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• We present a cross-correlational method (WDCC) for studying synchronization processes.
• We derive the WDCC signatures expected from the most popular theoretical models.
• We apply WDCC to a set of data collected during interpersonal synchronization.
• A mix of asynchrony correction and complexity matching sustains synchronization.
• Coupled oscillators model are not relevant in interpersonal synchronization.
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a b s t r a c t

The aim of this paper was to propose a formal approach of the Windowed Detrended
Cross-Correlation (WDCC) analysis, a method designed for identifying the processes that
underlie intra- and interpersonal synchronization. We present the three main theoretical
frameworks that have been proposed for accounting for synchronization processes, (1) the
information-processing approach, (2) the coupled oscillatorsmodel and (3) the complexity
matching effect. We formally derive the WDCC results that could be expected from each
model. We show by simulation that each model allows generating series that fit the
expected results. We also analyze experimental data sets collected in situations that were
supposed to selectively elicit the synchronization processes depicted in the three theo-
retical frameworks. Our results show that the information-processing and the complexity
matching processes are both present in each situation, but with a clear dominance of one
of these processes on the other. Finally our results lead us to cast some doubts about the
relevance of the coupled oscillators model in interpersonal synchronization.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction: Synchronization processes

Interpersonal synchronization represents a very common phenomenon in daily life activities, for example when people
walk together, dance, play music, etc. However, the processes that sustain this kind of behavior remain still poorly
understood, and several theoretical frameworks are in competition for explaining how interpersonal synchronization occurs.
According to Almurad, Roume, & Delignières [1], three main theoretical paradigms have been proposed for accounting

∗ Correspondence to: Euromov, Univ. Montpellier, 700 avenue du Pic Saint Loup, 34090 Montpellier, France.
E-mail address: didier.delignieres@umontpellier.fr (D. Delignières).

https://doi.org/10.1016/j.physa.2018.08.074
0378-4371/© 2018 Elsevier B.V. All rights reserved.

https://doi.org/10.1016/j.physa.2018.08.074
http://www.elsevier.com/locate/physa
http://www.elsevier.com/locate/physa
http://crossmark.crossref.org/dialog/?doi=10.1016/j.physa.2018.08.074&domain=pdf
mailto:didier.delignieres@umontpellier.fr
https://doi.org/10.1016/j.physa.2018.08.074


1132 C. Roume et al. / Physica A 503 (2018) 1131–1150

for synchronization processes: (1) the information-processing approach, (2) the coupled oscillators model and (3) the
complexity matching effect. These theoretical accounts differ in their basic assumptions, but also in the kind of tasks or
activities that they consider.

1.1. The information-processing approach

This approach suggests that interpersonal synchronization is based on cognitive, representational processes of anticipa-
tion. This paradigm originates in the analysis of sensorimotor synchronization, focusing at the experimental level on the
synchronization of simple movements (e.g., finger tapping) with a regular metronome [2,3]. A number of studies suggested
that in such tasks synchronization is achieved by a systematic correction of the current inter-tap interval, on the basis of the
last asynchronies [4–6].

In order to account for synchronizationwithmore realistic environments, this paradigmhas been extended to the study of
synchronizationwith non-isochronousmetronomes, and some recent studies focused on synchronizationwithmetronomes
that presented fractal variabilities, which are supposed to represent the kind of fluctuations one encounters with natural
situations, and especially with human partners [7–12]. These experiments generally showed that individuals tracked the
timing variations of the metronome sequence by a discrete correction of the last asynchrony [8,9,13]. This tracking behavior
is essentially similar to that supposed by the classical work on synchronization with regular metronomes.

This information processing approach has also been extended to interpersonal synchronization, especially in the study
of dyadic finger tapping tasks [14–16]. As previously, the results suggested that interpersonal synchronization was achieved
by a mutual correction of the last asynchrony.

1.2. The coupled oscillators model

A second theoretical framework has been proposed by the coordination dynamics perspective, which was originally
developed for accounting for bimanual coordination [17,18]. This approach was based on the hypothesis of a continuous
coupling between the two effectors, considered as self-sustained oscillators. Schmidt, Carello, and Turvey [19] suggested to
apply this model to interpersonal synchronization. They showed, in a series of experiments in which two seated participants
were asked to visually coordinate their lower legs, that interpersonal coordination presented strong similarities with
bimanual coordination: anti-phase and in-phase coordination patterns emerged as intrinsically stable behaviors, with anti-
phase being less stable than in-phase coordination, and spontaneous transitions from anti-phase to in-phase coordination
were also observed with increasing frequency. Similar results were obtained in diverse interpersonal tasks, such as rocking
side-by-side in rocking chairs [20], or swinging pendulums together [21]. Some important predictions of the original model,
such as the effect of a difference between the uncoupled eigenfrequencies of the two oscillators, were also evidenced in
interpersonal coordination tasks [21]. In contrast to the previous approach, the coordination dynamics perspective does not
suggest any form of discrete, cycle-to-cycle correction of asynchronies.

1.3. The complexity matching effect

Complexity matching represents a third framework that has been recently proposed for accounting for interpersonal
coordination processes [1,9,22–24]. The concept of complexity matching was introduced by West et al. [25], and states that
the exchange of information between two complex networks ismaximizedwhen their complexities are similar. The response
of a complex network to the stimulation of another network is a function of thematching of their complexities. This property
requires that both networks generate 1/f fluctuations, and has been interpreted as a kind of ‘‘1/f resonance’’ [26].

An interesting conjecture exploiting the complexity matching effect supposes that two coupled complex systems tend to
attune their complexities in order to optimize information exchange. This conjecture suggests a close matching between
the scaling exponents characterizing the series produced by each system. The processes that underlie this tailoring of
fluctuations remain not fully understood. Stephen and Dixon [27] proposed an interesting hypothesis, which explained
this attunement as a case of multifractal cascade dynamics in which perceptual-motor fluctuations are coordinated across
multiple time scales. This coordination among multiple time scales could support the apparently predictive aspects of
behavior without requiring an internal model.

These three theoretical frameworks have received considerable supports in their respective fields of emergence, including
interpersonal coordination tasks. We are not sure, however, that these frameworks represent alternative hypotheses for
accounting for similar phenomena. Depending on the nature and the constraints of the situation, different synchronization
processes could be at work, and each framework could offer satisfying accounts in specific tasks. The information processing
approach seems particularly relevant for accounting for situations where one has to synchronize discrete movements
(e.g., tapping) with series of discrete signals [2,14]. The coordination dynamics perspective was essentially developed for
accounting for the coordination of continuous, oscillatory movements [19]. The scope of complexity matching remains to
define, but it has been previously applied to very diverse situations, including non periodic interactions between complex
systems [22].

Almurad, Roume, and Delignières [1] proposed a set of statistical signatures, in order to test the respective relevance of
these frameworks in specific situations. Their goal was to determine statistical tests that could be able to unambiguously
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identify the processes at work in interpersonal coordination. They proposed three possible tests: the first one was based on
multifractal analyses, and has been initially proposed by Delignières et al. [23], the second and the third exploited cross-
correlation analyses. In the present paper we focus on the Windowed Detrended Cross-Correlation analysis. This method has
been applied in some recent papers, but its formal properties have never been explicitly analyzed.

2. Windowed detrended cross-correlation analysis

The principle of windowed cross-correlation was initially introduced by Boker, Hu, Rotondo and King [28], for analyzing
the association between behavioral series in longitudinal studies. The authors considered that in such situations the
assumption of stationarity of the association over thewhole time seriesmight not bewarranted. The nature and the strength
of the association could change over time, and cross-correlations computed over the whole series may only provide a poor
picture of the true nature of the relationships between the two series. They proposed to analyze cross-correlation function
over a short sliding window, in order to account for the evolution of the association over time.

This method was used by Konvalinla et al. [14], in a laboratory experiment where paired participants had to tap in
synchrony with each other. Auditory feedback was manipulated in order to induce specific coupling modes between the
two participants (i.e., no coupling, uni-directional coupling or bi-directional coupling). However, the authors considered
that in such controlled experiment the association was sufficiently consistent over time for allowing the consideration of
the average windowed cross-correlation function.

Delignières and Marmelat [9] proposed to add a detrending procedure within each window before the computation of
the cross-correlation function. Note that this windowing–detrending combination was initially introduced by Lemoine and
Delignières [29], in order to improve the performance of auto-correlation analyses for distinguishing between the event-
based and the emergent modes of timing. The introduction of detrending by Delignières andMarmelat [9] wasmotivated by
the recurrent observation that behavioral time series typically exhibited 1/f -like fluctuations, and then presented various
interpenetrated trends, over diverse time scales. Such trends could strongly affect cross-correlations, and spuriously increase
the obtained values. Detrending was also used by Podobnik and Stanley [30] in the development of the Detrended Cross-
Correlation Analysis (DCCA), a method that aimed at evidencing the long-range nature of cross-correlations between
simultaneously recorded time series. As in the present method, detrending was introduced for controlling for the effects
of non-stationarities in the series (see also [9,31–34]). DCCA essentially aimed at describing the evolution of average lag
0 cross-correlation over windows of increasing length. In contrast, the Windowed Detrended Cross-Correlation analysis
(WDCC), which is presented and discussed in the present paper, aims at assessing the average cross-correlation function,
over intervals of short (fixed) length. It explicitly focuses on local processes of synchronization. Thismethodhas been recently
used in several publications, sometimes with some minor methodological variants [1,9,35,36].

We now present in details the WDCC algorithm. Consider two series I1(n) and I2(n) with length N. The main principle is
to compute the cross-correlation function, from lag –kmax to lag kmax, considering windows of length L. The first considered
window is the interval [I1(kmax + 1), I1(kmax + 1 + L)]. The cross-correlation of lag k, k = −kmax, . . . , 0, . . . , kmax, is the
correlation r(k) between this first interval and the interval [I2(kmax + 1 + k), I2(kmax + 1 + L + k)].

The first interval is then lagged by one point, and a second cross-correlation function is computed. This process is repeated
up to the last interval [I1(N−kmax −L−1), I1(N−kmax −1)]. Note that inmost previous papersWDCC used non-overlapping
windows [1,9,35,36]. In the present work we used a sliding window, as initially proposed by Boker et al. [28]. We consider
that this method provides a more complete picture of cross-correlations between the two series.

Before the computation of each cross-correlation functions, the data within the window in I1(n) and the lagged windows
in I2(n) are linearly detrended. Then the cross-correlation functions are point-by-point averaged. Note that before averaging,
the cross-correlation coefficients r(k) are transformed in z-Fisher scores Zr(k):

Zr(k) =
log[(1 + r(k))/(1 − r(k))]

2
(1)

Then the Zr(k) coefficients are averaged over all windows and backward transformed in correlation metrics:

r(k) =
exp(2Zr(k)) − 1

exp(2Zr(k)) + 1
(2)

Because WDDC uses very narrow windows (L = 15 data points in the present paper), and excludes linear trends, one
can difficultly expecting to find significant correlations, in the classical sense (i.e., on the basis of the Bravais–Pearson’s
correlation test).WDCCprovides local traces of the original correlations, andwe aremore interested in the sign of the average
WDCC coefficients, than in their statistical significance. Therefore we test the signs of averaged coefficients with two-tailed
location t-tests, comparing the obtained values to zero. We present in Appendix B theMATLAB code we used for computing
the average WDCC function, and for applying the location t-tests.

Note also that we conduct in the following parts of this paper a formal analysis at the level of covariance, which is more
easily decomposable than correlations, but we present graphical results in terms of correlations in order to allow a better
readability and a direct comparison between data sets. By definition, the signs of covariance and correlation are identical.
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3. Experimental data sets

In the present article we used four sets of experimental data, in order to illustrate the main steps of our argumentation.
These data were previously exploited in dissertations and published papers, and the details of the respective protocols are
presented in the Appendix A. The first data set represents series of inter-tap intervals produced in an experiment where two
participants were instructed to perform finger tapping in synchrony [37]. This kind of task was supposed to specifically elicit
synchronization processes based on discrete asynchrony correction. The second data set was recorded in an experiment
during which participants performed bimanual forearm oscillations [38]. In this situation synchronization was supposed
to be governed by a continuous coupling between effectors. The third one was collected in an experiment where dyads
had to oscillate pendulums in synchrony [24]. This experimental situation was also expected to be sustained by continuous
coupling [21]. Finally the fourth data set was collected in an experiment where dyads walked in synchrony, arm-in-arm,
around an indoor running track [1]. The authors presented this task as sustained by a complexity matching effect.

4. Basic properties of asynchronies in synchronization data

In a first step we highlight some basic properties that should be present in all synchronized series, from the moment
where the two systems are effectively synchronized. Let I1(n) and I2(n) be the time intervals produced by the first and the
second system, respectively. A1(n) represents the asynchrony of I1(n) with respect to I2(n), and is defined as:

A1(n) = A1(0) +

n∑
k=1

I1(k) −

n∑
k=1

I2(k) (3)

where A1(0) represents the initial asynchrony. By definition, A1(n) < 0 signifies that the first system leads the second. Note
that the reverse asynchrony A2(n) could also be considered, with A2 (n) = − A1(n). Considering that the two systems are
(closely) synchronized, A1(n) should be a stationary process, with stable mean and variance over time.

Whichever way synchronization is produced, an increase in I1(n) should induce an increase of the concomitant asyn-
chrony A1(n). Then,

cov [I1(n), A1(n)] > 0 (4)

As well, in order to maintain synchronization, an increase in A1 (n) should be followed by a decrease in the next interval.

cov [A1(n), I1(n + 1), ] < 0 (5)

Wechecked these assumptions by computing the cross-correlation functionbetween I1(n) andA1(n) in the four previously
presented data sets. In order to get useful estimates for the next sections we applied the WDCC algorithm. We present
in Fig. 1 the averaged WDCC functions, from lag-10 to lag 10. In all cases, the WDCC function presented, as expected, a
positive peak at lag 0, and negative peaks at lag−1 and lag 1. As previously explained, we tested the signs of averaged cross-
correlation coefficients by means of a two-tailed location t-test. In all cases, the lag 0 cross-correlation was positive (data
set #1: t9 = 27.36, p < .01; data set #2: t11 = 14.85, p < .01; data set #3: t10 = 39.12, p < .01; data set #4: t10 = 8.33,
p < .01). The lag−1 cross-correlation was negative (data set #1: t9 = −11.76, p < .01; data set #2: t11 = −5.44, p < .01;
data set #3: t10 = −7.10, p < .01; data set #4: t10 = −3.47, p < .01), as well as the lag 1 cross-correlation (data set #1:
t9 = −11.05, p < .01; data set #2: t11 = −7.38, p < .01; data set #3: t10 = −4.42, p < .01; data set #4: t10 = −3.22,
p < .01).

The properties described by Eqs. (4) and (5) suggest that the lag 1 auto-covariance of A1(n) should be negative:

cov [A1(n), A1(n + 1), ] < 0 (6)

We checked this assumption by computing the auto-correlation function of asynchronies in our four data sets. As
previously, we used a windowed detrended auto-correlation algorithm, based on the same principles of WDCC. We
computed auto-correlations from lag 1 to lag 20.We present in Fig. 2 the average auto-correlation functions, for the four data
sets. As expected, the average lag 1 auto-correlationwas negative in all cases.We tested the signs of the lag 1 auto-correlation
coefficients by means of a two-tailed location t-test, which revealed significant differences to zero in all data sets (data set
#1: t9 = −9.60, p < .01; data set #2: t11 = −38.62, p < .01; data set #3: t10 = −7.63, p < .01; data set #4: t10 = −4.30,
p < .01).

5. Detrending and windowing

Detrending supposes that a series can be decomposed as the sum of the linear trend and the residuals (i.e., the difference
between the original value and the trend):

x(n) = xtrend(n) + xres(n) (7)
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Fig. 1. Windowed detrended cross-correlation functions, from lag-10 to lag 10, between intervals and asynchronies. (a) data set #1, interpersonal tapping
task; (b) data set #2, bimanual oscillations; (c) data set #3, interpersonal pendulum task; (d) data set #4, walking in synchrony (*: p < .01).

TheWDCC algorithmuses linear detrending. This choicewasmotivated by the assumption thatwith a narrowwindowing
(15 points), the linear trend should be relevant in most intervals. Note that if the series is stationary with zero mean,
xres(n) = x(n).

Behavioral series are oftenmodeled as the linear combination of component series [4–6,39,40]. Someof these components
are stationary: this is the case for asynchronies, as previously stated, and also for the error series that are modeled as
uncorrelated noises. Some others components, in contrast, exhibit 1/f fluctuations [39,41,42]. These series have been
characterized as fractional Gaussian noises (fGn), and as such are considered stationary on the long term. However, such
series, as previously noticed, present various interpenetrated trends, over diverse time scales (see Fig. 3, graph a). In such
a case, windowing is supposed to isolate narrow segments in the series that could be effectively stationarized by linear
detrending, within each window.

Fig. 3 (graphs b and c) illustrates the effect of detrending within a window of 15 data points. The original points (graph b)
present a positive trend, and the detrended series (graph c) is stationary, with zeromean. 1/f series are considered stationary
around the local trend. On this local scale, this graph suggests a kind of alternation of successive points around the trend.

We present in graph d (black circles) the average autocorrelation function, computed from lag 1 to lag 30, over 12
simulated series of 1024 data points, with Hurst exponent H = 0.9. As expected, the autocorrelation function shows long-
range persistence: auto-correlation remains significant over 30 lags. Graph d represents also in white circles the average
windowed detrended autocorrelation function, using a sliding window of 15 points, over the same set of series. As can be
seen, persistence is extinguished by the windowed detrending procedure. This suggests that persistence, in fGn series, is
mainly sustained by trends. More interestingly, a location t-test shows that autocorrelation coefficients are negative, from
lag 2 to lag 9. This reinforces the idea that within each window, the detrended series presents a kind of anti-persistence
around its local trend. This observation will have some importance in the following parts of this paper.
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Fig. 2. Windowed detrended auto-correlation functions of asynchronies. (a) data set #1, interpersonal tapping task; (b) data set #2, bimanual oscillations;
(c) data set #3, interpersonal pendulum task; (d) data set #4, walking in synchrony (*: p < .01).

In the following parts of this paper, we analyze the models that have been proposed in the three theoretical frameworks
we presented in the introduction, and we try to formally derive the results that could be expected in each case with the
application of WDCC.

6. Mutual correction of asynchronies

This first model is supposed to account for the synchronization of two participants in event-based timing tasks (e.g., in
synchronized tapping). It represents an extension of the model proposed by Vorberg and Wing [4] or Pressing and Jolley-
Rogers [5] for accounting for tapping in synchronization with a regular metronome. This initial model could be expressed as
follows:

I(n) = I∗(n) − αA(n − 1) + γ [B(n) − B(n − 1)] (8)

where I(n) represents the inter-tap intervals produced by the participant, I∗(n) the interval provided by an internal
timekeeper, A(n) the asynchrony between the nth tap and the nth metronome signal, and B(n) a white noise process
corresponding to the error produced by the motor component at the nth tap. The presence of a differenced white noise term
[B(n) − B(n − 1)] is related to the event-based nature of the task: I(n) is defined by the production of two successive taps,
and then is affected by the two successive motor errors [40]. Initially I∗(n) was considered a white noise source [4,40], but
the analysis of prolonged trials showed that the series of intervals produced by the timekeeper presented fractal properties,
and should be modeled as a 1/f source [41,42].
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Fig. 3. (a) fGn simulated series with H = 0.9. (b) an interval of 15 point extracted from the series of graph (a). The dashed line represents the linear trend
within the interval. (c) The same interval, after detrending. (d), black circles: average autocorrelation function, from lag 1 to lag 30, over 12 simulated series
of 1024 data points, with H = 0.9. (d), white circles: averaged windowed detrending autocorrelation function, from lag 1 to lag 30, with a sliding window
of 15 points, over the set of 12 simulated series.

This model can be extended as follows for synchronized tapping:{
I1(n) = I∗1 (n) − α1A1(n − 1) + γ1 [B1(n) − B1(n − 1)]
I2(n) = I∗2 (n) − α2A2(n − 1) + γ2 [B2(n) − B2(n − 1)]

(9)

where I1(n) and I2(n) represent the inter-tap intervals produced by participant 1 and 2, respectively, I∗1 (n) and I∗2 (n) the
intervals provided by their respective timekeepers, A1(n) and A2(n) their mutual asynchronies, and B1(n) and B2(n) their
respective error terms. At this stage, we have no specific assumption about a possible relationship between I∗1 (n) and I∗2 (n),
which could be considered either independent or cross-correlated.

Now consider the effect of detrending. Each inter-tap interval can be decomposed as the sum of the theoretical interval
given by the linear regression and the associated residual. For participant 1:

I1(n) = I1trend(n) + I1res(n) (10)

Combining Eqs. (9) and (10) yields:

I1(n) = I∗1trend(n) + I∗1res(n) − α1A1trend(n − 1) − α1A1res(n − 1)

+γ1B1trend(n) + γ1B1res(n) − γ1B1trend(n − 1) − γ1B1res(n − 1) (11)

As previously stated A1(n) should be stationary and for simplicity we suppose that the asynchronies are centered around
zero (note that this assumption supposes that corrections are reciprocal, without systematic leader/follower relationship).
On the other hand, B1(n) is by definition a zero mean and stationary process. Then A1res(n) = A1(n) and B1res(n) = B1(n). On
the basis on these assumptions Eq. (11) could be simplified as:

I1(n) = I∗1trend(n) + I∗1res(n) − α1A1(n − 1) + γ1B1(n) − γ1B1(n − 1) (12)
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Combining Eqs. (10) and (12) yields:

I1res(n) = I∗1trend(n) − I1trend(n) + I∗1res(n) − α1A1(n − 1) + γ1 [B1(n) − B1(n − 1)] (13)

Finally, and considering again A1(n) and B1(n) as stationary processes, one could suppose that the essential contribution
to trends in I1(n) comes from I∗1 (n). Then,

I∗1trend(n) = I1trend(n) (14)

The whole system could then be rewritten as:{
I1res(n) = I∗1res(n) − α1A1(n − 1) + γ1 [B1(n) − B1(n − 1)]
I2res(n) = I∗2res(n) − α1A2(n − 1) + γ2 [B2(n) − B2(n − 1)] (15)

The distributivity of covariance [4] allows to derive an expression of the lag k covariance between the residuals of the
inter-tap intervals series produced by the two participants:

cov [I1res(n), I2res(n + k)] = cov
[
I∗1res(n), I

∗

2res(n + k)
]

−α2cov
[
I∗1res(n), A2(n + k − 1)

]
+γ2cov

[
I∗1res(n), B2(n + k)

]
−γ2cov

[
I∗1res(n), B2(n + k − 1)

]
−α1cov

[
A1(n − 1), I∗2res(n + k)

]
+α1α2cov [A1(n − 1), A2(n + k − 1)]
−α1γ2cov [A1(n − 1), B2(n + k)]
+α1γ2cov [A1(n − 1), B2(n + k − 1)]
+γ1cov

[
B1(n), I∗2res(n + k)

]
−α2γ1cov [B1(n), A2(n + k − 1)]
+γ1γ2cov [B1(n), B2(n + k)]
−γ1γ2cov [B1(n), B2(n + k − 1)]
−γ1cov

[
B1(n − 1), I∗2res(n + k),

]
+α2γ1cov [B1(n − 1), A2(n + k − 1)]
−γ1γ2cov [B1(n − 1), B2(n + k)]
+γ1γ2cov [B1(n − 1), B2(n + k − 1)] (16)

This expression can be simplified, considering that A1(n) = − A2(n), and that all covariances involving white noise are
zero, except covariances between simultaneous noises and asynchronies. Indeed at the nth tap, B1(n) and B1(n − 1) should
directly affect A1(n), in opposite directions, cov[A1(n), B1(n)] being positive, and cov[A1(n), B1(n − 1)] negative. Then we can
derive the following expression:

cov [I1res(n), I2res(n + k)] = cov
[
I∗1res(n), I

∗

2res(n + k)
]

+α2cov
[
I∗1res(n), A1(n + k − 1)

]
+α1cov

[
A2(n − 1), I∗2res(n + k)

]
−α1α2cov [A1(n − 1), A1(n + k − 1)]
+α1γ2cov [A2(n − 1), B2(n + k)]
−α1γ2cov [A2(n − 1), B2(n + k − 1)]
+α2γ1cov [B1(n), A1(n + k − 1)]
−α2γ1cov [B1(n − 1), A1(n + k − 1)] (17)

For the lag 1 covariance (k = 1)

cov [I1res(n), I2res(n + 1)] = cov
[
I∗1res(n), I

∗

2res(n + 1)
]

+α2cov
[
I∗1res(n), A1(n)

]
+α1cov

[
A2(n − 1), I∗2res(n + 1)

]
−α1α2cov [A1(n − 1), A1(n)]
+α1γ2cov [A2(n − 1), B2(n + 1)]
−α1γ2cov [A2(n − 1), B2(n)]
+α2γ1cov [B1(n), A1(n)]
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−α2γ1cov [B1(n − 1), A1(n)] (18)

In the right part of Eq. (18), the first term should be negligible, even if the timekeepers are positively cross-correlated: As
previously shown (see Fig. 3), the windowed detrending procedure tends to extinguish correlations in fGn series. According
to Eq. (4), the second term should be positive. In contrast, the third term should be negligible, considering that the two terms
are separated by two lags. According to Eq. (6) the fourth term should be positive, its strength depending of the level of
correction in the model (α1 and α2). Our assumptions concerning the relationships between noise and asynchronies suggest
that the fifth term should be negative. The sixth term should be negligible, considering that the two terms are separated
by two lags. In contrast the seventh and the eighth terms should be positive. On the whole, the lag 1 covariance between
the residuals of the interval produced by the two participants should be positive. Considering the symmetry of Eq. (15), the
same reasoning holds for the lag −1 covariance, which should also be positive.

Now consider the lag 0 covariance:

cov [I1res(n), I2res(n)] = cov
[
I∗1res(n), I

∗

2res(n)
]

+α2cov
[
I∗1res(n), A1(n − 1)

]
+α1cov

[
A2(n − 1), I∗2res(n)

]
−α1α2cov [A1(n − 1), A1(n − 1)]
+α1γ2cov [A2(n − 1), B2(n)]
−α1γ2cov [A2(n − 1), B2(n − 1)]
+α2γ1cov [B1(n), A1(n − 1)]
−α2γ1cov [B1(n − 1), A1(n − 1)] (19)

The first term of the right side of Eq. (19) should be positive, its strength depending of the level of cross-correlation
between the two timekeepers. In contrast, Eq. (5) suggests that the second and third terms are negative, and obviously the
fourth term is negative. The fifth and the seventh terms should be negligible, but the sixth and the eighth terms should both
be negative. Then the sign of covariance depends on the opposite influences of the level of cross-correlation between the
two timekeepers and the strength of the error components.

We tried to simulate the system depicted in Eq. (9), in order to analyze the effect of the correlation between I∗1 and I∗2 on
the WDCC function. For simulating I∗1 and I∗2 , we used two long-range correlated series, obtained by means of the method
described in Zebende [34] and Balocchi et al. [43]. In this method, two long-range cross-correlated series, x(n) and y(n), are
obtained as:

x(n) = WX(n) + (1 − W ) Y (n)i + δ1ε1i
y(n) = (1 − W ) X(n) + (W ) Y (n) + δ2ε2i

(20)

where ε1i and ε2i denote two independent white noise processes with zero mean and unit variance, δ1 and δ2 represent the
relative strengths of these noise components, with respect to X(n) and Y (n), which are two independent auto-regressive
fractionally integrated moving-average (ARFIMA) processes, defined as:

X(n) =
∑

∞

k=1 ak (d1) xn−k

Y (n) =
∑

∞

k=1 ak (d2) yn−k
(21)

where ak(d) are statistical weights defined by:

ak (d) =
Γ (k − d)

Γ (−d)Γ (1 + k)
, (22)

In this equation Γ denotes the Gamma function, and d are parameters ranging from −0.5 to 0.5. d is related to the Hurst
exponent by H = d + 0.5. In Eq. (21), W is a free parameter ranging from 0.5 to 1.0 and controlling the strength of cross-
correlations between x(n) and y(n). W = 0.5 gives the highest cross-correlation, while the total absence of correlation is
obtained forW = 1.

In the present simulation we set for simplicity δ1 = δ2 = 0, and we generated 12 pairs of series of 1024 points, for 6
values ofW (0.5, 0.6, 0.7, 0.8, 0.9, and 1.0). In all cases we used d1 = d2 = 0.4 (H = 0.9). The average lag 0 cross-correlation,
computed over these simulated series, was 1.0, 0.92, 0.71, 0.45, 0.20, and −0.02, respectively. Then we generated the series
of inter-tap intervals, I1(n) and I2(n), according to Eq. (9), with I∗1 (n) = x(n) and I∗2 (n) = y(n), and setting α1 = α2 = 0.4, and
γ1 = γ2 = 0.5. The average WDCC functions between the obtained I1(n) and I2(n) series, for the sixW values, is reported in
Fig. 4.

As expected, the average lag −1 and lag 1 WDCC were positive in all cases, and the level of cross-correlation between
I∗1 and I∗2 had a negligible effect on the obtained values. In contrast, the level of cross-correlation between I∗1 and I∗2 had
a strong influence on lag 0 WDCC, which was positive for the highest levels of cross-correlation (W = 0.5 and 0.6), and
became negative for W = 0.8, 0.9, and 1.0. Note, however, that the highest levels of cross-correlation remain unrealistic in
interpersonal synchronization.
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Fig. 4. Averagewindowed detrended cross-correlation function for a set of 12 series, simulated from Eq. (9), forW values ranging from0.5 to 1.0. *: p < .01.

We applied WDCC to the series of the data set #1, which was collected in interpersonal synchronized tapping [37]. We
present in Fig. 5 the obtained averageWDDC function. Results reveal positive peaks at lag −1 and lag 1, and a negative peak
at lag 0. Location t-tests showed that the mean cross-correlation was positive at lag −1 and lag 1 (t9 = 5.36, p < 0.01
and t9 = 6.32, p < 0.01, respectively), and conversely negative at lag 0 (t9 = −4.40, p < 0.01). A similar result
has been evidenced by Konvalinka et al. [14], with a mean cross-correlation at lag 0 of about −0.35, and mean cross-
correlations at lag −1 and lag 1 of about 0.3. However, the obtained values should be compared with caution with the
present ones, because the authors did not use detrending in their approach. Our average lag 0 WDCC roughly corresponds
to those obtained by simulation for W = 0.8 and W = 0.9, suggesting that the two timekeepers are moderately cross-
correlated, which could be interpreted as the presence of a complexity matching effect between the two timekeepers.
This hypothesis requires additional investigations, as asynchrony correction and complexity matching were previously
considered as mutually exclusive [1].

In conclusion, WDCC seems able to clearly identify trial-to-trial discrete correction processes, essentially though the
presence of positive peaks at lag −1 and lag 1, and the lag 0WDCC provides information about the level of cross-correlation
between the two timekeepers. Note also that the WDCC function could exhibit an asymmetry between the lag −1 and the
lag 1 coefficients, revealing a leader/follower relationship between participants. The leader is supposed to present a lower
correction parameter than the follower (e.g.,α1 ≪ α2), and in such a case the sumof the four last terms of Eq. (18) is different
for lag −1 and lag 1.

Finally, the correction process could be more complex, taking into account a wider range of previous asynchronies. For
example Pressing and Jolley-Rogers [5] or Vorberg andWing [4] proposedmodels based on the correction of the twoprevious
asynchronies. Such models could be expressed as follows:{

I1(n) = I∗1 (n) − α1A1(n − 1) − β1A1(n − 2) + γ1 [B1(n) − B1(n − 1)]
I2(n) = I∗2 (n) − α2A2(n − 1) − β2A2(n − 2) + γ2 [B2(n) − B2(n − 1)]

(23)

This kind of correction process should result in the presence of positive peaks at lag −2, lag −1, lag 1 and lag 2 in the WDCC
function.

7. Coupled oscillators model

As previously explained, this model was initially developed in the analysis of bimanual coordination, and was based on
the hypothesis of a continuous coupling between the two effectors, considered as self-sustained oscillators [17,18]. This
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Fig. 5. Averaged windowed detrended cross-correlation function for data set #1 (interpersonal tapping task). *: p < .01.

model could be written as follows:{
ẍ1 + δẋ1 + λẋ31 + γ x21ẋ1 + ω2x1 = (ẋ1 − ẋ2)[a + b(x1 − x2)2]
ẍ2 + δẋ2 + λẋ32 + γ x22ẋ2 + ω2x2 = (ẋ2 − ẋ1)[a + b(x2 − x1)2]

(24)

where xi is the position of oscillator i, and the dot notation represents derivation with respect to time. The left side of the
equations represents the limit cycle dynamics of each oscillator, determined by a linear stiffness parameter (ω) and damping
parameters (δ, λ, and γ ), and the right side represents the coupling function determined by parameters a and b. This model
has been proven to adequately account for most empirical features in bimanual coordination tasks, such as the differential
stability of in-phase and anti-phase coordination modes, and the transition from anti-phase to in-phase coordination with
the increase of oscillation frequency [17,18].

Here we consider a modified version of this model, where the fixed linear stiffness ω is replaced by a variable parameter
ωn, representing discrete, cycle-to-cycle changes in stiffness [38]. This modification aimed to account for the presence of
1/f fluctuations in the series of periods produced by an oscillating effector [39], and in the series of relative phases during
bimanual coordination [38].{

ẍ1 + δẋ1 + λẋ31 + γ x21ẋ1 + ω2
nx1 = (ẋ1 − ẋ2)[a + b(x1 − x2)2] + q1ε1

ẍ2 + δẋ2 + λẋ32 + γ x22ẋ2 + ω2
nx2 = (ẋ2 − ẋ1)[a + b(x2 − x1)2] + q2ε2

(25)

where ωi is a fractal process with Hurst exponent H, mean ω0 and standard deviation σ . ε1 and ε2 are white noise processes
with zero mean and unit variance, representing a continuous perturbation independently affecting each oscillator, with
respective strengths q1 and q2.

This model suggests that the two oscillators share the same (variable) stiffness, and that perturbations are counter-
balanced by the coupling function. Considering that the period of an oscillator is essentially determined by stiffness, this
continuous model could be translated at the cycle level as follows, using the preceding notation:{

I1(n) = I∗(n) + γ1B1(n)
I2(n) = I∗(n) + γ2B2(n)

(26)

I*(n) representing a common ‘‘timekeeper’’, corresponding to the series of stiffness ωn in Eq. (25), and the noise terms
summarizing perturbations at the cycle level. Note that in contrast with themodel of Eq. (9), synchronization is not obtained
by means of a cycle-to-cycle correction of asynchronies, but simply by the presence of a common ‘‘timekeeper’’.

This system predicts that the lag 0 covariance between the two inter-tap intervals series is equal to the variance of the
timekeeper, and then positive:

cov [I1res(n), I2res(n)] = var
[
I∗res(n)

]
(27)

Considering the other lags, our previous assumptions about the influence ofwindoweddetrending on the auto-correlation
of fGn could be applied (see Fig. 3), and one could predict to observe slightly negative covariances, especially below lag −1
and above lag 1.
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Fig. 6. Left: Average windowed detrended cross-correlation function for a set of 12 series, simulated from Eq. (25). Right: Averaged windowed detrended
cross-correlation function for data set #2 (bimanual oscillations). *: p < .01.

We simulated Eq. (25), setting δ = 0.5, λ = 0.02, and γ = 1, a = 1 and b = 0.25. ωi was accounted for by fGn series
with H = 0.9, ω0 = 4π and σ = 0.04, and we set q1 = q2 = 0.03. Simulations were performed using a four-stage
Runge–Kutta algorithm, following the scheme described by Burrage, Lenane, and Lythe [44], for second-order stochastic
differential equations with additive noise. We used a fixed step size of 0.001 s, and we generated 12 pairs of period series of
1024 data points. The average WDCC function for these simulated series is displayed in Fig. 6 (left panel). As expected, we
obtained a positive peak at lag 0 (t11 = 47.86, p < 0.01), and negative cross-correlations at lags −5, −4, and −3, and from
lag 3 to lag 6.

We finally applied WDCC to the experimental bimanual coordination series of data set #2. The average WDCC function
is displayed in Fig. 6 (right panel). The results are similar to those obtained by the simulation, with a positive peak at lag 0
(t11 = 10.40, p < 0.01), and negative values below lag−2 and above lag 1. This confirms that during bimanual coordination,
the two effectors share the same stiffness fluctuations.

As previously indicated, the coupling oscillator model has been extended for accounting for interpersonal coordination,
especially in tasks involving continuous movements [19–21]. Our third data set, collected in an experiment were dyads had
to oscillate pendulums in synchrony [24], clearly corresponds to this kind of situations.

We present in Fig. 7 the average WDCC function obtained with this data set. Clearly the results are different than those
expected from the coupled oscillators hypothesis. We obtained positive peaks at lag −1 and lag 1, and a negative peak at lag
0. Location t-tests showed that the mean cross-correlation at lag 0 was negative (t10 = −5.63, p < 0.01), and conversely
positive at lag −1 and lag 1 (t10 = 3.90, p < 0.01 and t10 = 4.38, p < 0.01, respectively). Note that the average
cross-correlation was also positive at lag −2 and lag 2 (t10 = 3.78, p < 0.01 and t10 = 4.94, p < 0.01, respectively),
suggesting that a more complete model, including a correction of the two last asynchronies should be more relevant:{

I1(n) = I∗1 (n) − α1A1(n − 1) − β1A1(n − 2) + γ1B1(n)
I2(n) = I∗2 (n) − α2A2(n − 1) − β2A2(n − 2) + γ2B2(n)

(28)

Note that Eq. (28) included a single error term, and not differenced noise as in Eq. (15). This corresponds to the hypothesis
that such continuous task should elicit emergent timing processes [41]. It can be easily shown that this should not affect the
signs of the expected windowed detrended covariances.

Quite surprisingly, these results show that synchronization, in this experiment, was governed by discrete, cycle-to-cycle
corrective processes, and clearly contradicts the relevance of coupled oscillators models in such interpersonal coordination
tasks. Further investigations are currently in progress in our lab for testing the reliability of these results and understanding
their determinants.

8. Complexity matching

Finally we turn to the third theoretical framework we evoked in the introduction, the complexity matching hypothesis.
Complexity matching supposes a model quite similar to that advocated for the continuous coupling model, except that the
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Fig. 7. Averaged windowed detrended cross-correlation function for data set #3 (interpersonal pendulum task). *: p < .01.

two systems are not driven by a common ‘‘timekeeper’’, but tend to attune their complexity. This model could be expressed
as follows:{

I1(n) = I∗1 (n) + γ1B1(n)
I2(n) = I∗2 (n) + γ2B2(n)

(29)

I∗1 (n) and I∗2 (n) being considered as long-range cross-correlated fGn series. Importantly, the complexity matching
hypothesis supposes that synchronization is achieved without any process of asynchronies correction. On the basis of this
model, one can obviously expect to observe a positive covariance peak at lag 0.

We generated 12 pairs of series I1(n) and I2(n). I∗1 (n) and I∗2 (n) were long-range cross-correlated fGn series, simulated
by the ARFIMA procedure presented in Eqs. (20)–(22), with d1 = d2 = 0.4 (i.e., H = 0.9) and W = 0.7. Eq. (29) was
implemented setting γ1 = γ2 = 0.5. The average WDCC function, for these simulated series, is presented in Fig. 8 (left
panel). As expected, the WDCC function presented a positive peak at lag 0. Location t-tests showed that the mean cross-
correlation at lag 0 was positive (t11 = 23.46, p < .01), and was also positive at lag −1 and lag 1 (t11 = 3.01, p < .05 and
t11 = 4.62, p < .01, respectively). We also observed negative correlations at lag −4, −5 and −6 (t11 = −3.82, p < .01,
t11 = −2.94, p < .05 and t11 = −3.85, p < .01, respectively), as well as lags 3, 4, 5, 6, 7 and 8 (t11 = −2.76, p < .05,
t11 = −2.42, p < .05, t11 = −2.33, p < .05, t11 = −2.74, p < .05, t11 = −2.48, p < .05, and t11 = −3.44, p < .01,
respectively).

We finally applied WDCC to data set #4. The average WDCC function, for this data set, is presented in Fig. 8 (right panel).
This function presents a similar shape than that obtained in the simulation study. Location t-test showed that the mean
cross-correlation at lag 0 was positive (t10 = 5.56, p < .01), and was also positive at lag −1 and lag 1 (t10 = 5.71, p < .01
and t10 = 4.60, p < .01, respectively).We also observe negative correlations at lag−6 and lag−4 (t10 = −4.39, p < .01 and
t10 = −3.57, p < .01, respectively), as well as lags 4 and 6 (t10 = −6.67, p < .01 and t10 = −4.51, p < .01, respectively).

However, one can notice that the cross-correlation coefficients at lag−1 and lag 1 seemhigher in the experimentalWDCC
function than in that obtained by simulation. This could be explained by a slight process of stride-to-stride correction that
could be superimposed to the complexity matching effect. This could be expressed by the following model:{

I1(n) = I∗1 (n) − α1A1(n − 1) + γ1B1(n)
I2(n) = I∗2 (n) − α2A2(n − 1) + γ2B2(n)

(30)

This model is close to that of Eq. (9), except that the differenced white noise termwas replaced by a single noise term for
accounting for the continuous nature of the task (see also Eq. (28)). As in the previous simulation, we generated 12 pairs of
series I1(n) and I2(n). I∗1 (n) and I∗2 (n) were long-range cross-correlated fGn series, simulated by the ARFIMA procedure with
d1 = d2 = 0.4,W = 0.7 and γ1 = γ2 = 0.5. We used low values for the correction parameters: α1 = α2 = 0.2. The average
WDCC function, for these simulated series, is presented in Fig. 9. As can be seen, the introduction of slight corrections did
not affect the global shape of the WDCC function, but selectively enhance the average level of correlation at lag −1 and lag
1.

This simulation shows that complexity matching, which tends to dominate synchronization in this situation of synchro-
nized walking, should be completed by a slight, discrete stride-to-stride correction process. We currently try to test this
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Fig. 8. Left: Averaged windowed detrended cross-correlation function for 12 simulations of Eq. (29). Right: Averaged windowed detrended cross-
correlation function for data set #4 (walking in synchrony). +: p < .05; *: p < .01.

Fig. 9. Averaged windowed detrended cross-correlation function for 12 simulations of Eq. (30). *: p < .01.

hypothesis, in an experiment where participants walk in synchrony with a clear leader/follower relationship. Preliminary
results tend to confirm that the lag −1 and lag 1 WDCC coefficients reflect this asymmetry, confirming that a discrete
correction process is at work during synchronization.

9. Discussion

In this paper we proposed a formal approach of WDCC, completed with simulation studies and empirical data analysis.
We show that the WDCC function contains information revealing the various processes that underlie synchronization. The
WDCC function is especially affected by (1) the strength of discrete corrective processes, (2) the level of cross-correlation
between ‘timekeepers’, and (3) the level of noise in the system.

Trial-to-trial or cycle-to-cycle discrete corrective processes are revealed by the presence of positive WDCC at lag −1 and
lag 1. Correction could be distributed overmore successive trials or cycles, and in that case cross-correlation appears positive
over more lags (for example at lags −2, −1, and 1, 2, see data set #3). Finally, an asymmetry between positive and negative
lags is likely to reveal leader/follower relationships in synchronization.
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Fig. 10. Average cross-correlation functions, computed from lag −60 to lag 60. a: data set #1, interpersonal tapping task; b: data set #2, bimanual
oscillations; c: data set #3, interpersonal pendulum task; d: data set #4, walking in synchrony. The dashed line represents the probability threshold p= .05.

The lag 0 WDCC reflects the level of cross-correlation between the two timekeepers. In the limit case of bimanual tasks,
in which both hands are governed by the same timekeeper (as in the bimanual oscillation task of data set #2), WDDC should
exhibit a strong positive peak at lag 0. When the two synchronized systems are governed by distinct, but long-range cross-
correlated fractal processes, as expected in situations where synchronization is sustained by a complexity matching effect,
a positive peak is also expected at lag 0, but with rather moderate values, as compared with the previous case (see data set
#4).

We show, however, that the lag 0 WDCC is also affected by noise and corrective processes. Obtaining a close-to-zero or
even negative lag 0 WDCC does not indicate that timekeepers are independent or anti-correlated. This kind of result simply
provides information about the respective importance of the different factors affecting lag 0 WDCC.

This ismaybe themainmessage of the presentwork, beyond the theoretical andmethodological presentation ofWDCC. In
our previous papers we presented the different frameworks for the analysis of interpersonal synchronization as alternative,
and exclusive hypotheses, referring to processes selectively elicited by specific task constraints [1,23]. The present analyses
suggest a different point of view. We show in the analysis of our first data set (interpersonal tapping) that beyond a clear
discrete process of trial-to-trial correction of asynchronies, a matching of complexities between the timekeepers of the two
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partners should be considered for a complete account of empirical correlations. As well, we show in the analysis of our last
data set (walking in synchrony) that beyond complexity matching, a slight but effective discrete stride-to-stride correction
process is at work. In each situation, synchronization seems dominated either by asynchrony correction or by complexity
matching, but the discreet influence of the other process cannot be ignored. All situations could be accounted for by a single
model, which could simply differ through the relative strength of its essential components.

Another unexpected result in the present paper was the evidence that inter-personal held pendulum taskwas dominated
by corrective processes. Because of its oscillatory character, this taskwas a good candidate for revealing the essential features
of coupled oscillator models, and especially a strong cross-correlation between ‘‘timekeepers’’, and the absence of cycle-
to-cycle correction. This was clearly not the case, and recently Scotti [37] obtained similar results in a task where two
participants had to perform synchronized forearm oscillations. This quite deceptive result merits further investigations,
considering the amount of theoretical and experimental work that has been devoted during the last decades to the
application of the coupled oscillators models to interpersonal coordination.

Finally one might ask what are the advantages of WDCC over the conventional cross-correlational approach. We present
in Fig. 10 the average cross-correlation functions, computed over the entire series, from lag −60 to lag 60, for our four data
sets.

The essential information provided by WDCC is obviously discernible in these cross-correlation functions (especially
the peaks at lag −1 and lag 1 for data sets #1 and #3, the stronger lag 0 peak for data set #2, as compared with data set
#4). WDCC has the advantage to focus on short-term processes, and to normalize results over a standardized window size,
allowing comparisons among experimental situations. As shown in the previous sections of this paper,WDCC allows to finely
disentangling the multiple processes that could underlie synchronization. Cross-correlation functions, however, provide
additional information about the persistence and the rate of decay of cross-correlations, which are hidden by the WDCC
algorithm, and remain essential for accounting for the long-range nature of cross-correlations in the complexity matching
framework.

We would like to insist on the fact that the WDCC function should be considered as a pattern, and not as a sample of
correlation coefficients. Comparing Fig. 10 with the previous figures of this paper allows understanding why we consider
that WDCC functions only contain traces of the original cross-correlations. Each experimental situation seems characterized
by a specific WDCC pattern, and the proper way for analyzing WDCC functions is to test the consistency of the obtained
pattern over dyads performing in similar conditions (which was done with our location t-tests), and not to look for the
statistical significance of each WDCC coefficients.

Finally, one could easily conceive that the use ofWDCC is necessarily restricted to discrete, or to cyclical but discretizable
tasks. Additionally, a proper application of the method also requires series to be stationary on the long-term, and the
synchronization process to be stable over time. This should be secured by the experimental protocols. Synchronization
processes, however, could also be studied in situations where signals are typically continuous and non-stationary, and
where synchronization could be just intermittent (for example the coordination of gaze and postural sway during conversa-
tion [45]). In such cases, others methods could be more relevant, such as the Cross-Recurrence Quantification Analysis [46].
This approach analyzes the cross-recurrence plots generated in a common embedded phase space between two time series,
and allows uncovering mutual dynamics [20,45,47].
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Appendix A

Data set #1: Inter-individual coordination in tapping.
This data set was presented in Scotti [37]. 20 participants were involved in this experiment (11 male and 9 female,

mean age 22.5 ± 4.3). They were randomly paired into 10 dyads. The series exploited in the present paper was collected
in a part of the experiment where the two participants of each dyad were invited to perform finger tapping in synchrony.
Participants were sitting face-to-face and tappedwith their index finger on a flat pressure sensor fixed on a table. The tempo
was initially given by ametronome that emitted 10 successive beeps at a frequency of 1 Hz, and participants were instructed
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to synchronize their taps with the metronome. Then the metronome was removed and the participants were invited to
maintain their synchronization for 10 min. The data set exploited in the present paper is the series of inter-taps intervals
produced by each participant in each dyad.

Data set #2: Bimanual forearm oscillations

This data set was initially presented in Torre and Delignières [38]. Twelve participants (8 male and 4 female, mean age
29 ± 7) took part in the experiment. They individually performed two bimanual tasks: bimanual forearm oscillations, and
bimanual tapping. In the present paper we used the series collected in the first task.

Participantswere seated comfortably, with the elbows slightly flexed and the forearms supported in a horizontal position.
The task consisted in performing simultaneous in-phase forearm oscillations (by definition in this mode of coordination the
two hands move in mirror symmetry). They held two wooden joysticks, 15 cm in length, with a single degree of freedom
in the frontal plane. Participants were instructed to perform the oscillations as smoothly and regularly as possible, with an
amplitude of approximately 45◦ on either side of the vertical axis. The angular displacement of the joysticks was captured
by two potentiometers.

Each trial was introduced by a 30-s video showing in close-up two hands performing the task at the required frequency
(2 Hz). Then participants immediately began the task, following the required frequency as accurately as possible, up to the
production of 600 oscillation cycles. The data set exploited in the present paper is the series of periods (computed as the
time between two successive maximal pronations) produced by each hand.

Data set #3: inter-individual coordination in pendulum swinging

This data set was initially presented in Marmelat and Delignières [24]. 22 volunteers (16 male and 6 female, mean age
24.5± 2.9) were involved in the experiment, andwere randomly paired into 11 dyads. Participants were seated side-by-side
between the two pendulums. Participant A held his/her pendulumwith the right hand, and participant B with the left hand.
In each dyad, participants were randomly assigned to the A or B position. Pendulums oscillated in the sagittal plane. The
distance between the two pendulums was 1.10 m, their length was 0.48 m (from the bottom of the handle to the bottom of
the pendulum). A mass of 0.150 kg was fixed at the bottom of each pendulum. A potentiometer located at the rotation axis
of each pendulum allowed recording the angle position. Participants were instructed to firmly sustain the handle with the
entire hand, and to manipulate the pendulum with the wrist joint, in an abduction-adduction movement. The forearm was
kept parallel to the floor, without any support.

The data set exploited in the present paper was collected in a condition were participants had to perform synchronized
oscillations with the two pendulums, following an in-phase pattern of coordination. They were instructed to oscillate at the
preferred frequency of the dyad, as regularly as possible. Visual and auditory feedbacks were fully available. The trial lasted
12 min. The data set is composed by the series of periods produced by each participant.

Data set #4: Synchronized walking

This data set was initially presented in Almurad et al. [1]. 26 participants (16 male and 10 female, mean age 28.1 ± 8.9,)
were involved in the experiment. Participants were paired into 13 dyads. The pairing procedure was performed in order
to preserve the homogeneity of weights and heights within each dyad. The experiment was performed around an indoor
running track (circumference 200m). The data set exploited in the present paper was collected in a condition where the two
members of the dyad walked together, arm-by-arm. They were explicitly instructed to synchronize their steps during the
whole trial. The trial lasted 16 min.

Data were recorded with two Mobility Lab systems (APDM, Inc), one for each member of the dyad. Two body-worn
inertial sensors were attached on the shanks of each participant. Data were then wirelessly streamed to a laptop. The device
performed automated analyses providing a set of raw series (stride duration, stride length, etc., for both limbs). In the present
paper we focused on the series of right stride durations.

Appendix B

We propose in this appendix the codes we used for the WDCC algorithm, written under Matlab R2015a.

Inputs :

• ts1 and ts2 are times series of length N; for proper running of the algorithm these series must be set as column vectors.
• K is a row vector containing the lag span (in this paper K start from −10 and ends at 10) and kmax is the maximum lag

(10 in this paper).
• Wl is a scalar corresponding to the length of sliding window (15 in this paper).
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Output : result is a column matrix containing:

• 1st column : The lag span K
• 2nd column : The averaged WDCC function

In all our data setswe have repeated themeasurewith different dyads, the variance allows us to test the location of theWDCC
coefficient compared to 0. Here we propose another algorithm, using the first one and explaining how we test a bunch of
time series:

Inputs : ts1 and ts2 are matrix of n times series of length N. For proper running of the algorithm these matrix are column
matrix (N × n)

Output : result is a column matrix containing

• 1st column : The lag span K
• 2nd column : The averaged WDCC function on the series set
• 3rd column : Logical t-value. 1 if associated rm is significantly different from 0
• 4th column : p-value

As suggested in this paper, WDCC is primarily concerned by patterns in the cross-correlation function, revealed by the signs
of correlation coefficients. In order to facilitate the visual recognition of these patterns, we propose a standardized plot
algorithm, including significance stars for the location t-tests:
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These pieces of code can obviously be pasted after the groupWDCC function presented before.
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