activity and EEG brain wave amplitudes at two time
scales —heart rhythm (∼1s) and longer (∼1min)—in two groups
of healthy subjects respectively monitored during wakefulness
and sleep, respectively. Different entropy-based measures are then
employed to evaluate the regularity of each system’s dynamics as
well as their static and dynamic coupling. Results: Different time-
scales are involved in different physiological coupling mechanisms.
While overall coupling strength values are low, longer time-scales
show a stronger presence of coupling in terms of statistically
validated brain-heart connections compared to shorter time-
scales. Conclusions: This study shows that the presence and
the strength of brain-heart interactions are highly dependent
on the time-scale, which in turn is affected by the underlying
physiological processes.

Index Terms—Brain-Heart axis, EEG, Heart Rate Variability,
Information Theory, Network Physiology

Impact Statement- Within the framework of information
theory, this study enhances the understanding of brain-
heart interplay by showing how its strength and dynamics
depend on the time-scale of observation.
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THE study of brain-heart interactions has gained significant
attention due to their crucial role in sustaining human

physiological regulation [1]. Several studies have linked alter-
ations in brain-heart communication to cardiovascular, neuro-
logical, and psychiatric disorders [2]. Since brain and cardiac
systems operate across multiple time scales [3], their complex
fluctuations necessitate nonlinear analytical approaches to ac-
curately capture the intricate dynamics [4].

Several studies rely on non-invasive measures of brain and
heart activities, particularly electroencephalography (EEG) and
electrocardiography (ECG), which are well-suited to investi-
gate the rapid dynamics of both physiological systems [5].
Key methods for exploring the interplay between cardiac
activity and cortical processes include the heartbeat-evoked
potential [6] and the correlation between ECG-derived heart
rate variability (HRV) and the spectral dynamics of EEG oscil-
lations. These analyses are conducted at the cardiac cycle time-
scale (∼1 second) to capture heartbeat-related responses across
various physiopathological conditions [7]–[11], as well as at
longer time-scales (∼1 minute) to examine broader oscillatory
dynamics [12], [13]. While a wide range of methodological
approaches have been developed for investigating EEG-HRV
brain-heart interactions [11], [14], [15], information-theoretic
measures have emerged as particularly promising [9], [12],
[13], [16], [17] due to their ability to capture complex behav-
iors without assumptions about data distributions or reliance
on discretization procedures that could bias estimates [18].

Entropy-based measures like Information Storage (IS) [19],
Mutual Information (MI) [20] and Mutual Information Rate
(MIR) [21] have been applied to study different aspects
of brain-heart dynamics in a variety of contexts, including
wakefulness and sleep [13], stress and rest [22], [23], mental
workload and relaxation [24], as well as emotional arousal
and neutral states [25], as they enable the quantification of
information stored within and exchanged between the brain
and heart systems. Despite these methodological advances, a
unified framework capable of comprehensively capturing the
complexity of brain-heart dynamics is still lacking. Moreover,
the wide variety of methods and their dependence on specific
physiological states, which characterize different temporal dy-
namics, often lead to divergent results [17].
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This study aims to provide a comprehensive analysis of

brain-heart interactions, emphasizing how the time-scales at
which EEG and HRV series are built influence both the
coupling between the two systems and the internal dynamics
of each system. Specifically, we compare the effects of the
aforementioned time-scales to investigate brain-heart interac-
tions: a shorter time-scale (∼ 1s), corresponding to heart
rhythms during wakefulness, and a longer time-scale (∼ 1min),
representative of sleep dynamics. IS is applied to characterize
the complexity and predictability of brain and heart dynamics,
while the strength of bidirectional static and dynamic coupling
is assessed using MI and MIR, respectively [26]. The analysis
aims to show whether and how the regular dynamics of HRV
and EEG amplitude, as well as their coupling, are peculiar of
the considered time-scale and physiological condition.

II. MATERIALS AND METHODS

A. Datasets description and time-series extraction

Dataset 1: The dataset comprises resting state EEG and
ECG signals from eighteen healthy subjects (14 females; age:
28.28 ± 4.78 years). EEG was acquired using a 64-channel
BrainAmp (Brain Vision) amplifier (10/20 system, fs = 2kHz;
FCz reference) [27], and ECG signal with a one-lead system
(BIOPAC System, INC, lead I, fs = 2kHz). Participants were
asked to rest with their eyes open for about 10 minutes. For
additional information about acquisition system and protocol
see [27].

R-peaks of the ECG signal were detected using the Pan-
Tompkins algorithm, and the time intervals between two con-
secutive R-peaks in the ECG trace were measured (Fig.1a).
Outliers (samples exceeding three standard deviations from the
mean) were removed and the resulting gaps were interpolated
to obtain 300 RR intervals. Two additional cardiac time series
were computed [28]: SDRR, as the first-order differences of RR
intervals (RRi+1−RRi for i= 1, . . . ,299), and PRR−HF (Fig.1b),
extracted from the time-resolved spectrogram of RR intervals.
The spectrogram was generated using a high-pass AR filter
(zero phase, cut-off frequency 0.0185 Hz) followed by the
smoothed pseudo-Wigner-Ville distribution [29]. It was then
integrated over the range [0.15–0.4] Hz and normalized to the
total power in [0.04–0.4] Hz.

Brain signals were firstly bandpass-filtered (0.5–40 Hz) and
the ocular artifacts removed via ICA (fastICA algorithm),
down-sampled to 128 Hz, and re-referenced to the average [27]
(Matlab 21.1 (MathWorks Inc.) -EEGLAB Toolbox [30]). EEG
time series were segmented by cardiac cycles [13] (Fig.1a)
and the power spectral density (PSD) of each channel and
segment was estimated using the weighted covariance method
(Hamming window, τ = 64, no overlapping) [31]. Brain wave
power was averaged within δ ([2–4] Hz), θ ([4–8] Hz), α

([8–13] Hz), and β ([13–33] Hz) bands, with the total EEG
power (PEEGTOT ) derived from signal variance within each RR
interval (Fig.1c). Four channels with electrode artifacts were
excluded.

Overall, for each subject, five brain time series (PEEGTOT ,
PEEGδ, PEEGθ, PEEGα, and PEEGβ) synchronous with the cardiac
time series (RR, SDRR, and PRR−HF ) were obtained.

Dataset 2: The dataset comprises EEG (Fz-Ax, Cz-Ax,
Oz-Ax; Ax mastoid reference, fs =100 Hz) and ECG (lead II,
fs =200 Hz) recordings from ten male volunteers (ages 18-23)
monitored overnight using a digital polygraph (Brainnet,
Medatec, Brussels). Brain and cardiac signals were pre-
processed to generate synchronous time-series at a time-scale
of approximately 1 minute.
QRS complexes were detected automatically and RR interval
time series derived following a validated procedure [32]. After
correcting for artifacts and ectopic beats, RR intervals were
interpolated, resampled at 8 Hz, and subdivided in consecutive
windows of 120 s overlapped by half. For each window RR
series were detrended, Hanning windowed, and fast Fourier
transformed to obtain the relevant power spectral density.
Finally, the time series representing cardiac parasympathetic
activity was derived by normalizing the spectral power in
the HF band [0.15–0.4] Hz to the total power within the
[0.04–0.4] Hz range [32], [33].

EEG signals were analyzed to extract five brain wave
amplitude time series. Spectral power was computed via fast
Fourier transform applied to consecutive 5-second windows
of the Cz-Ax channel, focusing on conventional sleep-related
frequency bands [13], [32] (δ: [0.5–3 Hz]; θ: [3–8 Hz];
α: [8–12 Hz]; σ: [12–16 Hz]; β: [16–25 Hz]). Brain wave
amplitudes (Fig.2a) were computed as the ratio between the
spectral power within each frequency band and its average
across the entire night, following the approach described in
[34], and were then averaged over 60-second intervals. The fast
Fourier transformations were performed via MATLAB (The
Math Works Inc., USA) and its signal processing toolbox (v
5.1, Fig.2a).

Six synchronized time series were obtained at 60-seconds
resolution during the whole-night, irrespective of sleep stages,
for each subject (PRR−HF , PEEGδ, PEEGθ, PEEGα, PEEGσ,
and PEEGβ), with lengths varying between 460 and 500
samples (N: 464.60 ± 34.26). Time series for a representative
subject are shown in Fig.2b. A detailed description of the
polysomnography protocol and time series measurement is
available in [32].

B. Information Domain Analysis

Cardiac and brain time series were modeled as realizations of
a stationary and ergodic bivariate process S = [X ,Y ], where X
and Y represent heart and brain activity, respectively. Assuming
S is a Markov process of order m, Xn and Yn denote the
present states of the processes, while Xm

n = [Xn−1, . . . ,Xn−m]
and Y m

n = [Yn−1, . . . ,Yn−m] their past states. IS, MI, and MIR
were estimated using the k-Nearest-Neighbors approach [13],
[35], which capture nonlinear dynamics without assumptions
about probability distributions, minimizing bias in entropy
computation for variables of differing dimensions [35].

1) Information Storage: IS quantifies the information con-
tained in the past of a process that can be used to predict its
future measuring the average uncertainty about the present state
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Fig. 1. (a) Example of ECG (top) and one-channel EEG (bottom) signals of one representative subject during wakefulness [27]. A shorter
time-scale is considered for the time series extraction process, specifically the cardiac cycle (∼ 1s), defined as the time interval between two
consecutive ECG R-peaks. (b) Example of the time series representative of the cardiac activity, i.e., the RR intervals (RR), the successive
difference of consecutive RR intervals (SDRR), and the normalized HF power of the RR intervals (PRR−HF ). (c) Example of the time series
representative of brain dynamics, i.e., the total power (PEEGTOT ) and the power of spectral band components δ (PEEGδ), θ (PEEGθ), α (PEEGα)
and β (PEEGβ).

[%
]

Fig. 2. (a) Example of ECG (top) and EEG (bottom) signals of one representative subject during sleep [32]. A 120 s window overlapped by
half and a 60 s window were identified on RR series and EEG signal, respectively, for obtaining each spectral components. (b) Example of
brain and heart time series synchronously measured at a longer time-scale, i.e., every 60 s, during whole-night polysomnography, quantifying
the evolution over time of the normalized HF power of the RR intervals (PRR−HF , expressed as a percentage) and of the normalized EEG
power within the δ (PEEGδ), θ (PEEGθ), α (PEEGα), σ (PEEGσ), and β (PEEGβ) frequency bands. Note that for the brain time-series, values
greater than 1 reflect time periods in which the power exceeds the whole-night mean.

of the process that is resolved when its past states are known
[19]. For a process X , IS is as:

SX = I(Xn;Xm
n ) = H(Xn)−H(Xn|Xm

n ), (1)

where I(·; ·) is MI between two random variables, and H(·)
and H(·|·) denote entropy and conditional entropy (CE), re-
spectively. Estimating IS involves decomposing CE into joint
entropy terms [36], [37]:

SX = H(Xn)+H(Xm
n )−H(Xn,Xm

n ). (2)

The first step of the KSG estimation approach involves calcu-
lating the entropy term in the highest-dimensional space and
determining sample distances using the maximum norm:

H(Xn,Xm
n ) =−ψ(k)+ψ(N)+(m+1)⟨logεn,k⟩, (3)

where ψ(·) is the digamma function, N is the total number of
available (m+1)-dimensional points [Xn,Xm

n ], εn,k is twice the
distance from [Xn,Xm

n ] to its k-th neighbor, and ⟨·⟩ denotes av-
erage over all samples. The obtained searching distances were
used to perform range searches in lower-dimensional projected
subspaces [20]. The other two entropy terms presented in Eq.
(2) are obtained as follows:

H(Xn) = ψ(N)−⟨ψ(NXn +1)⟩+ ⟨logεn,k⟩, (4)

H(Xm
n ) = ψ(N)−⟨ψ(NXm

n +1)⟩+m⟨logεn,k⟩, (5)

where NXn and NXm
n are number of points whose distance from

Xn and Xm
n , respectively, is strictly less than εn,k/2. Then, an

estimate of SX is obtained by substituting (3), (4) and (5) into
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(2):

IS = ψ(k)+ψ(N)−⟨ψ(NXn +1)+ψ(NXm
n +1)⟩. (6)

The same holds for process Y representing each EEG power
time series (SY ).

2) Mutual Information: MI quantifies the information
shared by two systems at each moment in time by measuring
the average uncertainty about the current state of X that is
resolved by knowing the present state of Y [36]:

I(Xn;Yn) = H(Xn)+H(Yn)−H(Xn,Yn). (7)

MI is obtained by searching for neighbors in the high-
dimensional space [Xn,Yn] and performing range searches in
its lower-dimensional projections. The KSG formulations facil-
itate the estimation of all entropy terms in Eq. (7) as follows:

H(Xn,Yn) =−ψ(k)+ψ(N)+2⟨logεn,k⟩, (8)

H(Xn) = ψ(N)−⟨ψ(NXn +1)⟩+ ⟨logεn,k⟩, (9)

H(Yn) = ψ(N)−⟨ψ(NYn +1)⟩+ ⟨logεn,k⟩, (10)

where N is the total number of available bi-dimensional sam-
ples [Xn,Yn], εn,k is twice the distance from [Xn,Yn] to its k-th
neighbor, and NXn and NYn are the number of points whose
distance from Xn and Yn is strictly less than εn,k/2.

Substituting the terms obtained in Eqs.(8), (9) and (10) into
(7), an estimate of the MI is obtained as follows:

MI = ψ(k)+ψ(N)−⟨ψ(NXn +1)+ψ(NYn +1)⟩. (11)

3) Mutual Information Rate: MIR quantifies the informa-
tion shared per unit of time [26], [37] between X and Y and
can be defined as [38]:

IX ;Y = H(Xn|Xm
n )+H(Yn|Y m

n )−H(Xn,Yn|Xm
n ,Y m

n ). (12)

Estimating MIR requires six entropy terms, as each CE term
is the difference between two entropies. These terms can be
estimated using the KSG formulation as follows [21]:

H(Xn,Yn,Xm
n ,Y m

n ) =−ψ(k)+ψ(N)+2(m+1)⟨logεn,k⟩, (13)

H(Xm
n ,Y m

n ) = ψ(N)−⟨ψ(NXm
n ,Y m

n +1)⟩+2m⟨logεn,k⟩, (14)

H(Xn,Xm
n ) = ψ(N)−⟨ψ(NXn,Xm

n +1)⟩+(m+1)⟨logεn,k⟩, (15)

H(Yn,Y m
n ) = ψ(N)−⟨ψ(NYn,Y m

n +1)⟩+(m+1)⟨logεn,k⟩, (16)

H(Xm
n ) = ψ(N)−⟨ψ(NXm

n +1)⟩+m⟨logεn,k⟩, (17)

H(Y m
n ) = ψ(N)−⟨ψ(NY m

n +1)⟩+m⟨logεn,k⟩, (18)

where N is the total number of available 2(m+1)-dimensional
points [Xn,Yn,Xm

n ,Y m
n ], and NXm

n ,Y m
n , NXn,Xm

n , NYn,Y m
n , NXn and

NYn are the number of points whose distance from the corre-
spondent reference points is smaller than εn,k/2 in the lower
dimensional spaces (i.e., [Xm

n ,Y m
n ], [Xn,Xm

n ], [Yn,Y m
n ], Xn and

Yn, respectively), being εn,k twice the distance from samples
in [Xn,Yn,Xm

n ,Y m
n ] to the k-th neighbors. Thus, an estimate of

MIR can be obtained as:

MIR = ψ(k)+ ⟨ψ(NXm
n +1)+ψ(NY m

n +1)
−ψ(NXn,Xm

n +1)−ψ(NYn,Y m
n +1)−ψ(Nxm

n ,Y m
n +1)⟩.

(19)

C. Data and statistical analysis

Time series were normalized to zero-mean and unit variance
and tested for stationarity in mean using the Mann-Whitney
U-test [39]. Then, the information-theoretic measures of IS,
MI, and MIR were computed on the time series extracted
as described in Sect. II-A, to characterize heart and brain
dynamics individually and their interactions across different
time-scales. The computation of IS, MI and MIR was per-
formed by exploiting ITS and MIR toolboxes (BITLab website)
using Matlab 23.2. IS measure was computed for cardiac
time series (Dataset-1: RR, SDRR, and PRR−HF ; Dataset-2:
PRR−HF ) and brain wave power time series (Dataset-1: PEEGb,
b ∈ {TOT,δ,θ,α,β}; Dataset-2: PEEGb, b ∈ {δ,θ,α,σ,β}),
while MI and MIR measures were computed to assess in-
teractions between heart and brain activity, where the heart
activities (Dataset-1: X ∈ {RR,SDRR,PRR−HF}; Dataset-2: X =
PRR−HF ) was related to brain activity (Dataset-1: Y = PEEGb,
b∈ {TOT,δ,θ,α,β}; Dataset-2: Y = PEEGb, b∈ {δ,θ,α,σ,β}).
The searching neighbors was set to k = 10 and the past history
dimension to m = 2 for IS and m = 3 for MIR, to mitigate
the curse of dimensionality in model-free analyses [35]. For
Dataset-1, measures were averaged across the entire scalp
due to the observed quite uniform distribution. Modulation of
IS, MI, and MIR across brain rhythms was assessed using a
non-parametric paired Wilcoxon signed-rank test (α = 0.05,
Bonferroni correction, n = 10).

The significance of IS was assessed using a random shuf-
fling [21] under the null hypothesis of no self-dependencies
(SX = 0). For MI and MIR, random time-shift surrogates were
generated under the null hypothesis of independent heart and
brain processes (I(Xn;Yn) = 0, IX ;Y = 0) by shifting the cardiac
time series forward with a minimum shift of 20 samples
while keeping the brain series unchanged [40]. One hundred
surrogates were generated for Dataset 1 and ten thousand for
Dataset 2 to balance the higher computational cost of Dataset
1 with the need to minimize statistical fluctuations in Dataset
2. Statistical significance was evaluated using a nonparametric
percentile-based test, considering a measure significant if it
exceeded the 95th percentile of its surrogate distribution.

III. RESULTS

All time series used for the information domain analysis
showed weak-sense stationarity of order one.

The IS analysis of the cardiac system (Table I) reveals a
modulation of the regularity of the cardiac dynamics, with
higher values at shorter time-scales (∼ 1s), if compared to
the longer one (∼ 1min). Furthermore, surrogate data analysis
confirms the presence of IS in 100% of subjects across all
time-scales.

The boxplot distributions of IS across subjects (Fig.3) show
that brain dynamics exhibit limited values of information stored
at shorter time-scale (∼ 1s, Fig.3a), but become significantly
more predictable at longer time-scale (∼ 1min, Fig.3b). While
IS values increase with frequency of oscillations at shorter
time-scale, an opposite trend emerges at longer time-scale,
where δ oscillations exhibit the highest predictability. At both
time-scales, information stored in δ brain waves is significantly
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Fig. 3. Boxplots reporting the distributions and individual values of IS obtained for each EEG time series at shorter time-scale (∼ 1s)
during wakefulness (panel a) and at longer time-scale (∼ 1min) during sleep (panel b); the bar plots in the bottom-right part of each panel
represent the percentage of subjects for whom the presence of IS was deemed as statistically significant. Note that in the case of the shorter
time-scale, both IS values and the percentage of IS values identified as statistically significant, according with surrogate data analysis, were
firstly averaged across all EEG channels. Statistical test: ∗, p < 0.05/10, paired samples Wilcoxon test between pairs of brain rhythms, with
Bonferroni correction.

TABLE I. IS values for the cardiac system derived from different
time series extracted from the ECG signal at shorter (S) and longer
(L) time-scales.

RR SDRR PRR−HF -S PRR−HF -L
0.61 ± 0.21 0.48 ± 0.17 1.63 ± 0.12 0.18 ± 0.05

different from that of other rhythms analyzed.
These findings are supported by surrogate data analysis, which
shows statistically significant predictability in brain dynamics
for only about 50% of subjects at shorter time-scale, with δ

band exhibiting almost no statistically significant predictability.
In contrast, at longer time-scale, statistically significant infor-
mation content is observed in brain dynamics for 100% of
subjects regardless of frequency bands.

The boxplot distributions of MI across subjects (Fig.4)
denote a weak coupling between the brain and cardiac sys-
tems at shorter time-scales (∼ 1s) regardless of the specific
cardiac information extracted. In particular, only when the
vagal component of the cardiac dynamics is considered (Fig.4c,
PRR−HF ), the MI shows a statistically significant modulation in
its strength across brain oscillations. These findings are further
supported by surrogate data analysis, which shows statistically
significant coupling in fewer than 10% of subjects across all
brain rhythms, highlighting the absence of consistent brain-
heart interactions at this time-scale.
Conversely, at the longer time-scale (∼ 1min), although the
strength of MI remains relatively low, the coupling between
cardiac and brain dynamics becomes more prevalent, especially
in the β frequency band. Indeed, surrogate data analysis reveals
the presence of statistically significant coupling in 100% of
subjects.

The boxplots illustrating the distributions of MIR across
subjects (Fig.5 ) reveal weak levels of dynamic coupling
between the cardiac and brain systems at both time-scales,
consistent with the MI findings, although the MIR values are
generally lower. Overall, the same observations noted for MI

regarding frequency bands, cardiac metrics derived from RR
intervals, and time-scales can be applied to the MIR measure.
The main distinction is a higher level of presence in terms
of statistically significant links observed at the longer time-
scale (∼ 1min) between the cardiac parasympathetic activity
(PRR−HF ) and EEG brain waves (Fig.5 d). Specifically, MIR
is statistically significant in approximately 80% of subjects for
the δ, θ, α, and σ bands, and in 100% for the β band, while its
presence is almost irrelevant at the shorter time-scale (∼ 1s).

IV. DISCUSSION

A. Internal dynamics of cardiac and brain systems

The analysis of the HRV dynamics revealed higher strength
values at shorter time-scales during wakefulness compared
to longer time-scales during sleep. Surrogate data analysis
confirmed the existence of predictability at both time-scales,
potentially arising from fluctuations in autonomic activity
that regulate the heart rhythm at rest [28] and during sleep
[12], [41]. During non-REM stages, this regulation becomes
more complex and variable, possibly explaining the reduced
predictability of cardiac dynamics [13].
In contrast, brain dynamics exhibited scale-dependent behavior
also in terms of significance. Shorter time-scales were char-
acterized by higher regularity in α and β rhythms [8], [42],
potentially reflecting default mode network activity during
resting state [16], [42], [43]. However, surrogate data anal-
ysis indicated that the presence of these rhythms was not
consistently significant across subjects, as shown in Fig.3 and
previous studies [8] and can be related with the inter-subject
variability of brain dynamics observed in previous work [44].

The low predictability in the δ band could be attributed to
the temporal scale and filtering parameters of the data (i.e., the
use of shorter time windows and the lower boundary of the δ

frequency range lying close to the low cut-off frequency of the
filter applied to the raw EEG).

At longer time-scales during sleep, increased IS values in
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Fig. 4. Boxplots reporting the distributions and individual values of MI computed at shorter time-scale (∼ 1s) during wakefulness (panels
a-c) and at longer time-scale (∼ 1min) during sleep (panel d) between the cardiac RR, SDRR, PRR−HF time series and each EEG time
series; the bar plots in the bottom-right part of each panel represent the percentage of subjects for whom the presence of MI was deemed
as statistically significant. For Dataset-1 (faster time-scale ∼ 1s) both MI values and the percentage of MI values identified as statistically
significant, according with surrogate data analysis, were firstly averaged across all EEG channels. Statistical test: ∗, p < 0.05/10, paired
samples Wilcoxon test between pairs of brain rhythms, with Bonferroni correction.

brain dynamics may be related to previously documented sleep-
related EEG wave modulations [45]. Notably, the opposite
trend is observed during wakefulness, with higher δ and
lower β predictability during sleep. This inverse relationship is
consistent with previous findings [46] reporting lower δ band
power and higher β band power during REM compared to non-
REM sleep. Such reciprocal behavior aligns with the hypothe-
sis that increased predictability correlates with greater spectral
power in a specific frequency band [39], and may reflect
underlying regulatory mechanisms governing brain activity
across states of consciousness and deserves further exploration
of its implications for brain-heart interactions.

B. Analysis of static and dynamic brain-heart interplay

Our analysis of coupling revealed a low strength of inter-
action between HRV and EEG wave amplitude during wake-
fulness and at shorter time-scales, suggesting a decoupling of
the brain-heart axis at ∼ 1s. This finding is supported by the
low percentage of subjects for whom the coupling exceeds the
threshold of significance, aligning with previous studies [47].
Conversely, this decoupling disappeared at longer time-scales
during sleep, where significant static and dynamic coupling
emerged. These findings are consistent with previous research

showing strong bidirectional interactions between the cardiac
vagal component and EEG rhythms at ∼ 1min time-scale [12],
[13], [32], probably modulated by physiological transitions
across different sleep stages [12].

The presence of lagged interactions across brain and heart is
confirmed at longer time-scale by the higher number of subjects
showing the presence of statistically significant MIR compared
to MI even if with lower values. Theoretically, MIR accounts
for the entire history of interactions and for this reason it should
be higher than or at least equal to MI, which only captures
zero-lag dependencies. The opposite trends observed can be
ascribed to the difficulty of reliably estimating entropies for
variables of high dimension (parameter m) due to the increasing
sparsity of data represented in spaces of growing dimension
[48]. This occurs when we move from MI to MIR estimation,
and therefore the strength of the latter tends to decrease toward
zero, although its presence tends to increase as the surrogate
analysis showed.

We found a pivotal role of β oscillations in sustaining
brain-heart interactions, as evidenced by their highest statistical
significance values of coupling at longer time scales (Figs.4d-
5d). This finding corroborates previous studies on the same
dataset supporting the role of β waves in facilitating informa-
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Fig. 5. Boxplots reporting the distributions and individual values of MIR computed at shorter time-scale (∼ 1s) during wakefulness (panels
a-c) and at longer time-scale (∼ 1min) during sleep (panel d) between the cardiac RR, SDRR, PRR−HF time series and each EEG time series;
the bar plots in the bottom-right part of each panel represent the percentage of subjects for whom the presence of MIR was deemed as
statistically significant. For Dataset-1 (panels a-c, faster time-scale ∼ 1s), both MIR values and the percentage of MIR values identified as
statistically significant, according with surrogate data analysis, were averaged across all EEG channels. Statistical test: ∗, p < 0.05/10, paired
samples Wilcoxon test between pairs of brain rhythms, with Bonferroni correction.

tion transfer between brain and heart, as shown through linear
[13] and nonlinear [12] estimators.

C. Translational Relevance

Similar methodologies have been applied in clinical re-
search, including the study of sleep apnea-hypopnea syndrome
[49] and of central-autonomic network dysregulation in para-
noid schizophrenia [11], [50]. Such applications highlight the
translational potential of brain-heart interaction analysis for
diagnosing and treating diverse conditions [17], with biomarker
identification enabling personalized interventions based on
individual pathophysiological profiles.

V. CONCLUSIONS

Our findings suggest that coupling and internal dynamics
are time-scale dependent, demonstrating that the dynamics of
a system can be shaped by its internal processes as well
as its interactions with another system. These findings align
with network physiology principles, highlighting how neuro-
autonomic feedback mechanisms linking brain and heart vary
with temporal resolution and physiological states. Our study
is limited by the inability to explore time-scale effects within
the same physiological state, such as analyzing both short and

long time scales during resting wakefulness. This constraint
arises from the practical challenges of obtaining extended
resting-state recordings and the physiological necessity of
using longer time scales to study sleep transitions. These
limitations highlight the need for future research to investi-
gate brain-heart interactions across varying time scales within
consistent physiological conditions, which could further refine
our understanding of these complex dynamics.
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