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Abstract

In this paper, interpersonal coordination is studied by analyzing physiological synchro-
nization between individuals. To this end, a four-phase protocol is proposed to collect
biosignals from the participants in each dyad. Then, the time evolution of the low-frequency
(LF) power of the heart rate variability process for each participant is deduced. Finally, an
approach based on a bivariate autoregressive model and Granger causality is proposed
to determine whether a dependency exists between the biosignals. The approach is first
applied to synthetic data and then to real data. This method has the advantage of pro-
viding explicit modeling of the dependency, which can help physiologists achieve better
interpretation.

Keywords: biosignal; Granger casality; heart rate variability; multivariate autoregressive
model

1. Introduction
A great deal of interest has been paid to interpersonal coordination for the last decades.

This type of coordination refers to the interdependence between two or more individuals
and can be divided into two main concepts: behavioral mimicry and interpersonal synchro-
nization [1]. Behavioral mimicry occurs when people behave in the same way in a relatively
short space of time [2], while interpersonal synchronization is defined as the spontaneous
rhythmic and temporal coordination of actions, emotions, thoughts, and physiological
processes [3–5]. During the last few years, research teams have studied this synchronization
based on motor or physiological biosignals. For instance, it has been shown that during
a side-by-side or arm-in-arm walk, two individuals synchronize their locomotor patterns
through a complexity matching process [6]. In particular, this process can restore the loco-
motion quality of elderly people by making them walk with healthy individuals [7]. The
phenomenon of interpersonal synchronization is studied not only with motor behaviors,
but also by exploring the relationships between the physiological dynamics of individuals.
This measure is based on the recording of several biosignals to assess interactions within
a group or dyad, i.e., a couple of subjects. Among these biosignals, investigations on
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the respiratory biosignal [8], electrodermal activity [9], or electromyographic activity [10]
highlight physiological interpersonal synchronization. Regarding cardiac biosignals, in
particular heart rate variability (HRV), it is increasingly used to monitor an individual’s
state or change of state. HRV indices are particularly sensitive to changes in cognitive [11]
and emotional [12] states. This can be explained by the brain–heart coordination within the
organism [13]. This dynamic interaction of systems in humans allows for the measurement
of cerebral activity modifications by analyzing the activity of peripheral systems such as
the autonomic nervous system, which is more accessible. This has significant implications
for the generalization of these methods to real-world contexts. HRV has recently been used
to measure such physiological interpersonal synchronization. Blons et al. [14] conducted
a study to understand the physiological resonances associated with emphatic stress. The
aim of their study was to record psychological and physiological cues with HRV during
stress induction within a group. The results showed that psychophysiological synchro-
nizations existed, and the authors suggest that “even if individuals perceive themselves
as autonomous entities, their emotions and affective states are related to those of their
peers, which facilitates social connection and coordination among human beings”. This
project follows in the path taken by these works, which paved the way for questioning the
existence of such synchronization. In this paper, our purpose is to measure the synchro-
nization of cardiac activity using new methodological approaches in a couple of subjects in
several contexts, inducing different levels of collaboration. More specifically, our purpose
is to measure whether there is a dependency between cardiac activity within a dyad in
several contexts that induce different levels of collaboration and to evaluate its influence
on performance and perceived performance on the task. Our contributions are twofold:

1. A protocol with four phases was defined and data was collected. Instead of having a
single value of a biomarker for a task, its temporal evolution is considered over the
whole task. The temporal evolution of the low-frequency (LF) power of each partici-
pant’s HRV process is derived. For each phase and each dyad, two time series consti-
tute the input of the processing chain in order to decide the physiological dependency.

2. Various approaches based on “associative” measures could be considered to address
the above problem by taking into account the fact that the results must be interpreted
easily by the physiologists. Thus, the normalized cross-correlation function could be
studied, but the approach is sensitive to the number of samples available. Detrended
cross-correlation analysis [15], which can be seen as an extension of the detrended
fluctuation analysis [16] to two signals, is mainly used to quantify long-range cross-
correlation between the processes. However, evaluating the long-range link is not
necessarily of interest in our application. Cross-entropy-based approaches aim to
quantify the degree of coupling between two signals. Thus, one could develop a
method based on cross-sample entropy [17] or some variants [18,19]. One could
eventually use the multiscale cross-trend sample entropy, whose goal is to evaluate
the synchronism of the dynamical structure of two series with potential trends [20].
However, the above approaches may not necessarily be explicit enough for the phys-
iologist for an a posteriori interpretation. Deep learning-based approaches could be
developed, but the question of explainability is important.

Therefore, to decide the presence or absence of collaboration and have a representation
of the dependency, we propose to consider a Granger causality-based method. Granger
causality (G-causality) is a method used to determine whether one time series can predict
another. It has been applied in various fields, from finance [21] to neuroscience, including
the analysis of functional Magnetic Resonance Imaging time series, epilepsy detection, and
more. It should be noted that selected landmarks in the development and application of
G-causality for neuroscience and neuroimaging are given in [22]. A common approach to
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study G-causality is to model wide-sense stationary (w.s.s) processes using a multivariate
autoregressive (AR) process. The level of interaction is then quantified by computing the
log ratio of the variances of the prediction error between independent and dependent
cases. In the time domain, G-causality interactions are considered significant when the AR
coefficient matrices are significantly non-diagonal. To this end, the Wald test can be used.
Alternatively, other approaches have been proposed and can be based on partial coherence
statistics [23]. It should be noted that a MATLAB R2024b toolbox for Granger causal
connectivity analysis was proposed by Seth [24]. During the last few years, there has been
a growing interest in analyzing causal influences in the frequency domain. This consists of
applying the Fourier transform to the time-domain equations of the multivariate AR model.
In this context, the transfer matrix of the process can be derived, enabling the definition of
the power spectral density matrix, also known as the spectral matrix. Spectral G-causality
can then be deduced. The normalized Directed Transfer Function (DTF), introduced by
Kaminsky et al. [25], can also be derived from the system’s transfer matrix. By integrating
the DTF over a specific frequency band, the integrated DTF can be obtained. In [26], an
extension to time-varying AR modeling is proposed, where time-varying AR matrices are
estimated using Kalman filtering, assuming that the driving-process variance is known.
By introducing a time-varying transfer matrix derived from the TV AR coefficients, TV
versions of the above connectivity measures can also be developed.

In this paper, we suggest modeling the low-frequency powers of the RR interval time
series (the RR interval time series refers to the time elapsed between two successive R-waves
of the ECG signal) by a bivariate AR process. Then, the AR matrices and the covariance
matrix of the driving process are estimated by considering two cases: either the two time
series are independent or they are correlated. Interpersonal physiological coordination
is finally assessed by comparing the variances of the prediction error obtained under
independent and dependent conditions using a statistical test for variance comparison. For
a given dyad, if the first-subject prediction error variance is significantly larger under the
independent assumption, then coordination is present. This means that the second-subject
signal provides relevant information for predicting the signal of the first participant. To
enhance the robustness of the decision, different estimation methods are considered.

The rest of this paper is organized as follows: In Section 2, the protocol we defined
is presented as well as the recorded data and the features we extracted from them over
time. They correspond to the time series we studied. In Section 3, the processing chain is
presented. Then, in Section 4, results are given for both synthetic and real data.

2. Protocol, Data, and Features
2.1. Presentation of the Protocol

A total of 44 students from the University of Bordeaux (28 men, 16 women, aged
22 ± 4 years) provided informed consent to take part in this study, which was carried out
as a part of their university curriculum. All declared having no history of neurological or
physiological disorders and having normal or corrected vision. Participants were asked
to abstain from alcohol, caffeine, and strenuous physical activity for 12 h prior to the
experiment. In total, 22 same-sex dyads were formed. Due to corrupted data, two dyads
were excluded. During the whole experiment, i.e., around 50 min, participants sat in a
chair at a distance of around 0.6 m from a 24-inch computer screen where they watched
documentaries. A keyboard was used to play games and answer questionnaires. All verbal
and non-verbal communication was prohibited throughout the protocol.

There are four phases in the experiment: In the initial 7-min “solo basal video” phase,
both participants watched a wildlife documentary on opposite sides of a visual divider. In
the 2nd 10-min phase, “solo game”, both participants played a platform game individually.
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The 3rd 10-min phase, “duo game”, involved collaboration between both participants who
played the same platform game. The divider was removed to facilitate collaboration and so
that the participants could see each other. During the 4th 7 min phase, “duo basal video”,
both participants watched the rest of the wildlife documentary on their respective screens;
unlike in the first phase, they could see each other.

2.2. Pre-Analysis of the Collected Data

Two electrocardiograms (ECGs), one for each participant, connected to a PowerLab
(ADInstruments, Dunedin, New Zealand; sampling rate 1000 Hz), were recorded to syn-
chronously obtain the cardiac electrical activities throughout the experiment. HRV was
calculated by cyclically measuring the interval between successive R waves in the ECGs.
Time series of RR intervals (300 to 900 samples depending on the duration of each phase and
the subject’s heart rate) were obtained. They were visually inspected to identify artifacts,
irregular beats, or singular patterns such as cardiac coherence. Data from 7 dyads were
not retained. Too many artifacts were identified in 2 dyads, and cardiac coherence was
achieved by at least one of the two subjects in 5 others. Therefore, 13 dyads were kept.

2.3. Extracting the LF Marker over Time

RR time series were resampled to 4 Hz using Hermite cubic spline interpolation. The
low-frequency (LF) power (0.04–0.15 Hz), a marker of sympathetic autonomic activity [27],
was estimated over time using Fourier analysis by combining a fast Fourier transform with
zero padding and the trapezoidal method. A two-minute sliding Hanning window with a
maximum overlap was then used to obtain an evolution of this marker over time. For each
dyad and each experimental phase, two sequences, denoted as xj(k) with j = 1 or 2, were
thus available (900 to 1700 samples). We noticed that the data can be assumed to be w.s.s.

3. Whole Processing Chain
Two assumptions are proposed: for each dyad, the two LF markers over time at each

phase of the protocol are assumed to be a bivariate AR process or a bivariate AR process
disturbed by an additive white Gaussian noise. In each case, the two sequences are either
independent (and processed independently in that case) or not. We recall the existing
approaches to estimate the AR parameters and the noise variances. Then, we present our
methodology to decide which assumption can be considered to model the data and whether
the LF markers of the two participants are independent or not.

3.1. Assumption 1: Data Modeled by an AR Model

The data are first centered by removing the estimated mean. We then propose to model
the resulting centered data by considering a real bivariate p-th-order AR process denoted
as X(k) whose components are x1(k) and x2(k):

X(k) = −
p

∑
i=1

Ap
i X(k − i) + Up(k) (1)

with {Ap
i }i=1,...,p being the AR matrices and Up(k) being a white noise vector can be inter-

preted as the error made on the prediction of X(k) based on the last p values of the process.
When the AR matrices and the covariance matrix of Up(k) are diagonal, the processes

x1(k) and x2(k) are independent. Each satisfies the following relationship:

xj(k) = −
pj

∑
i=1

a
pj

i,jxj(k − i) + u
pj

j (k) (2)

with {a
pj

i,j}i=1,...,pj being the AR parameters of the process for the order pj , u
pj

j (k) being the
prediction error, and j = 1, 2.
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Given the above model, let us now address the parameter estimation from the observa-
tions available. It should be noted that when the processes x1(k) and x2(k) are independent,
we opt for (2); otherwise, the processes are correlated and we start from (1).

Independent case: Batch methods and recursive approaches exist. Let us first focus on
the first family. From (2), a recurrence relation satisfied by the correlation function rxj xj (τ)

of xj and the variance σ2
u,j(pj) of u

pj

j (k) can be deduced:

rxj xj (τ) = −
pj

∑
i=1

a
pj

i,jrxj xj (τ − i) + σ2
u,j(pj)δ(τ) (3)

By selecting τ = 1, . . . , p, we obtain the Yule–Walker equations from which the AR parame-
ters are deduced. By setting τ = 0 in (3), σ2

u,j(pj) is deduced. In a compact form, one obtains
the following:

rxj xj (0)− σ2
u,j(pj) rxj xj (1) · · · rxj xj (1 − pj)

rxj xj (1) rxj xj (0)
...

...
. . .

...
rxj xj (pj − 1) · · · · · · rxj xj (0)




1

a
pj

1,j
...

a
pj

pj ,j

 = Rxjuj

[
1
θj

]
= 0pj+1 (4)

where 0pj+1 is a column vector of pj + 1 zeros. It should be noted that Rxjuj is the covariance

matrix of the vector
[

xj(k)− u
pj

j (k) xj(k − 1) . . . xj(k − pj)
]T

. If σ2
u,j(pj) is known, the

parameter vector
[
1 a

pj

1,j . . . a
pj

pj ,j

]T
can be directly computed from (4), as it is the kernel

of Rxjuj . As σ2
u,j(pj) is usually unknown, it can be retrieved by taking advantage of the fact

that the determinant of Rxjuj is equal to zero. Starting from the following block partition of
Rxjuj ,

Rxjuj =

[
rxj xj (0)− σ2

u,j(pj) βT

β Rxj xj

]
(5)

it is easy to find
σ2

u,j(pj) = rxj xj (0)− βT R−1
xj xj

β =
det(R̄xj xj )

det(Rxj xj )
, (6)

where R̄xj xj is obtained by removing σ2
u,j(pj) in Rxjuj . Therefore, the second batch method

consists of computing the ratio of the determinants of the covariance matrices of consecutive
sizes larger than or equal to pj to obtain σ2

u,j(pj). The eigenvector of (5) associated with the
zero eigenvalue normalized with respect to the first element provides an estimate of the
AR parameters.

Furthermore, to reduce the computation cost, the Durbin–Levinson algorithm is
designed to estimate the parameters of AR models by incrementally increasing the model
order [28]. The variances for two consecutive orders, namely pj and pj + 1, verify the
following:

σ2
u,j(pj + 1) = (1 − ρ2

pj+1)σ
2
u,j(pj) (7)

with ρpj+1 being the (p + 1)th reflection coefficient of the jth process equal to a
pj+1
pj+1,j. Given

(7), its modulus is smaller than 1.
In practice, there are various methods to estimate the AR parameters: When consider-

ing the Markel and Gray approach [29], namely the correlation method, the AR process is
assumed to be w.s.s. and ergodic. In that case, the expectation is replaced by an infinite time
average. When a finite number N of samples is available, the biased estimate is considered.
The covariance method proposed by Atal et al. [30] is based on the same concept except that
the correlation function is estimated slightly differently. The estimation of the correlation
matrix is still symmetric but no longer Toeplitz. An alternative consists of minimizing the
sum of the squares of the prediction errors. In that case, (2) can be written in a matrix form
as follows:

X j =
[

xj(pj + 1) . . . xj(N)
]T

= Ajθ j + U j (8)
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with Aj being a matrix of size (N − pj)× pj defined from the samples of the process and U j

being similarly defined as X j with the samples of the driving process u
pj

j (k). The ordinary
least squares method leads to the following:

θ j = (AT
j Aj)

−1 AT
j X j (9)

It should be noted that a singular value decomposition of Aj is usually applied to avoid
numerical issues. Moreover, in some cases, regularized approaches like Ridge and Lasso
are used.

Finally, the Burg algorithm is based on the minimization of the forward and backward
sums of squared errors.

Recursive approaches exist and are usually based on the least mean squares (LMS) (or
one of its variants such as the normalized LMS) and Kalman filtering combined with a step
criterion [28].

In the above methods, one of the key questions lies in the estimation of the order of
the AR process. For this purpose, one can use the selection criteria such as the Akaike
information criterion (AIC), Bayesian information criterion (BIC) and final prediction error
(FPE) criteria compare the AR spectrum associated with the estimated AR parameters with
the power spectrum of the signal obtained from the Fourier transform and check some
theoretical properties such as (7).

Dependent cases: We can extend the Yule–Walker equations to the case of multivariate
AR processes. The correlation function is replaced by a correlation matrix. The extension of
(9) to a bivariate AR process can be also carried out.

3.2. Assumption 2: Data Modeled by a Real Bivariate AR Model + Noise

The data are modeled by a bivariate AR process disturbed by an additive white noise:

Y(k) = X(k) + Wp(k) (10)

with Wp(k) = [wp1
1 (k) wp2

2 (k) ]T being a white process with the covariance matrix Σw and
uncorrelated with the prediction error Up(k). With reference to the independent case, by
inserting yj(k) = xj(k) + w

pj

j (k) in (2), we get

yj(k) +
pj

∑
i=1

a
pj

i,jyj(k − i) + u
pj

j (k) + w
pj

j (k) +
pj

∑
i=1

a
pj

i,jw
pj

j (k − i) = 0 (11)

Starting from (11), it is possible to show that the Yule–Walker Equation (4) for the jth
process becomes (

Ryjuj − σ2
w,j(pj)Ipj+1

)[ 1
θj

]
= 0pj+1, (12)

where Ryjuj is similarly defined as Rxjuj and σ2
w,j(pj) is the variance of w

pj

j (k). The above
equation can also be obtained by replacing rxjxj(0) with ryjyj(0)− σ2

w,j(pj) in (4).
Because of the presence of the noise W(k), the previously mentioned identification

methods lead to biased estimates, even asymptotically. To overcome this problem, different
solutions have been proposed in the literature. Since the additive noise affects the corre-
lation function of the noisy data at lag zero, one initial idea is to avoid using (3), which
includes the correlation function at zero lag. This results in the modified Yule–Walker equa-
tions, which can be interpreted as an instrumental variable technique [31–33]. However,
the variances of the driving process and the additive noise cannot be estimated. The major
part of the available methods are based on the bias compensation principle. The rationale
consists of ‘compensating’ the bias of classical approaches through the estimation of the ad-
ditive noise covariance matrix Σw or the variance σ2

w,j(pj) [34–40]. In [41], a Gauss–Newton
recursive prediction error is proposed.
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Other approaches exploit the expectation maximization (EM) algorithm [42–44]. An
expectation maximization (M)-based method was proposed in [42]. Then, Gannot et al. [43]
revisited it and integrated Kalman filtering into the EM algorithm. Finally, Whittle likeli-
hood can also be considered. In [45,46], structure-based dual estimators (Kalman or H∞)
were presented.

Finally, one of the most promising approaches relies on the so-called Frisch scheme [47].
It consists of finding the solution of the identification problem within a locus of solutions
compatible with the second-order statistics of the noisy data [48,49]. In order to estimate a
single model among the set of possible solutions, it is necessary to define a suitable selection
criterion. The univariate [48] and multivariate cases [49] were addressed. It should be
noted that other works were conducted when the additive noise was no longer white but
colored (see [40,50,51]).

3.3. Comparing the Variance of Prediction Error Under Independent or Correlated Assumptions

Physiological interpersonal coordination is assessed using the following methodology:
Step 1—selection of the model: Both assumptions are first analyzed to see whether an

additive white noise has to be considered in the modeling. When applying Frisch-scheme-
based methods described in the above section, we noticed that its variance was negligible with
respect to the power of the AR processes. Assumption 1 in terms of modeling was kept. It
should be noted that a more formal approach would be to use an AIC-based selection method.

Step 2—estimation of the AR parameters/matrices and the variance/covariance
matrix of the prediction error: Estimation methods are first selected such as the one based
on (9), the covariance method and the Burg algorithm for the independent case, and the
extension of (9) to a bivariate AR process for the dependent case. Moreover, depending on
the criteria to select the order, we decided to consider different assumptions for the order.
For a specific method, if the results obtained for various orders did not satisfy (7), they
were not taken into account.

Step 3—decision on dependency: The purpose is to compare the variances of the
prediction error obtained in the independent and dependent cases by using a statistical test
for comparison of variances (two-sample F-Test with a significance threshold set at 0.05).
For a given dyad and phase, and for one estimation method, if the estimated variance of the
prediction error of one participant in the independent case is larger than the one obtained
in the dependent case, then coordination is at play. Considering the different estimation
methods and possible orders for each comparison of variances, the results are given in
the form of a probability of influence of one player on the other player in the dyad. This
probability corresponds to the number of comparisons in favor of coordination compared
with the total number of comparisons. When the probability is strictly larger than 0.5, a
final decision is taken. When the probability is equal to 0.5, we consider the decision to
be uncertain.

4. Results and Comments
4.1. Synthetic Data

Let us consider a set of 3000 stochastic bounded input-bounded output-bivariate
AR processes. The order (between 2 and 10) and the parameters are randomly drawn.
Four classes are generated: class 1: independent components; class 2: the first component
depends on the second; class 3: the second depends on the first; and class 4: both depend
on each other.

Based on the results provided in Tables 1–3, the proposed method yields good re-
sults for the first three classes but struggles to identify the double dependencies (class 4),
although increasing the number of samples improves the classification accuracy. Never-



Comput. Sci. Math. Forum 2025, 11, 30 8 of 12

theless, the method can clearly determine whether a dependency exists. Therefore, for
real-world data, only two classes will be considered—no dependency (ND) or dependency
(D)—with the latter encompassing either a single dependency or mutual dependencies.

Table 1. Confusion matrix when the number of samples is equal to 1000.

Generation (Row) Class 1 Class 2 Class 3 Class 4 Uncertainty
vs. Decision (Col.)

Class 1 96.8 0 0 0.2 3

Class 2 2.27 96.37 0 0.03 1.33

Class 3 1.97 0 97.17 0.1 0.76

Class 4 1.63 35.97 37.87 22.87 1.66

Table 2. Confusion matrix when the number of samples is equal to 3000.

Generation (Row) Class 1 Class 2 Class 3 Class 4 Uncertainty
vs. Decision (Col.)

Class 1 97.67 0 0 0.07 2.27

Class 2 1.50 97.37 0 0.03 1.10

Class 3 1.63 0 97.27 0.07 1.03

Class 4 0.80 31.83 31.57 34.60 1.20

Table 3. Confusion matrix when the number of samples is equal to 10,000.

Generation (Row) Class 1 Class 2 Class 3 Class 4 Uncertainty
vs. Decision (Col.)

Class 1 96.67 0.07 0.03 0.03 3.20

Class 2 1.37 97.93 0 0.03 0.67

Class 3 1.20 0 97.90 0.00 0.90

Class 4 0.40 26.53 26.43 45.93 0.70

4.2. Real Data

The results are presented in Table 4 below for the four experimental phases (solo
basal video, solo game, duo game, and duo basal video) and the 13 dyads. The orders of
the AR modeling are equal to 6 and 8 most of the time. In most cases, no coordination
was detected. For Phases 1 and 2, during which the members of the dyads neither see
each other nor collaborate, a non-dependency decision seems consistent. However, dyad
no. 11 remains an exception. For Phases 3 and 4, which may induce more collaboration,
we observe that dyads no. 2 and no. 3 exhibit physiological coordination. A very strict
decision threshold was selected in order to limit the number of false positives. This partly
explains the low number of synchronized dyads, particularly during collaborative phases.
Optimizing this decision threshold is one of the potential avenues for improving the method.
To extend the interpretation of this methodological work, this preliminary study will be
complemented by an additional cohort of participants to achieve a sufficient number of
physiologically coordinated dyads. Psychological factors such as stress, anxiety, and social
proximity, as well as behavioral performance factors, may act as moderating variables of
the level of physiological coordination. These parameters are not discussed in this initial
methodological study but will be incorporated into future research aimed at applying
these methods to various real-world contexts. For instance, in dyad 11, a strong social
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proximity between the two participants could explain the synchronization observed from
the beginning of the experiment.

Table 4. Decision made on each dyad; D and ND, respectively, mean dependency and no dependency.

Dyad Number Phase 1 Phase 2 Phase 3 Phase 4

no. 1 ND ND ND ND

no. 2 ND ND ND D

no. 3 ND ND D D

no. 4 ND ND ND ND

no. 5 ND ND ND ND

no. 6 ND ND ND ND

no. 7 ND ND ND ND

no. 8 ND ND ND ND

no. 9 ND ND ND ND

no. 10 ND ND ND ND

no. 11 D ND ND D

no. 12 ND ND ND ND

no. 13 ND ND ND ND

5. Conclusions and Perspectives
This multidisciplinary project is challenging. The proposed method is promising. We

are currently working on alternative models such as nonlinear AR models or time-varying
AR models, but also deep learning approaches using a CNN architecture whose input is a
windowed estimation of the normalized cross-correlation between the signals and whose
training is made with labeled synthetic bivariate AR processes.

Our long-term objective is to compare and combine approaches. We will also explore
data on perceived performance and social proximity to measure their mitigating effects on
physiological synchronization.
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