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coupling of heart rate variability
and emotions in dyad
speaker-listener dynamics
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synchronization
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Background: Human conversation involves moment-to-moment reciprocal
adjustments between interlocutors, expressed through both emotional cues and
autonomic physiology.

Objectives: To quantify how physiological synchrony continuously builds and
subsides between debate partners during speaker-listener turn-taking, and to
test whether the direction of this coupling (speaker-leading vs listener-leading)
is associated with (i) self- versus partner-perceived arousal/valence and (ii)
autonomic and complexity-based heart rate variability (HRV) characteristics.
Methods: Multimodal data from the K-EmoCon database were analyzed,
comprising HRV-derived cardiac activity, speech timing, and multi-perspective
emotion ratings from 32 individuals engaged in a structured dyadic debate.
Interactions were segmented into speaking and listening phases, and a
phase-based bidirectional coupling framework was applied to quantify both
the strength and polarity of physiological synchrony. Associations between
emotional states and HRV features were examined using correlation analysis
across coupling segments, followed by principal component analysis (PCA),
to reduce dimensionality and cluster emotions and features based on their
shared variance.

Results: Positive coupling segments, corresponding to speaker-leading
dynamics, were characterized by strong associations between partner-related
emotional states and parasympathetic HRV indices, including RMSSD and SD1,
with correlations reaching up to 0.63 (p < 0.001). In contrast, negative coupling
segments, reflecting listener-leading dynamics, showed stronger associations
with sample entropy, Rényi entropy, and low-frequency power, with correlations
reaching 0.71 (p < 0.001). Diffusion entropy exhibited a polarity-dependent
pattern consisting of positively correlated self-reported emotions during positive
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coupling, whereas during negative coupling it was negatively correlated with
partner-related emotions, with correlations reaching 0.71 (p < 0.001) for
the complexity index p, at scale 1. PCA showed that positive coupling was
characterized by a clear separation of arousal, with self-related emotions
aligning with diffusion entropy features and partner-related emotions clustering
with HRV and Rényi entropy measures. In contrast, negative coupling exhibited
a pattern in which partner-related emotions formed more compact clusters
across power- and entropy-based features.

Conclusions: These findings demonstrate that bidirectional physiological
coupling provides a sensitive framework for disentangling leadership,
responsiveness, and emotional exchange during conversation. By revealing
distinct autonomic and complexity-based signatures of self- and partner-
related affect, this work advances understanding of interpersonal emotional
regulation. It has implications for therapeutic, educational, and collaborative
communication contexts.

KEYWORDS

bidirectional coupling, emotional dynamics, entropy and complexity, heart rate
variability, physiological synchronization

Introduction

Bidirectional coupling of physiological features during
conversations has been shown to be related to the continuous,
dynamic exchange and two-way transmission of verbal information
between participants (Schoot et al., 2016). Bidirectional coupling
refers to the continuous, reciprocal interaction between two
individuals’ physiological signals, in which each participant both
influences and is influenced by the other over time. In this
process, not only is speech perceived and produced, but mutual
synchronization also emerges between conversational partners in
their physiological responses and emotional states (Lin et al., 2024).
Through bidirectional coupling, speakers and listeners influence
one another in real time, often through gestures, speech tone, facial
expressions, and subtle timing cues (Hess et al., 2020; Jiang et al.,
2021).

Such reciprocal interaction highlights conversation as a
dynamically coordinated process involving continuous mutual
adjustment between participants (Alhussein et al.,, 2025). From
a systems neuroscience perspective, interpersonal interaction can
be seen as a coupled dynamical system involving both central
neural circuits and peripheral autonomic regulation (de Zambotti
et al., 2018). Brain regions involved in socio-affective processing
continually integrate internal physiological signals with external
social cues (Antonelli et al, 2025). These systems facilitate
predictive regulation of oneself and others, supporting coordinated
changes in behavior, emotion, and physiology. In this context,
physiological measures offer valuable insight into the psychological
processes observed during social interaction. Signals such as
electrocardiography (ECG), photoplethysmography (PPG), and
derived heart rate variability (HRV) have been widely used to
investigate stress, attentional engagement, and affective dynamics
during conversational exchanges (Alhussein et al., 2023, 2025;
Armanac-Julidn et al., 2025; Divjak et al., 2024). HRV indices
provide a measure of the dynamic interplay between sympathetic
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and parasympathetic branches of the autonomic nervous system
and are commonly regarded as a robust indicator of emotional
regulation and adaptive capacity (Alkhodari et al., 2024). In parallel,
emotions are strongly influenced by physiological changes and
continuously evolve and influence the conversational tone between
partners (Wang et al., 2023).

A growing body of research has examined physiological and
neural synchrony during interpersonal interaction, demonstrating
its relevance to engagement, emotional alignment, and social
coordination (Birchler et al., 2024; Chatterjee et al., 2025). Prior
studies have explored synchrony using measures derived from
heart rate variability, electrodermal activity, and neural signals
across various contexts, including psychotherapy, collaborative
learning, and naturalistic conversations (Chatterjee et al., 2021;
Dikker et al., 2017; Helm et al., 2018; Tschacher and Meier,
2020). These works have shown that synchrony is associated
with interpersonal engagement, therapeutic alliance, and shared
attention. Moreover, various methods have been proposed to
quantify physiological synchrony, including correlation-based
approaches, spectral coherence, phase-locking value (PLV), and
phase-lag index (PLI) (Helm et al, 2018; Jiang et al, 2015;
Konvalinka et al., 2014). However, most existing approaches focus
primarily on the magnitude of synchrony or rely on unidirectional
or symmetric measures, with limited consideration of bidirectional
and continuous lead-lag dynamics and their relationship to
emotional exchange.

In light of this, we examined continuous, bidirectional
physiological coupling in dyadic conversation by integrating time-
aligned cardiac, speech, and emotion data from the K-EmoCon
dataset. Specifically, we (1) propose a novel complex-valued phase-
based coupling index that captures both coupling strength and
lead-lag polarity, thereby simultaneously characterizing temporal
directionality of interpersonal coupling, (2) separated coupling
into positive (speaker-leading) and negative (listener-leading)
segments, and (3) test how these polarity-defined segments
map onto self-, partner-, and external emotion ratings and
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autonomic/complexity HRV features. In this study, we only focus
on the polarity of the coupling to distinguish between speaker-
leading and listener-leading dynamics during interaction. Finally,
we examined the real component of the coupling vector to
distinguish between magnitude-driven synchrony and in-phase
alignment. This framework incorporates information on whether
the speaker or listener leads at any time during the debate,
and which physiological characteristics accompany interpersonal
emotional exchange (Figure 1).

Materials and methods

Dataset

The study utilized data from the publicly available K-EmoCon
multimodal database (Park et al., 2020), which comprises English-
language dyadic debates on the socially sensitive topic of
accepting refugees from Yemen in Korea. The dataset includes
32 participants (aged 23-36), randomly paired into 16 dyads,
with each debate session lasting approximately 10 min. The
conversations consisted of structured dyadic debates on the socially
sensitive topic of refugee immigration. During each session,
participants were assigned opposing viewpoints and engaged
in a structured debate format. A moderator introduced the
topic and oversaw the discussion to maintain its structure and
timing, occasionally intervening to facilitate balanced participation
between speakers, but did not actively contribute to the debate
content itself. To capture multimodal emotional expression, the
database provides photoplethysmography (PPG) signals alongside
synchronized audio recordings of speech and video recordings of
facial expressions and body movements.

Physiological signals

Physiological features were derived from PPG signals acquired
using the Empatica E4 wristband at a sampling frequency of 64 Hz.
The recordings were temporally trimmed according to the session
start and end times specified in the metadata to ensure alignment
across participants. To reduce noise, raw PPG signals were filtered
using a fourth-order zero-phase Butterworth band-pass filter with
cut-off frequencies of 0.5-5 Hz, retaining the frequency range
associated with PPG variability while attenuating motion-related
artifacts and baseline drift (Lapitan et al., 2024).

Cardiac pulse peaks were subsequently identified from the
filtered PPG to derive beat-to-beat intervals (RR intervals). Peak
detection was implemented using MATLABs findpeaks function
with a minimum peak separation of 0.4 s, corresponding to a
maximum plausible heart rate of 150 beats per minute. To mitigate
noise and remove erroneous detections, the resulting intervals
were further processed using the SDROM algorithm, following
the procedure outlined in our previous work (Alkhodari et al.,
2021b; Saleem et al., 2022). The cleaned RR intervals were then
interpolated onto the continuous PPG time axis to obtain frame-
level RR estimates aligned with the original recordings. In addition,
heart rate (HR) was computed continuously and incorporated into
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the feature adjustment process via linear regression to account for
HR-related variability and effects.

Respiratory activity was estimated from the PPG signals using
the method proposed by Charlton et al. (2017). Specifically, three
respiration-related components were derived: baseline wander,
capturing low-frequency fluctuations in the PPG baseline due
to thoracic motion; amplitude modulation, extracted using the
Hilbert envelope to reflect respiration-driven changes in pulse
amplitude; and frequency modulation, representing respiratory
sinus arrhythmia observed in beat-to-beat interval variations. Each
component was band-pass filtered within the typical respiratory
frequency range of 0.1-0.7 Hz (Leiva et al., 2025), normalized, and
subsequently averaged to produce a single composite respiration
signal. From this signal, the respiratory rate was estimated and used
to further adjust the extracted features through linear regression,
thereby reducing respiration-related confounding effects.

Speech recordings

Debate audio recordings underwent a dedicated preprocessing
pipeline to incorporate physiological measures alongside speech
(Ziogas et al., 2024). As the K-EmoCon dataset was collected
in naturalistic conversational environments, the raw audio
included overlapping speech, moderator interruptions, and
various background noise sources. To address these challenges,
a preprocessing strategy emphasizing source separation was
employed by us in this study. Audio signals were first normalized
via max-scaling, followed by the removal of silent segments using
short-time Fourier transform (STFT)-based energy thresholding.
Speech-containing segments were then manually annotated and
denoised using either the WTST-NST filtering method to suppress
the stationary background noise (Hadjileontiadis et al., 2000) or a
pre-trained Sepformer model (trained on the LibriMix dataset) to
separate overlapping voices, depending on the characteristics of
the noise present (Subakan et al., 2023).

Following this preprocessing step, the cleaned audio data
were prepared for joint analysis with the physiological signals.
Segment annotations were used to split each debate into speaker-
specific audio tracks, which were subsequently resampled and
temporally aligned from the original 22.5 kHz audio sampling
rate to the 64 Hz sampling frequency of the physiological
signals, including PPG, RR intervals, and respiration. From this
synchronized representation, two categories of speech-related
features were extracted: (i) binary indicators of speaking activity
(speakl, speak2), identifying whether each participant was speaking
at a given time frame, and (ii) continuous vocal intensity measures
(soundl, sound2), reflecting the relative amplitude of each speaker’s
speech. This alignment procedure produced debate-level speech
features that were temporally synchronized with both physiological
measurements and emotional annotations.

Emotional states

Emotional annotations were collected at 5-s intervals from
three complementary sources: self-reports from speakers, partner-
based evaluations from listeners, and third-person assessments
from five independent external raters. These annotations were
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FIGURE 1
Overview of the interpersonal coupling analysis pipeline. Schematic of the conversational setting in the K-EmoCon dataset and the types of data
collected. (A) The example, drawn from group 9 (participant 1), illustrates speech activity alongside the corresponding physiological signals. The
signals are segmented into speaking (black) and listening (gray) periods. (B) A magnified view of the speaking-listening analysis highlights three main
phases: (1) simultaneous coupling, (2) cross-participant coupling, and (3) within-participant coupling.

mapped onto the continuous affective dimensions of arousal and
valence, each rated on a five-point scale (1-5), enabling fine-
grained analysis of emotional dynamics over time. Following
the annotation protocol of the K-EmoCon dataset, participants
retrospectively reviewed recordings of the debate after the
interaction and provided ratings of their own emotional state
as well as their perception of their partner’s emotional state at
each 5-s segment. Self-arousal and self-valence therefore represent
the participant’s own reported emotional intensity and affective
valence, whereas partner-arousal and partner-valence represent the
participant’s perception of their conversational partner’s emotional
state. External annotations were provided independently by five
raters and aggregated in the dataset by averaging their scores. In the
present study, these measures were treated as continuous variables
reflecting the temporal variation of arousal and valence throughout
the interaction.

To align the discrete emotion labels in the K-EmoCon
dataset with the continuously sampled physiological recordings,
we temporally expanded each annotation, originally provided
at 5-s intervals, to cover its corresponding duration and
replicated across all frames within that segment. The annotation
timestamps, expressed in seconds, were directly mapped to
the relative timeline of the PPG recordings to ensure accurate
temporal correspondence. This up-sampling process produced
frame-level arousal and valence sequences synchronized with
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the 64 Hz sampling frequency of the physiological data. For
the external emotion evaluations, we employed the aggregated
labels in the dataset, derived by averaging the ratings from five
independent annotators. The up-sampling does not introduce
new emotional information but ensures temporal alignment with
physiological signals.

Feature extraction

To quantify signal complexity and enable comparative analyses,
information-theoretic metrics were extracted from RR interval
signals. Feature extraction was performed using sliding windows of
1,000 samples with a one-sample increment, yielding continuous
feature vectors that were temporally synchronized with the
original time series. Examples of these features are provided in
Figure 2.

Shannon entropy was computed to estimate the average
informational content of each signal’s probability distribution,
providing an index of global unpredictability (Feutrill and
Roughan, 2021). To capture temporal irregularity, sample entropy
was calculated by assessing the probability that similar patterns
in the time series remain similar when extended in time, using
parameters m = 2 and r = 0.2 (Patel et al.,, 2021). In addition,
Rényi entropy was employed as a generalized entropy measure
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FIGURE 2
Features derived from peak-to-peak (RR) intervals. The extracted RR-based measures reflect alignment with emotional dimensions (self arousal and
valence) and include Shannon entropy, sample entropy, diffusion entropy, and heart rate variability (HRV) metrics. Showing examples of: (A) speech
sound and RR interval, (B) Shannon and sample entropies, (C) heart rate variability (HRV) features, (D) diffusion entropy feature, and (E) emotional
states for self annotations.

that extends Shannon’s formulation by introducing a tuneable
parameter o, allowing differential weighting of rare versus frequent
events (Cornforth et al., 2013). Rényi entropy was evaluated across
multiple scales (o € {-5, -3, -1, 1, 3, 5}), where negative o
values increase sensitivity to low-probability events, positive values

emphasize high-probability events, and o = 1 converges to the
Shannon entropy. To ensure consistency across time windows, all
entropy measures were computed using a global histogram with ten
bins per recording.

Beyond single-scale entropy measures, multiscale diffusion
entropy analysis (MSDEA) was applied following the methodology
proposed by Nasrat et al. (2023) to examine the temporal dynamics
of the signals. The time series were coarse-grained at progressively
increasing dyadic scales (4, 8, 16, 32, and 128) using block
averaging, and diffusion entropy was estimated for each scale.
Two diffusion-based descriptors were subsequently derived in
accordance with the framework introduced by Benfatto et al.
(2021), Jelinek et al. (2021): the scaling exponent (8), which
captures the rate of entropy growth over diffusion time, and the
complexity index (jL,), computed from 3 and reflecting the intrinsic
dynamical complexity of the signal.

From the RR interval sequences, a comprehensive set of
conventional heart rate variability (HRV) features was also
extracted (Alkhodari et al, 2021a,b). Time-domain metrics
included the mean RR interval (AVNN), standard deviation of
RR intervals (SDNN), root mean square of successive differences
(RMSSD), the proportion of successive intervals differing by more
than 50 ms (pNN50), and the standard error of the mean (SEM).
Frequency-domain features were derived from power spectral
density estimates obtained using Welch’s method with overlapping
segments. They included absolute and normalized power in
the very-low-frequency (VLEF), low-frequency (LF), and high-
frequency (HF) bands, peak frequencies within each band, total
spectral power, and the LF/HF ratio. Frequency-domain features
were calculated on a 3,840-sample moving window, corresponding
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to a 60-s segment at the 64 Hz sampling frequency, thereby
providing sufficient frequency resolution for reliable estimation
using the Welch method. Finally, nonlinear characteristics were
quantified using Poincaré plot descriptors (SD1 and SD2) and
detrended fluctuation analysis (DFA).

Interpersonal speak-listen scenarios

To examine interpersonal coupling, we analyzed participants’
RR intervals and speech signals during debate segments defined by
speaking and listening states (Figure 1). Segments were identified
using binary speech indicators and analyzed independently to
maintain interaction timing. Coupling was evaluated from three
perspectives: (1) simultaneous coupling when one participant
spoke and the other listened, (2) cross-participant coupling when
both participants were in the same state (speaking or listening), and
(3) within-participant coupling by comparing each individual’s RR
activity during speaking versus listening.

Analysis of bi-directional coupling

Within each speaking/listening segment, we propose a new
coupling index that computed the instantaneous phase difference
between participants’ band-limited RR signals and derived a
complex-valued bidirectional coupling index (Bi %) (Jelinek et al.,
2025). The magnitude of Bi \ reflects phase-locking strength. At the
same time, the sign/polarity of the mean phase difference indicates
lead-lag direction: Bi X > 0 denotes Participant 1 leading (speaker-
leading in simultaneous segments) and Bi A < 0 denotes Participant
2 leading (listener-leading in that ordering).

Coupling information was extracted between two segments as
an extension to the conventional uni-directional phase analysis
(Jelinek and Khandoker, 2020) forming a bi-directional phase

frontiersin.org


https://doi.org/10.3389/fnsys.2026.1802891
https://www.frontiersin.org/journals/systems-neuroscience
https://www.frontiersin.org/

Alkhodari et al.

coupling degree as follows:

. k+4
A(ty) = |N Z L1t =2 (t)Jmod2m |2

N
k=7

where k denotes the time step in N overall lengths of the selected
signals and ¢_1(ty) and ¢_2(t;) are the instantaneous phases
of the two RR segments obtained using the Hilbert transform.
We calculated the Bi \(tx) using the phase coupling degree of
synchronization (Jelinek and Khandoker, 2020) as follows:

cos (\ (t))
sin (A (#))

where Bi A ranges from —1 to 1. In this specific scenario,

Bin(t) = n(tk) x tan '(

positive coupling indicates first-segment interaction, while negative
coupling indicates second-segment interaction.

Retaining the complex-valued coupling vector addresses the
conventional applied reductions, e.g., taking only the cosine
of the phase difference, that can spuriously inflate synchrony
estimates and remove directional information. Previous results
in neurophysiology have shown that measures explicitly sensitive
to non-zero phase lags, such as the imaginary part of coherency
and the phase-lag index, improve interpretability by discounting
instantaneous (zero-lag) coupling (Stam et al., 2007). Analogously,
the current decomposition application into magnitude, real
part, and sign/polarity preserves biologically meaningful lead-lag
structure during interaction (Vinck et al., 2011).

Because the Bi A angle is strongly influenced by the imaginary
component of the complex coupling vector, we also examined the
real component to better disentangle coupling strength from phase
directionality. Both elements can be obtained as follows,

cos ([¢1 (tx) —¢2 ()] mod2r)

Creal (tr) = N
sin([¢1 (t) — @2 ()] mod2m
Comag (80) = ¢1 (k) — 2 (t) )
N
This decomposition enabled complementary analyses of

magnitude-dominated synchronization (real part) besides the
phase-lead/lag asymmetries (imaginary part), providing a more
nuanced characterization of coupling dynamics.

The polarity of the bidirectional coupling index indicates
dynamic shifts in which the individual exerts regulatory control
within the dyad, rather than just phase lead-lag relationships.
Positive coupling (speaker-leading) likely represents top-down
modulation related to communicative intent and expressive
control, whereas negative coupling (listener-leading) suggests
heightened responsiveness to external inputs and adaptive updating
depending on the magnitude of the coupling. This view supports
hierarchical control models in which central neural systems switch
flexibly between generative (output-focused) and receptive (input-
focused) modes during social interactions.

Analysis of correlation

To examine the relationships among emotion states, extracted
features, and coupling measures, we computed Pearson correlation
coeflicients between each emotion dimension (arousal and valence)
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at each perspective (self, partner, and external) and features across
all participants. Correlation analysis was performed separately for
positive and negative regions based on the Bi ). The positive and
negative Bi \ regions were tracked, and their corresponding times,
feature values, and emotional states were aggregated accordingly
across all speak-listen segments in the three phases. The analysis
was performed on aggregated segments rather than individual time
points, and results are interpreted in terms of relative patterns
across conditions rather than absolute pointwise associations.
The resulting correlation coefficients were calculated and further
visualized using heatmaps, providing an overview of associations
across all emotion-feature combinations. To highlight potentially
meaningful effects, we inspected and reported heatmaps only when
at least one correlation exceeded an absolute threshold of |r| > 0.5.

We further examined the structure of relationships between
extracted features and emotional states using principal component
analysis (PCA) (Jollife and Cadima, 2016). We applied PCA to the
feature-emotion correlation matrix to identify dominant patterns
of association between physiological features and emotional
dimensions. This approach enables dimensionality reduction at
the level of interaction-driven relationships, rather than raw signal
variability. Feature scores and emotion loadings were projected
onto the first two principal components, which together capture the
dominant patterns of variance in the correlation structure. Biplots
were used to visualize clustering among features with similar
emotion-related profiles, highlighting the relative contributions of
the arousal and valence dimensions across perspectives.

Statistical analysis

We performed statistical analysis to evaluate group differences
and relationships between features from multiple perspectives.
In this study, groups were considered to be regions of positive
and negative coupling, with their corresponding feature values
and emotional states. A Kruskal-Wallis test was applied to assess
whether there were significant differences between groups without
assuming normality, making it suitable for non-parametric data
(McKight and Najab, 2010). The significance of the Pearson
correlation was assessed using a t-test on the correlation
coefficient, with the resulting p-value indicating whether the
observed association was statistically meaningful (Komaroff, 2020).
Significance was defined as a p-value below 0.05; however, we also
allowed the threshold to drop to 0.1 for further interpretation.
Statistical analyses were performed on aggregated data across
segments to emphasize overall patterns rather than individual time-
point inference.

Results

Analysis of bidirectional coupling

An example of bidirectional coupling is shown in Figure 3,

which illustrates a simultaneous-phase segment in which
Participant 1 (blue) is listening while Participant 2 (red) is
speaking. In this example, the phase angles of both participants

vary over time, and the corresponding coupling strength, i.e., Bi \,
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fluctuates between —1 and 1. These variations enable continuous
tracking of the relationship between coupling strength and features
or emotion states over time, allowing comparisons based on
whether the interaction exhibits positive or negative coupling.
For interpretation throughout, positive Bi ) indicates that the
first-indexed participant’s physiology precedes the partner’s (lead),
whereas negative Bi \ indicates the converse (lag/partner lead).

Positive coupling and correlation with
emotional states

The top features with the highest absolute median correlations
with emotional states are shown in Figure 4. Features were
aggregated across all segments within each analysis phase, along
with their corresponding emotional states, based on positive and
negative Bi N regions. Among these, the majority of strong
correlations in the positive coupling region (Figure 4, left side)
were associated with HRV features (n = 13, 43.3%), with absolute
values reaching nearly 0.66 (p < 0.001), especially for RMSSD, LF
Power, and SD1. HRV features were mostly negatively correlated
with self-emotions and positively correlated with partner emotions.
Moreover, diffusion entropy metrics (n = 9, 30%), particularly .,
and delta measures across different scales, reached absolute values
of 0.70 (p < 0.001) for p, at scale 1. Here, diffusion entropy
metrics were mainly positively correlated with self-emotions. The
remaining 25% (n = 8) consisted of features such as Rényi entropy
(at scales 3 and 5), Shannon entropy, and sample entropy, which
had an opposite association with emotions. They were negatively
correlated with self-arousal and positively correlated with partner
arousal. Examples of the highest-correlating features for each
emotional state are illustrated in Figure 6.

PCA applied to positive coupling

For positive coupling, the PCA biplot (Figure 5, top-side)
reveals a structured separation of emotional dimensions and their
associated features along the first two principal components, which
together explain a substantial proportion of variance (PC1: 37.5%,
PC2: 32.5%). Partner arousal loads strongly on the negative PC1
axis and clusters with time-domain HRV variability measures
(AVNN, SDNN, SEM), SD2, Shannon, and Rényi entropies. In
contrast, partner valence projects toward the positive PC1 and
negative PC2 quadrants and aligns with power frequency measures
(total power, VLE, LF) and parasympathetic indices (RMSSD, SD1).
Self-arousal loads primarily on positive PC1/PC2 quadrant and is
associated with |, features, sample entropy, and fragmentation
indices (IALS, PIP). Self-valence lies closer to the origin and aligns
with self arousal in characteristics.

Negative coupling and correlation with
emotional states

On the other hand, the negative coupling regions exhibited
distinct characteristics (Figure 4, right side). Here, HRV features
were also prominent, with LF Power demonstrating a strong
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correlation with partner valence (up to 0.59, p < 0.001). In general,
HRV features showed a pattern of correlation similar to that of
positive coupling, being mostly negatively correlated with self-
emotions and positively correlated with partner emotions. Notably,
frequency features were positively correlated with self valence
emotions. Moreover, diffusion entropy metrics showed absolute
correlations of up to 0.71 (p < 0.001) for p, at scale 1, which
were negatively correlated with partner emotions. Notably, Rényi
entropy at scale 3 also exhibited high correlations (up to 0.68)
with partner emotions, while sample entropy showed a strong
positive association with partner valence, reaching 0.71 (p < 0.001).
Examples of the highest-correlating features for each emotional
state are illustrated in Figure 6.

PCA applied to negative coupling

For negative coupling, the PCA biplot shows a distinct
reorganization of emotion-feature relationships, with PC1 (39.9%)
and PC2 (35.4%) jointly capturing most of the variance (Figure 5,
bottom). Partner valence loads strongly on the positive PC1 axis
with minimal PC2 contribution and aligns with low-frequency
power. Partner arousal projects toward the positive PC1 and PC2
quadrants and clusters, as indicated by delta-time-domain HRV
(SD1/SD2) and Shannon entropy. In contrast, self-related arousal
and valence load toward the positive PC1 and negative PC2
quadrant, and are strongly associated with sample entropy, and
negative Rényi. Notably, positive |, and delta concentrate in the
lower PC2 region, opposing all emotional effects.

Real and imaginary coupling associations

The comparison between the absolute (imaginary-driven) and
real coupling segments reveals systematic differences in their
significance in differentiating positive and negative coupling-
based features (Supplementary Figure 1). Overall, the absolute
coupling measure shows higher statistical significance across a
broader range of features, particularly for time-domain HRV
indices and power-based measures. In contrast, the real component
yields fewer significant associations and lower significance levels.
Moreover, AVNN and delta scale 4 were not significant at the 0.05
p-value threshold when using the real component, whereas pNN50,
VLFNorm, PIP, TALS, and p scale 2 showed increased statistical
significance when assessed using the real component and a higher
threshold at 0.001.

Moreover, PCA biplots of the correlation heatmap
(Supplementary Figure 2) for the real component showed a similar,
but more selective, separation of emotion-feature relationships
(Supplementary Figure 3). During positive coupling, the partner’s
valence loads onto positive PC2. It aligns with parasympathetic
HRYV indices (RMSSD, SD1) and ., and delta, while partner arousal
associates with power-related measures (total and VLF power).
Self-related arousal and valence load primarily along PC1 and align
with normalized VLF and diffusion entropy features. For negative
coupling, partner valence remains PC2-dominant and clusters
with parasympathetic and fragmentation indices, whereas partner
arousal aligns with Rényi entropy and time-domain variability.
In contrast, self-arousal associates with power and negative Rényi
scales, while self-valence shows weaker, intermediate associations.
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PCA applied to segments with minimal
coupling

To evaluate whether the observed PCA structure reflects
interaction-specific dynamics rather than intrinsic variability of
physiological signals, we performed a control analysis using
segments with minimal coupling (| Bi X| < 0.1). Applying the same
correlation and PCA procedures for positive and negative segments
revealed that most physiological features clustered near the origin
of the PCA space (Supplementary Figure 4), indicating weak and
inconsistent associations with emotional states. In contrast to the
structured feature-emotion organization observed during positive
and negative coupling of highly correlated segments, uncoupled
segments showed no clear clustering between HRV-derived features
and emotional dimensions.

Bidirectional coupling versus correlation
analysis

To evaluate the proposed bidirectional coupling index relative
to conventional synchrony measures, we computed time-resolved
(sliding-window) Spearman correlation on the same physiological

Frontiers in Systems Neuroscience

signals and segments. As shown in Supplementary Figure 5,
correlation analysis revealed moderate associations between
emotional states and selected features across interaction periods.
However, when conditioning the analysis on coupling polarity
using the bidirectional coupling index, these relationships exhibited
clearer and more structured patterns.

Discussion

This study demonstrated that bidirectional coupling of
physiologically related rhythms provides a meaningful framework
for characterizing interpersonal emotional dynamics during
conversations. Coupling polarity in this study reflects physiological
lead-lag relationships between participants, where positive or
negative coupling indicates which participant’s physiological
dynamics temporally precede the other, as derived from
phase relationships. While such lead-lag patterns may relate
to communicative roles, e.g., positive speaker leading and
negative listener leading, separating coupling into positive
and negative that
features systematically align with self- and partner-reported

regions showed distinct  physiological

frontiersin.org


https://doi.org/10.3389/fnsys.2026.1802891
https://www.frontiersin.org/journals/systems-neuroscience
https://www.frontiersin.org/

Alkhodari et al.

emotional states. The results highlight a systems neuroscience
perspective in which interpersonal interaction arises from
continuous brain-body coupling. The bidirectional patterns show
dynamic reorganization of control, not just synchronization, and
indicate active physiological synchronization involving neural,
autonomic, and behavioral coordination during communication.
Understanding how emotional and physiological states are
continuously exchanged and regulated between individuals is
crucial (Menefee et al., 2022), as these processes directly influence
decision-making and conversational outcomes.

For both coupling directions, HRV emerged as a dominant
correlate, particularly linking parasympathetic activity with
partner-related emotions, while self-related emotions were more
frequently associated with frequency power and complexity-
based measures. This asymmetry supports the notion that
differential of
autonomic processes (Lettieri, 2026) depending on whether

interpersonal coupling reflects engagement
affect is internally experienced or externally perceived in the
partner. It should be noted that some HRV features, particularly
frequency-domain measures, are traditionally defined over
longer time windows, and their interpretation in short windows
within this study should be considered as relative rather than
absolute. In this study, these features are used to capture short-
term, time-varying fluctuations in physiological activity. As
such, the resulting values reflect local spectral dynamics and
should be interpreted in a comparative sense across interaction
conditions. The use of shorter windows enables higher temporal
resolution, allowing transient changes in autonomic activity
to be aligned with conversational dynamics and interaction
states.

Bidirectional coupling revealed complementary patterns that
deepen understanding of the physiological response during
conversations. Positive Bi \ coupling, reflecting instances when the
first participant leads, was characterized by stronger associations
with diffusion entropy metrics and HRV features such as
RMSSD and SDI. This indicates that exerting influence over
the interaction is supported by enhanced autonomic regulation
and increased multiscale complexity, pointing to the physiological
effort required to maintain control (Li et al., 2025). In contrast,
periods of negative Bi N\ coupling, indicating that the partner’s
physiological dynamics lead those of the first participant, were
associated with distinctive physiological signatures, including
stronger correlations with Rényi entropy and higher sample
entropy. These patterns suggest that when the partner drives the
interaction, the first participant’s physiological system becomes
more variable and complex, reflecting adaptive adjustments to
externally driven dynamics (Tenev et al, 2025). In contrast,
the PCA results further illustrated that partner arousal and
valence consistently occupied distinct regions of the feature
space compared with self-emotions, indicating that coupling
polarity modulates how physiological variability, power, and
complexity encode interpersonal affective exchange (Timmons
etal., 2015).

It is important to note that the bidirectional coupling index
contains two complementary components: the magnitude,
which reflects the strength of phase synchronization between
participants, and the sign (polarity), which indicates the
direction of the lead-lag relationship (Allefeld and Haynes,
2022). In the present study, we focused primarily on the
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polarity of the coupling to distinguish speaker-leading and
listener-leading interaction regimes and examine how these
directional dynamics relate to emotional and physiological features
during conversation. The magnitude component therefore could
provide additional contextual information about synchronization
strength but was not the primary focus of the present analysis.
Our results show that coupling direction matters, as coupling
polarity segregates autonomic regulation (vagal HRV) from
complexity-based adaptation and differentiates self- versus
partner-perceived effect (Gordon, 2025; Konrad et al., 2024).
This strengthens the system-level account of conversation as a
dynamic control process in which dyads continuously renegotiate
leadership and responsiveness rather than maintaining a single
stable coordination mode (Boukarras et al., 2025; Fu et al,
2021).

Our decomposition-based approach

is consistent with

a broader principle in physiological time-series science:
classification and interpretability improve when component-
specific structure is preserved rather than collapsed into a single
scalar summary. Cornforth et al. (2014) demonstrated that
retaining distribution-sensitive information using multiscale
Rényi entropy and spectrum-like representations improves
discrimination of physiological states compared with conventional
single-parameter metrics, particularly in autonomic neuropathy
staging. Extending this logic from single-signal complexity to
interpersonal interaction dynamics, our decomposition into
coupling magnitude, real-part structure, and polarity/sign
preserves physiologically meaningful organization, e.g., leader-
follower switching and directional interaction asymmetries,
that be

coupling.

would  otherwise obscured by magnitude-only
absolute and
of

synchronization.

Decomposing the coupling metric into
clarified the

magnitude  versus

real components relative ~ contributions

coupling in-phase
While the absolute (imaginary-driven) measure was more
sensitive overall and captured a wider range of significant
associations, the real component highlighted a subset of
features that were otherwise masked by magnitude effects.
Real-part
alignment

coupling
related

emphasized physiologically meaningful

to normalization, fragmentation, and
scale-specific dynamics, rather than global synchrony alone
(Li et al, 2023). These findings underscore the value of
combining bidirectional coupling polarity with complex-
valued decomposition and real part analysis to more precisely
disentangle the physiological substrates of interpersonal emotional
interaction.

Finally, distinguishing between temporal directionality and
causal influence in the interpretation of bidirectional coupling
is of a high importance. The polarity of the coupling index
reflects lead-lag relationships derived from phase differences,
indicating which participant’s physiological signal temporally
precedes the other (Kim et al, 2013). However, this temporal
precedence does not imply causality or direct influence.
Establishing causal relationships would require additional
modeling frameworks or experimental manipulations beyond
the scope of the present study. Accordingly, terms such
as “leadership” and “responsiveness” should be interpreted
as descriptors of emergent temporal dynamics rather than
separating

mechanistic or intentional causation. Moreover,

frontiersin.org


https://doi.org/10.3389/fnsys.2026.1802891
https://www.frontiersin.org/journals/systems-neuroscience
https://www.frontiersin.org/

Alkhodari et al.

positive (speaker-leading) and negative (listener-leading) coupling
segments enabled the identification of distinct emotion-feature
associations that were not apparent using correlation alone. This
suggests that incorporating directional information enhances
the interpretability of physiological-emotional dynamics during
interaction.

Limitations

Our study has several limitations. First, although the integrated
physiology-speech-emotion analysis revealed distinct interaction
patterns, the sample size and experimental context were relatively
limited, as interactions were drawn from a structured, debate-
based dataset. As a result, this controlled setting may not
fully capture the variability and complexity of naturalistic
conversational exchanges. Second, although the coupling analyses
identified meaningful relationships, they cannot determine
causal mechanisms. Future studies incorporating experimental
interventions or causal inference frameworks will be required to
establish the directionality of these effects and to systematically
evaluate the relative performance of different synchrony metrics
Third, while the bidirectional
coupling metric captures both the magnitude and polarity of

across interaction contexts.
phase synchronization, the present analysis focused primarily
on coupling polarity. Future work could further explore how
variations in coupling magnitude contribute to the strength and
stability of interpersonal physiological synchronization during
conversation. Fourth, although conversational interactions are
shaped by multiple behavioral cues such as facial expressions,
gestures, and vocal prosody, the present study focused primarily
on physiological synchronization and speech timing. Future
work could extend this framework by integrating multimodal
behavioral descriptors to provide a more comprehensive
characterization of interpersonal dynamics. Fifth, PCA on
aggregated correlation matrices captures overall association
patterns but may overlook moment-to-moment dynamics.
Future work could incorporate time-resolved approaches to
better capture fine-grained interaction dynamics. Sixth, although
the present study is based on a structured debate context, the
proposed bidirectional coupling framework is general and can be
extended to other forms of interaction, including cooperative or
spontaneous conversations. In such settings, the interpretation of
coupling polarity and its relationship to emotional dynamics may
differ, reflecting context-dependent interaction patterns. Future
work should explore how these dynamics vary across different
conversational contexts to further establish the generalizability
of the framework. Seventh, the present work concentrates on
dyadic interactions, which restricts the extent to which the
findings can be generalized to group-based or more dynamically
evolving multi-person interactions. Extending this framework to
larger and more diverse datasets will be essential for advancing
our understanding of physiological and emotional dynamics
in complex conversational systems. Finally, because emotional
annotations were sampled at 5-s intervals and temporally
expanded to align with physiological signals, both modalities
exhibit temporal autocorrelation. As a result, correlation values
may be influenced by non-independence of adjacent samples
and should be interpreted as reflecting relative patterns of
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association across conditions rather than independent pointwise
relationships. Future work could incorporate statistical models
that explicitly account for temporal dependence to further
refine these analyses.

Conclusion

In conclusion, this study demonstrates that bidirectional
phase coupling provides a powerful framework for characterizing
interpersonal emotional and physiological dynamics during
conversation. By integrating coupling polarity, correlation
analysis, and PCA, we reveal distinct self- and partner-related
affective signatures and highlight complementary roles of
coupling magnitude and in-phase synchronization. Together,
these findings advance understanding of how physiological
synchronization supports emotional exchange in social interaction,
promoting continuous conversational assessment of physiology,

emotions, and speech.
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