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ABSTRACT

The investigation of brain-heart interplay (BHI) has gained significant momentum in recent years, and has emerged as a pivotal
area of neurophysiological research. The applications of BHI span cognitive neuroscience, sleep research, and neurological
disorders, where the analysis of cortical and autonomic dynamics can provide a mechanistic overview of functional regulation.
Epilepsy is known to have an impact on cardiovascular function and autonomic regulation, and the analysis of BHI offers
a valuable framework for understanding the dynamics behind autonomic dysfunction in epilepsy. In this work, we use the
framework of network physiology (NP) to derive a time-varying time delay stability (TDS) metric to characterize the continuous
evolution of the brain-heart network. We further validated the framework on a publicly available dataset of temporal lobe
epilepsy (TLE) subjects. The results from the analysis revealed that TDS coupling between brain and heart dynamics changed
significantly following an epileptic episode, suggesting instability in the brain-heart network that may reflect altered autonomic
and cortical communication in that period. The methodology presented in this work may serve as an informative framework to
characterize cortical and autonomic interplay, and could be further explored in the study of disorders characterized by cortical
and autonomic dysregulation.

Figure 1. Graphical illustration of the analysis pipeline
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Introduction
The physiological connection between the brain and the heart, referred to as the brain–heart axis, encompasses bidirectional
interactions mediated by multilevel regulatory pathways1. Brain–heart regulation across short–term to long–term timescales
involves complex interactions that operate primarily through neural, mechanical, and biochemical functional pathways2–4.
Through the neural pathway, the top–down autonomic regulation of cardiac output is mediated by the central autonomic network
(CAN). Signals originating in the medial prefrontal and insular cortex are transmitted through the efferent pathways of the
autonomic nervous system (ANS) to the cardiovascular system2, 5–7. In contrast, the afferent pathway (bottom-up control)
conveys sensory information from chemo- and baroreceptors to the brain, which ultimately culminates in the insular cortex5, 8.
Top-down autonomic control is also characterized by hemispheric lateralization, with several studies suggesting asymmetries in
the regulation of cardiovascular function9–12. In particular, the insular cortex appears to contribute to this lateralization, with the
right insula more frequently associated with sympathetic activity and the left with vagal regulation and parasympathetic tone10.

brain–heart interplay (BHI) refers to the dynamic coupling between cortical activity and autonomic cardiovascular regu-
lation13. BHI has been studied in sleep, affective science, stress, and epilepsy, where disruptions in cortical and autonomic
function are associated with clinical risk14. Thus, the analysis of dysfunctional BHI has gained increasing attention, with
studies linking BHI to cardiac, sleep, and neurological disorders15–17.

Brain–heart interplay in Epilepsy
Seizures, especially generalized tonic–clonic seizures and epileptic seizures in the temporal lobe, can disrupt autonomic output
to peripheral organs such as the heart9, 18, 19. Recurrent seizures can lead to long-term sympathovagal imbalance and evoke
cardiac autonomic reactivity20. Moreover, several studies have reported interictal cardiac autonomic dysfunction in people
with chronic epilepsy20–23. In particular for temporal lobe epilepsy (TLE), neuroimaging studies revealed altered functional
connectivity in regions that control autonomic, respiratory, and cardiac regulation24. In addition, the potential role of autonomic
nervous system (ANS) dysregulation has been investigated in relation to postictal EEG suppression and cardiopulmonary
disturbances following seizures25–27.

Given that epileptic seizures affect autonomic control and cardiovascular function, the study of BHI is crucial for elucidating
the neurocardiac mechanisms that contribute to seizure dynamics. Autonomic dysregulation has been linked to adverse
cardiovascular events; however, in epilepsy, the available evidence primarily supports an association with cardiac arrhythmias
rather than establishing a causal contribution to cardiovascular disease28, 29.

Dysfunctional brain–heart interplay in Epilepsy
To date, only a few studies have investigated the role of dysfunctional BHI during seizures or in chronic conditions such as
epilepsy using noninvasive, simultaneous electroencephalogram (EEG) and electrocardiogram (ECG) recordings30. Early
attempts to characterize BHI were based on heartbeat–evoked potentials (HEP), which involve the measurement of evoked
cortical responses time-locked to heartbeats31. HEPs measure cardioception, the brain’s processing of cardiac signals, which is
increasingly recognized as a key mediator of autonomic regulation and emotional experience7. To date, only a limited number
of investigations have examined HEPs during epileptic and nonepileptic seizures32–34. Recently, Elkommos et al.33 reported a
reduction in HEP amplitude over frontal and central electrodes between interictal and preictal states in patients with nonepileptic
seizures. This finding suggests a diminished cortical representation of interoceptive information in this subject cohort. In
contrast, no such effect was observed in patients with epileptic seizures. However, authors neither specified the type of epileptic
seizure (e.g., generalized or focal) nor the site of seizure onset, leaving a critical gap in the interpretation of such findings.
Notably, HEPs have not yet been investigated in TLE. In addition, HEP analysis captures the afferent heart-to-brain pathway,
and does not capture efferent brain-to-heart dynamics. To address this gap, convergent cross–mapping (CCM), a statistical
approach designed to detect and quantify causal interactions in complex and nonseparable systems, has been applied to the
study of brain–heart dynamics in epilepsy. In this framework, EEG signals and ECG signals were used as input time series to
quantify brain–heart dynamics. Using CCM, Schiecke et al. suggested that cortical oscillations can drive autonomic activity
before, during, and after epileptic seizures, highlighting the bidirectional nature of brain–heart communication17, 35. Similarly in
another study, granger causality (GC) analysis revealed a predominance of brain-to-heart causality over heart-to-brain causality,
suggesting central autonomic involvement during the ictal phase36. However, this study was limited by the use of only two
EEG electrodes, which may restrict the interpretation of its findings. Notably, CCM and GC yielded convergent findings
when applied to time series of HRV features and the envelopes of delta and alpha EEG activity, demonstrating methodological
agreement between the two approaches. The aforementioned studies relied on pediatric datasets with a limited number of
subjects. Given the unique seizure characteristics of the pediatric brain compared with those of adults, it remains uncertain
whether these findings can be generalized to adult epilepsy37–39. Taken together, these findings motivate the use of a framework
that maintains the time dimension through continuous analysis, enabling the characterization of multiscale, bidirectional
brain–heart interactions within an integrated physiological network.
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Network physiology
Network physiology (NP) is a recently emerged multidisciplinary field that aims to characterize the coordination between
physiological systems, moving beyond the study of isolated components within a physiological network40, 41. According to
NP, the human organism functions as a network of highly specialized and physiological systems, each regulated by distinct
mechanisms that dynamically interact with each other to coordinate and maintain overall body function42, 43. The NP framework
of time delay stability (TDS) has shown promising results in sleep research, and it has been used to characterize network
transitions across sleep stages40, 44, 45. Compared with other BHI methods, TDS offers a computationally efficient, model-free
framework that facilitates physiological interpretation. However, in the current state, TDS does not provide a time-varying
index that reflects the degree of coupling between physiological systems.

Contributions
To address the abovementioned limitations, we introduce a time-varying TDS metric to characterize the evolution of the
brain–heart network, with the aim of providing a signal for online analysis of BHI, potentially reflecting cortical-–autonomic
regulation in resting conditions and during pathological events. In addition, we apply TDS to characterize the complex
interactions between the brain and heart in epileptic subjects. We used TLE as a disease model to examine if self-sustained
cortical seizure activity is associated with instability in the brain–heart network. We hypothesized that such instability would
manifest as measurable postictal dysregulation in brain–heart interactions.

The remainder of this paper is structured as follows: The materials and methods section presents the dataset, signal
processing, and feature extraction methods used in this study. The time delay stability section illustrates the proposed method
for BHI estimation. The results section summarizes the results obtained, and, the discussion section highlights the main findings
of the present study.

Figure 2. 10 minutes pre- and postictal recording of subject PN01, seizure 1. The blue line represents the time-varying TDS
coefficient, and stable links are denoted by the shaded green marks. Red dashed lines mark the beginning and end of the ictal
period. TDS coefficients are calculated on temporal left electrodes, ipsilateral to the epileptic foci.

Materials and methods
Dataset
This study was designed as a retrospective analysis of the Siena Scalp EEG Database version 1.0.0, which is openly available
via PhysioNet46, 47. For brevity, this resource will be referred to as the Siena dataset. The dataset comprises synchronized
EEG and ECG recordings collected from 14 epilepsy patients admitted for video-EEG monitoring at the University of Siena,
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Figure 3. Representative 10 minutes pre- and postictal recording of subject PN17, seizure 2 for coupling HR−EEGδ . The
blue line represents the time-varying TDS coefficient, and stable links are denoted by the shaded green marks. Red dashed lines
mark the beginning and end of the ictal period. TDS coefficients are calculated on in four region of interest: Frontal, Temporal
Left, Temporal Right, and Occipital, as defined in section Feature Extraction. The subject has temporal right epileptic foci.

Italy. The cohort included 9 males (25–71 years) and 5 female subjects (20–58 years). The dataset comprises subjects with
a confirmed diagnosis of epilepsy, featuring seizure events meticulously annotated by expert clinicians for every recording.
A total of 47 seizures were recorded across these 14 subjects over approximately 128 hours, and all the data were sampled
at 512 Hz. Among 14 subjects, 12 subjects presented with focal impaired awareness seizures (IAS), 8 presented with left
temporal onset (23 seizures), and 4 presented with right temporal onset (10 seizures). One subject exhibited focal seizures
without impaired awareness (WIAS) with left temporal onset (4 seizures). The remaining subject presented focal-to-bilateral
tonic–clonic seizures (FBTCs, 10 seizures). Clinical metadata such as sex and age are also provided in the dataset.

Signal Processing
Two preprocessing pipelines were implemented to remove artifacts from the EEG and ECG recordings. For multimodal signal
analysis, precise temporal alignment between signals is essential. Therefore, both EEG and ECG time series were processed
using zero-phase filtering to prevent phase distortion.

The EEG signals were resampled to 256 Hz, whereas the ECG signals were retained at their original 512 Hz sampling
frequency to preserve the temporal precision required for the R-peak detection algorithm (see Section Feature Extraction)48.
Both the EEG and ECG time series were first filtered via a 50 Hz zero-phase notch filter to suppress powerline interference,
followed by a zero-phase bandpass filter appropriate for each signal type.

For the ECG, an 8–20 Hz bandpass filter with a Hamming window was applied. The filter was characterized by a maximum
passband ripple of 1 dB, a minimum stop-band attenuation of 60 dB, and a minimum transition bandwidth of 2 Hz with 12
dB attenuation within the transition band. This filter bandwidth was selected on the basis of Elgendi et al.49, who reported
that an 8–20 Hz passband yields an optimal signal–to–noise ratio for QRS complex detection (see Section Feature Extraction).
Following filtering, the ECG signals were visually inspected, and those recordings with poor signal quality were excluded
from further analysis. Similar to ECGs, EEG signals were filtered via a zero-phase, noncausal bandpass filter with a 0.5–45
Hz passband and a Hamming window. The filter was characterized by a passband ripple of 0.0194 dB and 53 dB stopband
attenuation, a lower transition bandwidth of 0.50 Hz, and an upper transition bandwidth of 11.25 Hz. EEG signals were then
re-referenced to the average reference across all electrodes. Bad channels containing data that were too noisy to be usable
were identified and excluded through manual inspection prior to artifact removal. Independent component analysis (ICA) was
subsequently applied to generate a robust decomposition of EEG signals components50. ICA components showing ocular,
muscular, and cardiac pulse artifacts were identified and removed. After ICA components rejection and signal reconstruction,
any previously removed channel was interpolated using spherical spline interpolation to restore spatial consistency51, 52. All
methods presented in this work were implemented via Python 3.10.16.
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Feature extraction
After filtering, feature extraction was performed for both ECG and all EEG derivations. Given that different brain rhythms
reflect different physiological states, the EEG signal was decomposed into canonical frequency bands, and the spectral power of
each band was calculated following the methods described in44, 45. To extract the spectral power of the EEG signal, we divided
it into five frequency bands in moving windows of 2 s with a 1 s overlap. The resulting bands are as follows: δ (0.5−3.5 Hz),
θ (4−7.5 Hz), α (8−11.5 Hz), β (12−29.5 Hz), and γ (30−45 Hz). To reduce electrode-level variability and improve the
signal-to-noise ratio (SNR), EEG channels were grouped within regions of interest. This approach provides a more robust
representation of scalp EEG activity and limits the influence of channel-specific noise or transient artefacts. EEG electrodes
were grouped into four regions on the basis of standard scalp topography: frontal (Fp1, Fp2, F3, F4, Fz), temporal left (F7, FC5,
T3, CP5, T5), temporal right (F8, FC6, T4, CP6, T6), and occipital (O1, O2, P3, P4, Pz) regions.

From the filtered ECG time series, R-peaks were detected via NeuroKit253. To improve the robustness of the R-peaks
detection and remove misidentified peaks, the R-peaks were corrected using an artifact correction algorithm54. We then derived
the heart hate hariability (HRV) time series by computing the time differences between consecutive R-peaks. The resulting HRV
is then interpolated to obtain an evenly spaced time series and subsequently resampled to match the sampling frequency of the
EEG. HF-HRV (0.04−0.15 Hz) and LF-HRV (0.15−0.40 Hz) were estimated using smoothed pseudo wigner ville distribution
(SPWVD), which provides superior time–frequency resolution compared to non-parametric approaches, providing low variance
estimates of power55. Furthermore, a correction is applied to HF-HRV to adjust for chronotropic state, following56. In addition,
we considered two variables derived from the Poincarè plot of the RRI (R-R interval) series, namely cardiosympathetic index
(CSI) and cardiovagal index (CVI), where CV I = log10(Lp ·Tp) and CSI = Lp

Tp
57, 58. Here, Tp denotes the length of the transverse

axis and reflects beat-to-beat variation in the tachogram, whereas Lp denotes the length of the of the longitudinal axis and
reflects the amplitude of the fluctuation in the tachogram57.

Time delay stability
Time delay stability (TDS) allows the quantification of pairwise coupling and network interactions of diverse physiological
systems. Physiological systems are interconnected through nonlinear feedback and/or feedforward loops that operate across
a wide range of time delays59. TDS is used to study the time delay with which the activation of the output dynamics of a
given system is consistently followed by corresponding activations in the outputs of other systems. Periods of TDS in which a
constant time delay between activations of two dynamical systems is observed indicate stable interactions between the systems.
These periods of stable time delay between systems are referred to as stable links. Longer periods of TDS correspond to
stronger coupling between systems40. To quantify the interaction between physiological systems X and Y , we consider their
discrete realizations xn and yn, both of finite and equal length N. We divide both sequences into overlapping segments ν of
equal length L = 20 s with overlap M = L/2, which results in a sequence of NL = ⌊ N−L

L−M ⌋+1 windows. These parameters were
chosen to provide a local estimate of the interaction between physiological systems and ensure continuity between successive
segments. Before the analysis, each segment ν is normalized with respect to the zero mean and unit variance. Normalization
is used to remove constant trends and to ensure that the estimated coupling between X and Y is not affected by their relative
amplitudes. Next, the cross-correlation Cν

xy is calculated within each window ν = 1,2, . . . ,NL as depicted in Eq.(1):

Cν
xy(τ) =

1
L

L

∑
i=1

xν

i+(ν−1)L/2 yν

i+(ν−1)L/2+τ
, (1)

where τ denotes the lag of yν to xν . For each segment ν , we define the time delay τν
0 that corresponds to the maximum of the

absolute value of the cross-correlation function, such that

τ
ν
0 = argmax

τ
|Cν

xy(τ)|. (2)

We can then define a series of time delays T ν = {τ1
0 ,τ

2
0 , . . . ,τ

NL
0 }, which represents the temporal evolution of time delays τν

0
between the two physiological systems across successive segments ν . Periods of stable interaction between the two signals
are identified as segments in T ν , where τ0 remains approximately constant. In contrast, periods in which τ0 shows significant
fluctuations in T ν indicate weak or unstable coupling between the two signals.

To quantify these interactions, we consider the two systems to be linked when the corresponding T ν exhibits a time delay
that remains unchanged over multiple consecutive samples τν

0 . Hence, we split T ν into windows of L̄ = 5 samples with
overlap M̄ = 1. The stability is manually defined by η and ζ , where ζ denotes the threshold for the ratio between the number
of τν

0 values inside or outside of η , which corresponds to the interval [τν
0 − η

2 ,τ
ν
0 + η

2 ]. TDS is computed using η = 2 and
ζ = 80%. The percentage of stable links, denoted as coupling-strength, is calculated as the fraction of stable points in τν

0 . The
parameters L̄, M̄, η , and ζ were selected in accordance with previous literature to ensure methodological consistency with prior
applications45.
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Finally, TDS is computed between each EEG band-power time series and each cardiac index (see section feature extraction)
to quantify BHI across the analyzed windows. A time-varying index of TDS coupling is also obtained using the following
equation (3):

s2
ν =

1
L̄−1

L̄−1

∑
i=1

(τν+i
0 −µν)

2, µν =
1
L̄

L̄−1

∑
i=0

τ
ν+i
0 (3)

As such,

V =
{

s−1
ν

}NL−L̄+1
ν=1 . (4)

To avoid division by zero when computing s−1
ν , the series was regularized as s̃ν = 1/max(sν ,ε), where ε = 10−4. This

resulted in a time-varying series T DSTV defined as

T DSTV =
{

s̃−1
ν

}NL−L̄+1
ν=1 . (5)

An illustrative example is shown in Figure 2 and Figure 3 and where the time varying TDS series T DSTV is superimposed with
stable TDS periods.

Statistical analysis
Our core hypothesis is that the NP framework could capture the dynamic features of BHI under resting conditions, with episodes
of nonstationary CAN activity reflected as peaks of increased correlation. Furthermore, we aimed to investigate the impact of
focal seizure on BHI stability just after the postictal time window, where artifacts from tonic muscle activity preclude us from
analysis. To evaluate the impact of time and brain regions on the stability of the brain–heart network with respect to HR to EEG,
we fitted a generalized linear mixed model (GLMM) using the lme4 package in R60. The model was fitted using a binomial
distribution, as LinkCount is a bounded count, and is defined as the number of stable TDS links (see time delay stability section)
out of the total number of evaluated links. Overdispersion was less than 1, and all models later presented converged successfully.
First we evaluated two simple GLLM models: LinkCount ∼ Time+(1|Sub ject) and LinkCount ∼ Region+(1|Sub ject). Here,
the variable Time represents the time window before (preictal) and after (postictal) the seizure onset. To compare the two
models, we used a likelihood ratio (Chi-square) test.

Next, we tested wether adding Time improved model performance beyond Region alone. As a result, we compared a simple
model to predict LinkCount using only Region LinkCount ∼ Region+(1|Sub ject), and a more complex model in which we
added Time as another predictor LinkCount ∼ Time+Region+(1|Sub ject). Both models were tested via the same testing as
those described previously in the manuscript. In addition to testing the HR−EEG coupling, we fitted the same model structure
for the other coupling metrics: HRVLF−EEG, HRVHF−EEG, CVI−EEG, and CSI−EEG.

Post hoc pairwise testing
To gain further insights into BHI dynamics, we assessed differences between preictal and postictal periods in TDS couplings
HR−EEG, HRVLF−EEG, HRVHF−EEG, CVI−EEG, and CSI−EEG. We conducted post-hoc pairwise comparisons with
correction for multiple testing. Specifically, we tested for differences between the pre- and postictal periods in the coupling
strength. A normality test was performed for each feature using Shapiro–Wilk test. Since the normality assumption was
violated for α = 0.05, statistical comparisons were performed within seizures (paired pretictal vs postictal values) using the
non-parametric Wilcoxon signed-rank test. In addition, False Discovery Rate (FDR) correction was applied to control for false
positives. This within–seizure paired design analysis was used to mitigate inter–subject variability by comparing preictal and
postictal coupling measures within the same seizure event. For the post hoc analysis, a maximum 10 minute interval before and
after seizure onset was considered to characterize BHI dynamics during the pretictal and postictal periods. The interval was then
divided into smaller 200 s windows to evaluate short term differences between pre- and postictal coupling. As an exploratory
analysis, we additionally compared a 1-hour pretictal baseline with the 10-minute postictal period. Due to constraint in data,
this analysis was restricted to 32 seizures (7 bilateral, 3 right temporal foci, and 22 left focal seizure).

Results
In this section, we report the results of GLMM model comparisons, as well as post-hoc pairwise tests to identify and quantify
region-specific differences in coupling metrics between the pretictal and postictal periods.

We first compared the two alternative single-predictor models (Time-only vs Region-only). There was no significant
difference in model fit between these two models, indicating that Time alone and Region alone provided comparable fit to
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LinkCount. We then tested LinkCount ∼ Region+(1|Sub ject) and LinkCount ∼ Time+Region+(1|Sub ject). For HR–EEG
coupling, adding Time significantly improved model fit (p = 0.003), indicating that LinkCount differs between preictal and
postictal windows beyond region-related differences.

As can be seen in Table 1, a significant effect of time was found for HR−EEG, CVI−EEG, and CSI−EEG, indicating that
BHI markers differ in proximity to an epileptic seizure. By contrast, HRVLF−EEG and HRVHF−EEG did not show significant
temporal association with BHI.

Table 1. Comparison between models with Region alone against Region + Time for different coupling features within the 200
s, 400 s preictal and postictal window. In the table, NS denotes non-significant values.

Coupling p-value 200s p-value 400s
HR−EEG coupling 0.0030 NS
CVI−EEG coupling 0.047 0.0198
CSI−EEG coupling 0.0032 NS
HRVLF−EEG coupling NS NS
HRVHF−EEG coupling NS NS

Post hoc pairwise testing results
To facilitate interpretation of the post hoc pairwise testing results, Table 2 and Table 3 report only statistically significant
comparisons after correction for multiple testing. Table 2 summarizes the significant findings obtained from the analysis of
the 10-minute pretictal and postictal periods across all subjects. The most consistent finding in this analysis was a postictal
reduction in HR−EEGδ coupling, which was observed across multiple brain regions (temporal left, temporal right, frontal, and
occipital). This effect was primarily observed in the 200 s window around seizures, and indicates a consistent pre- to postictal
reduction in HR−EEGδ coupling within the 10-minute window surrounding the epileptic seizures. Similarly, a difference in
HR−EEGθ coupling was observed in the occipital and temporal left regions, with consistently fewer links after than before the
seizure. A decrease in post ictal HR−EEGα coupling was also observed in occipital and temporal left regions. By contrast,
HRVHF−EEGδ coupling increased significantly (p = 0.0104) after seizure onset in the temporal right region. An increase in
CSI−EEGδ was also see in the postictal period, mainly in the frontal region.

In addition to the analysis of 10-minute pretictal and postictal periods, we also compared a 1-hour preseizure baseline with
a 10-minute post-seizure period. Significant results from this analysis are presented in Table 3. The primary results from the
analysis revealed that HR−EEGδ coupling was significantly reduced after the seizure. This effect was observed in the temporal
right and occipital regions. In the occipital region, HR−EEGθ and HR−EEGα were also significant, and consistently reduced
postseizure. In contrast, HRVLF−EEGθ coupling in the temporal left region increased after seizure.

Figure 4. Boxplots showing 200s pre- and post- ictal comparison of TDS results for coupling HR−EEGδ
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Table 2. Significant results pre- and postictal periods divided into 200s windows

Region Feature Timeframe(s) Post-seizure
decrease P-value

Frontal CSI−EEGδ 200 No 0.0168
Temporal_L HR−EEGδ 200 Yes 0.0399
Frontal HR−EEGδ 200 Yes 0.0404
Temporal_R HR−EEGδ 200 Yes 0.0404
Occipital HR−EEGδ 200 Yes 0.0404
Occipital HR−EEGθ 200 Yes 0.0080
Temporal_R HRVHF−EEGδ 200 No 0.0104
Occipital HR−EEGθ 400 Yes 0.0198
Occipital HR−EEGα 600 Yes 0.0008
Temporal_L HR−EEGα 600 Yes 0.0246
Temporal_R HR−EEGδ 600 Yes 0.0079
Occipital HR−EEGθ 600 Yes 0.0351
Temporal_L HR−EEGθ 600 Yes 0.0463

Table 3. Significant results 1h before seizure to 10 minutes after seizure

Region Feature Post-seizure
decrease P-value

Temporal_R CSI−EEGβ Yes 0.0464
Occipital HR−EEGα Yes 0.0485
Temporal_R HR−EEGδ Yes 0.0273
Occipital HR−EEGδ Yes 0.0424
Occipital HR−EEGθ Yes 0.0167
Temporal_R HRVLF−EEGγ Yes 0.0378
Temporal_L HRVLF−EEGθ No 0.0116

Discussion
In this work, we studied how the interaction between cortical and autonomic function was modulated in response to an epileptic
seizure. The TDS analysis was able to detect phasic changes in the resting condition during the interictal period. In addition,
the model detected alterations in BHI stability after seizure events, consistent with seizure related changes in cortical and
autonomic coupling. The primary analysis focused on assessing differences in coupling stability preictal and postictal periods.
The analysis comprised the GLMM-based model comparisons and post-hoc paired comparisons conducted on 10-minute
preictal and postictal segments, with each segment divided into 200 s windows to characterize short-term changes in BHI
stability. The comparison between the 1-hour preictal baseline and the 10-minute postictal period was conducted to assess if
the observed postictal changes were also detectable relative to a pre-seizure baseline. Because of limited data available, this
analysis was restricted to a smaller subset of seizures. As a result, these findings should be interpreted as exploratory.

Using the preseizure period as a baseline, we observed significant differences in coupling stability, most prominently for
HR−EEG, with reduced link strength in the postictal interval relative to the preseizure period. This indicates that epileptic
activity may be associated with reduced stability of the brain–heart network interactions, possibly reflecting the introduction
of a self-sustained cortical input, and a postictal dynamical resetting process61. Our results also showed that autonomic
sympathovagal balance represented by CSI and CVI show significant temporal effects across the seizure period. This suggests
that such measures of autonomic interaction may be particularly sensitive to seizure-related network perturbations. By contrast,
limited and not consistently observed effects observed for HRVLF−EEG and HRVHF−EEG couplings may suggest that while
seizure-related autonomic changes are detectable, their magnitude and spatial specificity may depend on seizure type and
the temporal structure of the epileptic event. Results for the GLLM showed that spatial TDS features did not significantly
explain cortical and autonomic coupling. This suggests that cortical–autonomic communication is anatomically organized, but
that temporal dynamics of seizure evolution dominate spatial differences in TDS coupling. Thus, these findings suggest that
seizure events are associated with altered stability of selected brain–heart coupling networks rather than a global reduction in all
cortical and autonomic interactions. Moreover, the findings presented in this study should be also contextualized with previous
BHI work in focal epilepsy. Frassinetti et. al.62 reported pre - to postictal alterations in directional heart-to-brain information
flow, involving bottom-up oscillations originating from sympathovagal activitiy with respect to the the transitions between ictal
to postical periods. The differences in observed in sympathovagal activity coupling with cortical oscillations in the δ and θ

may reflect the fact that directional BHI information flow and TDS capture complementary proprieties of brain–heart dynamics.
Accordingly, the methodology presented in this work may be used in conjunction with directional methods to provide a more
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complete characterization of brain–heart and multiorgan dynamics in epileptic events63, 64.
While this study advances our understanding of BHI in TLE, we acknowledge that this work is connected with few

limitations including the small sample size, lack of sensitivity analysis, and limited duration of the recordings. Although
extensive preprocessing of the EEG and ECG time series was performed to reduce major artifacts, subtle residual postictal
artifacts cannot be entirely excluded as potential confounds. In addition, the lack of detailed clinical comorbidities and
antiepileptic medication effects restricted our ability to further stratify results of the analysis. It is important to note that
the present findings should be interpreted primarily in the context of adult TLE and should not be generalized beyond this
population. To overcome these challenges, future studies should focus on extending the framework of NP by applying TDS to a
larger study cohort with additional healthy control subjects to contextualize epilepsy-specific network regulations. Stability
measured with TDS can serve as a valuable marker to identify differences in BHI associated with different types of epileptic
seizures.

In conclusion, in this study we introduce a time-varying TDS framework to capture continuous, time-dependent fluctuations
in BHI, thus offering a novel framework for the analysis of of the brain–heart network in health and disease. We then used
TLE as a disease model to show that seizure activity is associated with transient alterations in the stability of the brain–heart
network. Our findings suggest that BHI evolves systematically around seizure events, and that seizure activity is associated
with a temporal alteration in the stability of the brain–heart network. This study provides a methodological foundation that can
be extended in future work with a larger cohort of subjects and longer recordings to assess the applicability of these findings
across TLE subjects.
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