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Get it together: How do school-aged
children interact multimodally and
at multiple time scales when they
solve dyadic balance scale
problems?

A revised version of this chapter will be submitted as:
De Jonge-Hoekstra, L., Pouw, W., Van der Steen, S., Dixon, J.A., & Cox, R.F.A. (2021). Get it
together: How do school-aged children interact multimodally and at multiple time scales when
they solve dyadic balance scale problems?

Chapter 5

Get it together: How do school-aged children coordinate their
multimodal behavior at multiple time scales when they solve
dyadic balance scale problems?
Interpersonal coordination refers to how people adjust their behavior to each other when they
do things together (Dumas & Fairhurst, 2019), and therefore applies to many of our social
interactions. While the number of studies about interpersonal coordination between adults is
steadily increasing (e.g. Abney, Paxton et al., 2014; Fujiwara et al., 2019b; Paxton & Dale, 2017),
we know relatively little about interpersonal coordination between school aged children (cf.
Rauchbauer, 2020; Vink et al., 2017; Xavier et al., 2018). In this study, we researched how school
aged children (age: 6-10 years) coordinate their speech, hand movements, and head
movements at multiple timescales when they solve balance scale problems together.
Furthermore, we investigated whether these measures of interpersonal coordination predict
children’s task performance.

Interpersonal coordination
During social interactions, people change their behavior at multiple levels. On a physiological
level, they tend to synchronize their heart rate and respiration (Konvalinka et al., 2011;
Tschacher & Meier, 2020). On a physical level, people tend to align their body movements, such
as rocking in rocking chairs (Richardson et al., 2007), walking (Almurad et al., 2017), or postural
sway (Shockley et al., 2003). In addition, people imitate and mirror each other’s body
movements when they do something together (Tomasello, 2008). Furthermore, in many social
interactions people respond to each other, and they adapt their behavior to the previous and
upcoming behavior of their interaction partner, sometimes even across many timescales. In
adult behavior, research shows that, among other things, people adapt their speech, hand
movements, and head movements to each other when they interact (Holler & Levinson, 2019).
Speech
With regard to interpersonal coordination of speech, people align their utterances in terms of
timing, semantics, syntax, and prosody (e.g. Fowler et al., 2007; Fusaroli et al., 2012, 2014;
Pickering & Garrod, 2004; Reed, 2010; see also Rasenberg et al., 2020 for a recent review).
Moreover, research has shown that speech alignment spans many time scales. For instance,
Abney, Paxton et al. (2014) found that people who engaged in a friendly conversation
coordinated their speech timing not only on a behavioral level (i.e. turn taking), but on a whole
range of timescales, such as the timescales of phonemes, words, sentences, semantics, and
turn taking. In other words, these conversations showed multiscale coordination. On the other
hand, people who engaged in an argumentative conversation coordinated their speech timing
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on a behavioral level only. Fusaroli et al. (2013) showed that dyads’ multiscale coordination of
speech timing increased during the course of a perceptual decision-making task. Furthermore,
this multiscale coordination of speech timing - but not similarity in speech diversity, turn taking,
or initial coordination - was related to dyadic performance. Interestingly, multiscale
coordination of speech timing between infants and caregivers is increasingly evident during the
first two years of life already (Abney et al., 2017). According to Fusaroli et al., (2014; see also
Fowler et al., 2007), different forms of linguistic alignment naturally emerge and self-organize
when people engage in a dialog, and become an interpersonal synergy (i.e. a social unit).
Hand movements
Regarding interpersonal coordination of hand movements, two different strands of research
are relevant (however, see Furuyama, 2002, for a combination). The first strand of research
addresses the alignment of people’s hand gestures during conversations (for a recent review,
see Rasenberg et al., 2020). For example, interacting people use hand gestures that are similar,
with respect to a number of form features (Bergmann & Kopp, 2012). Holler and Wilkin (2011)
found that people even mimic each other’s hand gestures during dialog. Furthermore, this
gesture-mimicry is thought to enhance shared understanding between people (Holler & Wilkin,
2011). In addition, people mimic and extend each other’s hand gestures, to further increase
shared understanding (Chui, 2014).
Moving beyond gestures and mimicry, the second strand of research centers around
coordination of people’s hand movements during interpersonal tasks. For instance, people
synchronize their hand movements while oscillating hand-held pendulums, when they are able
to see each other’s hand movements (Schmidt & Turvey, 1994). Richardson et al. (2005)
extended these findings to a task in which people were asked to solve a puzzle together. They
found that seeing each other’s movements automatically leads to interpersonal hand
movement synchronization, while merely conversing, without seeing each other, does not.
Furthermore, interpersonal hand movement synchronization has also been found in
handclapping games (Schmidt et al., 2011). In line with Fusaroli et al. (2014), Schmidt and
Richardson (2008) state that (hand) movement coordination naturally emerges when people
interact and become an interpersonal synergy.
Head movements
With regard to interpersonal coordination of head movements, people tend to move their
heads ubiquitously during conversations (for a comprehensive review, see Wagner et al., 2014).
Particular head movements patterns seem to be related to conversational roles. For example,
head nodding is more evident in listeners, while speakers tend to move their heads according
to the prosodic and deictic properties of their speech (Esteve-Gibert et al., 2017; Wagner et al.,
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2014). Furthermore, Louwerse et al. (2012) investigated dyads in a directions giving task, and
found that the instruction giver’s head nodding was leading the instruction follower’s head
nodding. In addition, overall matching between dyads’ head movements increased over the
course of the task, i.e. when the dyad had interacted more. This increase in overall matching is
similar to Fusaroli et al.'s (2013) results regarding speech timing. In a recent study, Hale et al.
(2019) found that people tend to mimic low frequency (0.2 – 1.1 Hz) head movements with a
delay of 600ms, but they also found a decoupling of people’s high frequency (2.6 – 6.5 Hz) head
movements. These high frequency head movements stem from fast nodding by the listener,
and Hale et al. (2019) propose that this pattern of decoupling functions as a social signal to
coordinate the structure of a conversation. Besides this, head movements in general are
thought to be central to establishing common ground between conversing people (Wagner et
al., 2014). Interestingly, also for interacting musicians, head movements are driving
synchronized behavior, and for structuring their joint music playing (Bishop & Goebl, 2018).
Multimodality at different timescales
The previous studies described interpersonal coordination of speech, hand movements, and
head movements in isolation. However, social interactions are typically multimodal (e.g. Holler
& Levinson, 2019; Macuch Silva et al., 2020; Wagner et al., 2014). During these multimodal social
interactions, coordination of speech, hand movements, and head movements seems to center
around different time scales (Hale et al., 2019; see also Pouw & Dixon, 2019b).
Based on previous studies, Pouw and Dixon (2019b) distinguished three timescales to
investigate gesture-speech synchronization: A fast, a middle, and a slow timescale. The fast
timescale ranged from 0.125 to 0.5 s (8 – 2 Hz), and captures the average length of a syllable
(Pouw & Dixon, 2019b). Furthermore, a recent review shows that the coordination of speech at
the fast timescale is remarkably robust across speakers, languages, and situations (Poeppel &
Assaneo, 2020). Besides syllables in speech, the fast time scale also captures listeners’ high
frequency head movements (2.6 – 6.5 Hz; Hale et al., 2019). The middle timescale ranged from
0.5 to 2 s (2 - 0.5 Hz), and captures the timescale at which gestures occur (Pouw & Dixon,
2019b). The slow timescale ranged from 2 to 4 s (0.5 – 0.25 Hz), and corresponds to the
timescale of clauses and sentences (~2.00 – 6.00 s, or 0.5 – 0.16 Hz; Pouw & Dixon, 2019b). In
addition, coherence between head movements at a time scale from 0.2 – 1.1 Hz corresponds
to mimicry (Hale et al., 2019), and thus is captured by both the middle and slow timescale.
In the current study, we will distinguish these same fast, middle, and slow timescales to
investigate coordination of school aged children’s speech, hand movements, and head
movements when they solve balance scale problems together. In the next paragraphs, we will
discuss how children collaborate, and how they communicate multimodally while collaborating.
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Collaboration in children
Most of the time, young children do not spontaneously collaborate when they are asked to do
a task together. Instead, children between 4 and 6 years of age prefer to work in parallel (i.e.
10-20% of the interactions), and collaborate for only 0-5% of the interactions (Guevara
Guerrero, 2015). In addition, Guevarra-Guerrero (2015) found no relation between interaction
type (i.e. in parallel, collaboration) and children’s task performance. However, Fawcett and
Garton (2005) found that children between 6 and 7 years of age performed better when they
collaborated with a higher performing peer. These mixed findings could be due to age
differences, as another study found that first graders (Mage = 7y) improved their performance
when they jointly solved causal interventions together with an adult, while kindergartner’s
(Mage = 6y) performance decreased (Young et al., 2019).
The literature about collaborative learning emphasizes the importance of verbal interactions
for collaboration (also see Rieber & Carton, 1988; Rowe & Wertsch, 2002). In a key study, Teasley
(1995) found that children around 10 years of age (range: 8.9 to 11.8 y), who worked and talked
together in a dyad on a scientific reasoning task, outperformed children who worked alone and
either did or did not talk (to themselves), or children who worked together but did not talk.
Similarly, in a study with adult participants, dyads with nearly equal information outperformed
the better participant in a perceptual decision-making task, but only when a dyad was allowed
to communicate freely (Bahrami et al., 2010). Although children’s collaborative performance
seems to benefit from verbal interactions with sophisticated linguistic alignment, these high
quality verbal interactions actually rarely occur when children work together (Molenaar et al.,
2014; Storch, 2001; Weinberger & Fischer, 2006).
Children not only collaborate by means of verbal interactions, but they also show non-verbal
behaviors, such as gestures, nodding, changes in posture, and manipulating task materials. For
example, Yliverronen, Marjanen, and Seitamaa-Hakkarainen (2016) investigated how six-yearolds designed animal shelters together, and found both verbal and non-verbal behaviors to be
important for collaborating. A similar central role for verbal and non-verbal behaviors has been
found for children between 9 and 10 (Taylor, 2014), between 10 and 13 (Granott et al., 2002),
and between 15 and 16 (Roth, 2001) years of age, who collaborated and co-constructed
meaning in the classroom. The studies above suggest that coordination of speech, hand
movements, and head movements might be important for collaboration in (school-aged)
children, and the task performance which stems from it. In addition, we know that children
interpersonally coordinate and synchronize their (whole) body movements with others (i.e.
adults and peers) during social interactions, both at early ages (Cirelli, 2018; Endedijk et al.,
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2015; Meyer & Hunnius, 2020) and beyond (Rauchbauer, 2020; Satta, 2017; Vink et al., 2017;
Xavier et al., 2018).

Current study
As described above, much is known about how adults coordinate their speech, hand
movements and head movements during social interactions, and at multiple timescales. To our
knowledge, no studies have investigated whether school aged children coordinate their
multimodal behavior at these same timescales, however. As school aged children spend most
of their time together with peers, learning what school aged children’s interpersonal
multimodal coordination looks like will yield important understanding about a major and
influential component of children’s everyday life. From the studies described above, we do
know that children communicate both verbally and non-verbally when they collaborate. In
addition, these verbal and non-verbal behaviors seem to be important for task performance
during collaborative tasks. However, as far as we know, no studies have investigated whether
measures of interpersonal coordination of school aged children’s multimodal behavior at
certain timescales are related to their collaborative task performance. Given the importance of
successful collaboration in both child- and adulthood, it is vital to understand whether and how
children’s

interpersonal

multimodal

coordination

contributes

to

collaborative

task

performance. We researched how school aged children (age: 6-10 years) coordinate their
speech, hand movements, and head movements at multiple timescales when they solve
balance scale problems together, and how these measures of interpersonal coordination
predict children’s task performance, thereby addressing the above stated gaps in our
knowledge.
In the current study, we investigated school aged children’s interpersonal coordination while
they engaged in a dyadic scientific reasoning task at a science center. During the dyadic
scientific reasoning task, we asked each child to predict about balance scale problems
individually, and to discuss their predictions within their dyad if one or both of the children
made an incorrect prediction about a balance scale problem (for a similar procedure, see
Bahrami et al., 2010; Fusaroli et al., 2012). After each bout of discussion, we asked children to
predict the outcome of the balance scale problem individually again.
To investigate how dyads of school aged children coordinate their speech, hand movements,
and head movements during discussion moments, on multiple timescales, we used cross

wavelet analysis (Grinsted et al., 2004; also see Rösch & Schmidbauer, 2016). In short, crosswavelet analysis is a method to compare two time series’ similarity over time, in terms of
oscillations, at a range of frequencies (i.e. timescales), that reside in both time series (see Figure
3; a detailed explanation will follow in the Method-section). This similarity of co-occurrent time
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series’ oscillations is captured by the degree of coherence (see Figure 1), which ranges from 0
(no coherence) to 1 (perfect coherence). Previous studies have shown that significant (i.e. above
chance) coherence at different timescales is evident between whole body movements of joke
tellers and listeners (Schmidt et al., 2014), and autistic children and clinicians (Romero et al.,
2018), and between head movements of speakers and listeners (Hale et al., 2019).
Furthermore, Pouw and Dixon (2019b) used cross wavelet analysis to investigate the coherence
between gestures’ and speech’s oscillations within participants.
In addition to similarity of oscillations in time series, cross wavelet analysis yields relative phase

angles (see Figure 1; and Figure 4b). The relative phase angle characterizes whether the
oscillations are more in-phase (0°; in synchrony) or anti-phase (180°; alternating), and which
oscillations are leading. Previous findings are mixed about the presence of a distinct relative
phase angle relation between oscillations across social interactions (Hale et al., 2019; Romero
et al., 2018; Schmidt et al., 2014).
coherence = 1, relative phase angle = 0°

coherence = 1, relative phase angle = 57°

coherence ≈ 0.64, relative phase angle = 0°

Figure 1. The top and middle panels show oscillating signals with perfect coherence (coherence = 1) , while the bottom
panel shows oscillating signals with imperfect coherence (coherence ≈ 0.64). Coherence can range from 1 (perfect
coherence) to 0 (no coherence). Furthermore, the top and bottom panels show oscillating signals with no relative phase
difference (relative phase angle = 0°), while the middle panel shows oscillating signals with a relative phase angle of 57°.
The relative phase angle can range from 0° (in-phase; in synchrony) to 180° (anti-phase; alternating, also see Figure 3b).
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Research questions
Our first research question is: What are the differences in coherence between the fast (8 – 2
Hz), middle (2 – 0.5 Hz), and slow timescales (0.5 – 0.25 Hz) for the oscillations of school aged
children’s speech, hand movements, and head movements across discussion moments?
Previous studies have shown that for adults, speech is mostly coordinated at the fast timescale
(Poeppel & Assaneo, 2020; Pouw & Dixon, 2019b), hand movements at the middle timescale
(Pouw & Dixon, 2019b), and head movements at both the middle and slow timescale (Hale et
al., 2019). Because this is the first study to investigate the coherence of oscillations of school
aged children’s multimodal behavior, we felt that we lacked the sufficient empirical and
theoretical grounds to formulate hypotheses.
Our second research question is: How do the measures of coherence relate to dyadic task
performance? As indices of task performance, we included: a) change in number of correct
predictions from before to after the discussion moments, b) agreement of predictions after
discussion moments, and c) adopting the other child’s pre-discussion prediction for one’s own
later prediction (which we will further explain in the Method-section). For the same reasons as
for the first research question, we did not formulate hypotheses for the second research
question.
In contrast to the findings about the presence of significant coherence between people during
conversations, previous findings about relative phase angle relations are equivocal (Hale et al.,
2019; Romero et al., 2018; Schmidt et al., 2014). Thus, in addition to our two main research
questions, we also included two exploratory research questions regarding relative phase
relations: a) What are the differences in relative phase angle between the fast (8 – 2 Hz), middle
(2 – 0.5 Hz), and slow timescales (0.5 – 0.25 Hz) for the oscillations of school aged children’s
speech, hand movements, and head movements across discussion moments?; b) How do the
measures of coherence affect our three indices (see previous paragraph) of dyadic task
performance?

Method
Participants
A total of 50 children (25 dyads) between 5.7 and 10.7 years (M = 7.9, SD = 1.5) of age
participated in our study. In 9 out of 25 dyads the children had never met before. Of the other
16 dyads, 12 dyads were siblings (of which 6 dyads were twins), 2 dyads were cousins, and 2
dyads were friends. We recruited children between 6 and 10 years at the Connecticut Science
Center in Hartford, as part of the so-called Living Lab concept. The Living Lab is a collaboration
between the Connecticut Science Center and neighboring universities. Researchers from these
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universities are invited to combine science communication with actual data collection on site,
at the Connecticut Science Center. We asked both the children and their legal guardians
whether they would like to participate in our experiment, and obtained written informed
consent from the children’s legal guardians. The Institutional Review Board of the University of
Connecticut approved our study (protocol no.: H18-195).

Materials
Balance scale game
Participants played a game in dyads (see Figure 2 for the set-up of the experiment) in which
they were asked to predict to which side a balance scale would tilt downwards. The balance
scale had variously sized weights at specified distances from the fulcrum (see Procedure). Both
the pegs on the balance scale and the weights did not include any numbers. We used photos
of unreleased balance scales to elicit participants’ predictions, and videos of releasing balance
scales to later show the outcome (for a similar set-up, see Castillo et al., 2015; 2017). A real
balance scale was used in the task introduction to the task only. We programmed the dyadic

Figure 2. Set-up of the experiment. Children both sat on a chair. They had movements sensors (the grey dots)
attached to the index fingers of both their hands, and on a tiara on their head (tiara not shown in the Figure). They
wore head-worn condenser microphones (the black dots). The game controllers were attached to the tables, which
stood next to the participants. Photos of balance scale problems and videos of the outcome of these problems
were projected on a large tv-screen on the wall. Lastly, children’s behavior was recorded using a video recorder on
a tripod, which was positioned underneath the tv-screen.
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game in OpenSesame [version 3.0.0] (Mathôt et al., 2012), which is an open-source, Pythonbased program to build (social science) experiments. The game was displayed on a large screen
on the wall, in front of participants. We asked participants to predict by pressing one of three
buttons on a Logitech F310 game controller (one for each participant). With OpenSesame, we
recorded which button the participants pressed as well as the timing of their button presses.
Recording
We recorded participants’ speech and the movements of both their hands and head. We used
AKG C 520 head-worn condenser microphones to record participants’ speech. These
microphones are typically used to record a drummer’s voice, which makes them particularly
suited to record speech in a noisy environment such as the Connecticut Science Center. We
used the Polhemus Liberty with 6 sensors to track participants’ hands and head positions in
3D, which has a temporal resolution of 240 Hz and a spatial accuracy of ~0.13 mm. For each
participant, we used medical tape to attach one sensor to both their right and left index fingers,
and we attached an additional sensor to a tiara (not shown in Figure 2) which we then placed
on their head. Furthermore, we video recorded participants while they played the game, using
a Sony Digital HD Camera HDR‐XR5504. We used ELAN (Max Planck Institute for
Psycholinguistics, The Language Archive, 2020; Wittenburg et al., 2006) to identify the
discussion moments in the videos.
We recorded several data streams, which brings specific challenges for the data collection with
it. We needed two computers to save the output of the different data streams: One to
synchronously save the OpenSesame output and audio of one participant, and another one to
synchronously save the Polhemus motion data and audio of the other participant (for details,
see Pouw & Dixon, 2019b; also see Richardson, 2009). To subsequently synchronize the
different data streams that were saved at the two computers, and the video recordings, we
used Adobe Premiere Pro (see Procedure for the details). We used Adobe Audition to remove
background noise from the audio recordings.
Analysis
To analyze the data, we used R-Studio. Based on scripts by Pouw and Dixon (2019b), we wrote
custom R-scripts to aggregate the motion data, speech data, OpenSesame output, and ELAN
data. To investigate multiscale coordination between children’s movements and between
children’s speech, we used the WaveletComp-package (Rösch & Schmidbauer, 2018).
Furthermore, we used the circular-package (Lund et al., 2017) to calculate the circular mean of
the relative phase angles, the mgcv-package (Wood, 2020) to perform general additive
modelling, the lme4-package (Bates et al., 2020) to carry out multilevel analyses, the emmeanspackage (Lenth et al., 2020) to perform posthoc analyses, and the MuMin-package (Barton,
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2020) to calculate Nakagawa's and Schielzeth's (2013) marginal and conditional R2 for
generalized linear mixed-effects models. Lastly, we used ggplot2 (Wickham, 2016), and the
ggplot2-extenstions cowplot (Wilke, 2020b), ggtext (Wilke, 2020a) and ggforce (Pedersen, 2020)
to create plots of our data, following many of the tips from Chase (2020).

Procedure
Before the participants engaged in the game, we first asked their legal guardians to fill out a
small questionnaire and thereby indicate participants year and month of birth, and their
relation to the other child in the dyad. After we asked participants to take a seat in one of two
chairs, we attached the sensors to the participants’ hands and head, and attached the
microphone. We subsequently started video recording, motion tracking and audio recording.
We then introduced the game. We showed a real balance scale and attached equal weights at
an equal distance from the fulcrum to the balance scale, and we asked participants whether
they had ever seen something similar before. We then explained how participants should use
the game controller’s buttons to individually predict the outcome of balance scale problems.
We instructed them to press the blue (left) button when they thought the balance scale would
tilt to the left, press the yellow (middle) button when they thought the balance scale would stay

even, and press the red (right) button when they thought the balance scale would tilt to the
right. Furthermore, we told them that they could earn points during the game, and the better
they would work together and try to explain things to each other, the more points they could
earn.
After the introduction, the game began. The game consisted of a series of problem solving trials
(loosely based on Fusaroli et al., 2012). As can be seen in Figure 3, each trial started with a
photo of a balance scale problem on the large screen (t1 in Figure 3). We then asked
participants to individually predict what would happen with the balance scale after it would be
released, by means of pressing a button on the game controller (t2). To ensure that children’s
predictions were independent from each other, during each trial we explicitly urged them to
not look at or talk to each other while making their initial prediction. Based on the individual
predictions, the participants received feedback about their predictions: 1) [both] correct; 2) 1
t1 photo balance problem

t2 individual
prediction

t3 feedback
correct
1 correct,
1 incorrect
both
incorrect

Figure 3. Time line of a trial.
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correct, 1 incorrect; or 3) both incorrect (t3 in Figure 3). If both participants correctly predicted
what happened, they received three points, and were shown a video of the outcome (release
of the balance scale; t6). The dyad then moved to the next trial. If neither or only one of the
participants made a correct prediction, they received either zero or one point(s), respectively,
and were asked to explain to each other what they predicted and why they did so (t4). Some
dyads (n = 5; see also Results) found it difficult to start the first discussion and remained silent,
typically because they seemed shy. When this happened, we tried to help them along by asking
each member of the dyad what they pressed and why. Since these trials were not dyadic, but
triadic, we later removed these discussion moments from our analyses. After the discussion
moment, we again asked participants to individually predict what would happen with the
balance scale, by pressing a button (t5). The dyad’s reconsideration of the problem affords the
opportunity to assess the potential relationship between the interaction during the discussion
and each participants’ subsequent prediction. After this second prediction, participants were
shown a video of the outcome (t6), and then proceeded to the next trial.
To increase the chances that participants would disagree or predict incorrectly, and thereby
maximizing the opportunity and need for children to discuss, we incorporated difficulty levels
in the game. We based the seven difficulty levels, which can be found in Table 1, on the work of
Siegler (1976; see also Boom et al., 2001; Jansen & van der Maas, 2002; van Rijn et al., 2003).
Participants always started with balance scale problems at Difficulty level 1 (see Table 1). The
game’s difficulty increased by one level if both participants made three correct, individual
predictions in a row. We did not tell participants about the different difficulty levels.
Table 1

Overview of difficulty levels in the game
Difficulty level

Description

Outcome

1 - Balance

Two weights of the same mass at the

Balance scale remains even

same distance from the fulcrum
2 - Weight
3 - Distance
4 - Conflict weight
5 - Conflict distance
6 - Conflict balance

Two weights of a different mass at

Balance scale tilts to the side with

the same distance from the fulcrum

the heaviest weight

Two weights of the same mass at a

Balance scale tilts to the side with

different distance from the fulcrum

the most distant weight

Two weights of a different mass at a

Balance scale tilts to the side with

different distance from the fulcrum

the heaviest weight

Two weights of a different mass at a

Balance scale tilts to the side with

different distance from the fulcrum

the most distant weight

Two weights of a different mass at a

Balance scale remains even

different distance from the fulcrum
7 - Unsolvable with

Two weights of a different mass at a

Balance scale tilts to the side with

addition rule

different distance from the fulcrum

the largest product of the [weight
X distance] from fulcrum
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The game automatically stopped after 10 minutes, after which participants’ final score
appeared on the screen. We then detached the sensors and microphones, and gave each
participant a certificate with their name and score.

Data preparation
We recorded several data streams, which we needed to synchronize afterwards. We used
Adobe Premiere Pro’s “Synchronize based on audio” feature for this (see also Pouw, Trujillo et
al., 2019). First, we synchronized the video recording with the first audio stream, which was
already synchronized with the motion tracking data streams. Second, we synchronized the
(synchronized) video recording with the second audio stream, which was already time-locked
with the OpenSesame output. Third, we could use the completely silent period at the start of
the second audio stream after synchronization with the (synchronized) video to automatically
infer the delay between the OpenSesame output and the other data streams, using a custom
R-script. After this third step, all data streams were synchronized, and ready for further
processing.
We measured the intensity of participants’ speech, their head movements, and their hand
movements. Our procedure to convert the raw speech and motion data into timeseries data
that we can analyze, largely follows Pouw and Dixon (2019b) and Pouw, Trujillo et al. (2019).
With regard to speech, we first removed background noise from the audio recordings, using
Adobe Audition. We then calculated the smoothed (5Hz Hanning filter) amplitude envelope of
the speech signal as proposed by He and Dellwo (2016), using an R-script from Pouw and
Trujillo (2019). The amplitude envelope is a smoothed trace of the audio waveforms amplitude
fluctuations (He & Dellwo, 2016). The amplitude envelope crucially defines quasi-rhythmic
aspects of speech (Tilsen & Arvaniti, 2013), and is highly correlated with lip aperture kinematics
during speaking (Chandrasekaran et al., 2009; He & Dellwo, 2017). With regard to movements,
we used a custom R-script based on Pouw, Trujillo et al. (2019) to calculate the velocity of
participant’s head and hands. We applied a low‐pass first‐order Butterworth filter to the velocity
time series with a cut‐off of 33 Hz. We subsequently aggregated the motion and speech data
of each participant at 240 Hz, again using a custom R-script based on Pouw, Trujillo et al. (2019).
We were interested in participants’ speech and movements during bouts of discussion (i.e.
during the t4 period in Figure 3). We used ELAN to identify the discussion bouts in the videorecordings. We then used the bout’s start time and end time to extract the data points within
each episode, and applied cross wavelet analysis (see below for a detailed explanation) on the
motion and speech data within each episode, using a custom R-script. This same R-script
enabled us to subsequently link the cross wavelet analysis outcomes to the trials that were
saved as OpenSesame output.
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Cross wavelet analysis
Cross wavelet analysis (see Figure 4) detects stable oscillations at different frequencies (i.e. a
range of timescales) that co-occur in two signals, as time unfolds (e.g., over the course of the
discussion). Figure 4 (panel a) shows this decomposition of oscillations at different frequencies
from one, hypothetical, signal. Subsequently, with cross wavelet analysis we calculated when,
and at which frequency, the rhythmic waveforms of the two signals cohere during a discussion
bout. Coherence ranges from 0 to 1, with 1 indicating perfect coupling in time between the
signal’s oscillations, at certain frequencies and certain moments of a discussion bout.
Furthermore, cross wavelet analysis estimates the so-called relative phase angles of both
signal’s cohering oscillations. The relative phase angle indicates the degree of one signal leading
the other signal, and whether the signals are in-phase or anti-phase (see Figure 4, panel b).
Cross wavelet plots (see Figure 4, panel c) visualize the coherence and relative phase angles at
specific frequencies (y-axis) across time (x-axis), whereby the color corresponds to the degree
of coherence (red ≈ 1; blue ≈ 0) and the arrows correspond to the relative phase angle. Arrows
are only drawn when coherence is significant (p < .05). Cross wavelet analysis calculates pvalues by repeatedly (in our study: 50 times) simulating surrogate time series, and comparing
the empirically found coherence with the coherence derived from the simulations. We only
used the significant coherence values and associated relative phase angles for our further
analysis.
After obtaining the significant coherence values and associated relative phase angles from
cross wavelet analysis, we transformed the data in a couple of steps, to further prepare the
data for our subsequent analyses. First, we detrended the coherence values across the range
of frequencies that we incorporated, by subtracting a positive trend from the coherence values.
We detrended the coherence values, because the coherence values are higher for slower
timescales1 (see Figure 5). We calculated this trend using general additive modelling. Previous
studies have interpreted such detrended coherence values as a measure for the degree of

1

This can be explained by the range of periods that we incorporated in the cross wavelet analysis (0.125 - 4 s, or 8

– 0.25 Hz), and the range of durations of our discussion moments (8 - 64.12 s, M = 22.36 s). With discussion
moments this short, slow oscillations can occur only a couple of times across a discussion moment, while fast
oscillations can occur many times across a discussion moment. As a consequence, the coherence between slow
oscillations needs to be very high in order to be significant, while this is not the case for fast oscillations (which have
more repetitions within a discussion moments). Detrending is a common practice to deal with the issue of relatively
high coherence at slow timescales as compared to the faster timescales (e.g. Alviar et al., 2020; Brookshire et al.,
2017; Poeppel & Assaneo, 2020).
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a. Decomposition of oscillations

c. Timeseries and cross wavelet plots
These are the timeseries and cross wavelet plots of speech, hand
movements, and head movements of 1 dyad during 1 discussion
moment (duration = 20 s). The dyad declined 1 correct prediction,
agreed about their second prediction, and the pink child adopted the
first prediction of the green child for their second prediction.

Signal composed of oscillations at different frequencies

Speech
↓ Decomposition ↓

Amplitude envelope

4s

2s

Period

1s

0.5 s

0.25 s

0.125 s

Hand movements
Velocity (cm/s)

b. Phase relations between oscillating signals
part. 2 leads
(anti-phase)

part. 1 leads
(in-phase)
4s

2s

in-phase

1s
Period

anti-phase

0.5 s

0.25 s

part. 1 leads
(anti-phase)

part. 2 leads
(in-phase)

0.125 s

Head movements
perfect in-phase relation between two oscillating signals
Velocity (cm/s)

perfect anti-phase relation between two oscillating signals
4s

2s

Period

1s

in-phase relation, whereby the purple signal leads

0.5 s

0.25 s

0.125 s

138

Chapter 5
Figure 4. (previous page). Panel a displays how oscillations with a range of frequencies can be detected in a
combined waveform. Panel b shows examples of possible phase relations between two oscillating signals. The
protractor in panel b shows how arrows in different directions correspond to phase relations between oscillating
signals with various relative phase angles (also see Figure 1). Panel c displays the timeseries and cross wavelet plots
of speech, hand movements, and head movements of one dyad in our study, across one discussion moment. Within
the coherence plot, blue regions indicate that the coherence was low, at a particular timepoint (x-axis) and for
oscillations at a particular frequency (y-axis), while red regions indicate that coherence was high. When coherence
is significant (i.e. higher than chance level), an arrow is drawn in the plot. The direction of the arrow informs about
the phase relations between the oscillations of children’s speech, hand movements, or head movements.

coordination at certain timescales (e.g. Alviar et al., 2020; Brookshire et al., 2017; Poeppel &
Assaneo, 2020).
Second, we standardized the variance around the detrended mean of each frequency to a
standard deviation of 1. Without standardizing, we would not have been able to compare the
coherence values across timescales, as the range of coherence values becomes increasingly
smaller with lower frequencies (also see Figure 5).
Third, we calculated the coherence values and relative phase angles for evenly spaced
frequencies on a linear scale, instead of the default logarithmic scale. We needed to perform
this step in order to subsequently calculate the average coherence and circular mean of the
relative phase angle for each timescale within each bout of discussion. We took the interval
between the longest period and the second longest period (4 – 3.864 s = 0.136 s) as the interval
between all of our evenly spaced frequencies (new range: 4 – 0.185 s).
As a last transformation, we transformed the circular mean of the relative phase angles, which
spanned 360°, to a linear scale from 0° (in-phase) to 180° (anti-phase). From this transformed
circular mean of the relative phase angles, we could infer whether participants’ speech, hand
movements, and head movements were more in-phase (towards 0°) or anti-phase (towards
180°), and whether one of the participants was leading (towards 90°)2. The detrended and
standardized average coherence (hereafter: transformed coherence) per modality, timescale,
and discussion moment were then used to answer our research questions, using linear mixedeffects regression for dependent variables on an interval scale, and logistic mixed-effects
regression for dependent variables on a nominal scale. Similarly, we used the transformed

2

Due to this last transformation, we lost the information about who of the two participants was leading. We needed

to transform the circular mean of the relative phase angles to a linear scale for our subsequent multilevel linear
and logistic regression, however (for an accessible explanation and Bayesian alternative, see Cremers & Klugkist,
2018). Furthermore, it is important to note that, while a relative phase angle of 90° in itself indicates that one signal
(e.g. speech) is maximally leading, a random combination of relative phase angles between 0 and 180° will also
average around 90°.

139

Multiscale multimodal coordination during dyadic problem solving
circular mean of the relative phase angles (hereafter: transformed relative phase angle) for
carrying out linear and logistic mixed-effects regression.

Mixed-effects regression analysis
We carried out linear and logistic mixed-effects regression analysis (also see Winter, 2013). We
performed stepwise mixed-effects regression, whereby we added variables to the mixedeffects regression model, and compared the new model to the previous model for each variable
that we added. Following Winter (2013), we obtained p-values of these comparisons between
models by likelihood ratio tests. In addition, for each model we calculated Nakagawa's and
Schielzeth's (2013) marginal and conditional R2 for generalized linear mixed-effects models. The
marginal R2 indicates the proportion of total variance which is explained by the fixed effects
only. The conditional R2 indicates the proportion of total variance which is explained by both

Figure 5. Amount of significant values for each coherence value (y-axis), and each frequency with a specific period
in s (x-axis), across all the bouts of discussion, of both speech, hand movements, and head movements of all 25
dyads. Areas which are more intense pink hexagons show that there were more significant values of a particular
coherence for a particular frequency, while more intense green hexagons show that there were less significant
values of a partuclar coherence for a particular frequency. If no hexagon is drawn, this means that there were no
significant values of a particular coherence for a particular frequency. We therefore can see that the bandwidth of
significant coherence values becomes increasingly smaller and closer to 1 for frequencies with a higher period (i.e.
closer to a period of 4 s). The blue line is the line we used for detrending, and was derived by applying general
additive modeling.
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the fixed and random effects. We always included random intercepts for dyads in the mixedeffect regression models, and random slopes when possible. This means that the marginal R2
indicates the degree to which an effect is similar across dyads, while the difference between
the marginal and conditional R2 indicates the degree to which an effect differs between dyads.
For research question 2 and exploratory research question B we standardized the independent
variables before adding them to the mixed-effects models.

Results
Descriptives
The 25 dyads each engaged in 4 to 11 discussion bouts (M = 7.0, SD = 1.7), with a total of 177
bouts. One dyad did not follow the task instructions during the entire experiment, as they talked
throughout the whole task and did not make any individual predictions. Another dyad never
engaged in dyadic interaction, as one of the dyad members only answered the experiment
leader’s questions. The 17 discussion bouts of these two dyads (n = 11 + 6) were therefore
removed from the analyses. We removed another 15 discussion bouts from the analyses due
to major interference because the experiment leader needed to reattach the microphone or
one of the movement sensors (n = 4), the dyad did not follow task instructions and therefore
not did not make individual predictions (n = 5), or the dyad only answered the experiment
leader’s questions (n = 6). This left us with 145 discussion bouts of 23 dyads. Of these 145
bouts, the duration ranged from 4.18 to 64.12 s (M = 22.36, SD = 11.02). Three of these 145
bouts lasted shorter than 8 s and where therefore also removed from the analyses. In total, the
analyses included 142 discussion bouts.
Regarding task performance, for 18 discussion moments the number of correct predictions
increased by 2 (13.2%), for 59 discussion moments the number of correct predictions increased
by 1 (43.4%), for 39 discussion moments there was no increase or decrease in the number of
correct predictions (28.7%), and for 20 discussion moments the number of correct predictions
decreased by 1 (14.7%). On average, the number of correct predictions increased by 0.55 ( SD
= 0.90). With regard to agreement about the post-discussion prediction, dyads agreed 85 times
(62.5%) and they disagreed 51 times (37.5%). Regarding adopting the other member’s prediscussion prediction, 71 times (52.2%) one member of the dyad adopted the other member’s
pre-discussion prediction for their post-discussion prediction, while this was not the case for
the other 65 post-discussion predictions (47.8%).
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Research question 1: What are the differences in (transformed) coherence between the
fast, middle, and slow timescales for the oscillations of children’s speech, hand
movements, and head movements across discussion moments?
Both modality, timescale, and the interaction effect between modality (i.e. speech, hand
movements, and head movements) and timescale are significantly (p < .001) related to
transformed coherence (see Table 2, and Figure 6). However, the small values of R2marginalized and

R2conditional indicate that both the fixed and random effects, respectively, do not explain a large
proportion of the variance in transformed coherence. Post hoc analyses (see Table 3) showed
that for speech the transformed coherence at the fast timescale was higher than at the middle
timescale (p = .198), and significantly higher than at the slow timescale (p < .001). For both head
movements and hand movements, transformed coherence at the middle and slow timescale
was significantly higher than transformed coherence at the fast timescale (p < .001).

Research question 2: How do the measures of (transformed) coherence relate to dyadic
task performance?
As a brief reminder, we analyzed three indices of task performance: a) change in number of
correct predictions from before to after the discussion moments, b) agreement of predictions
after discussion moments, and c) adopting the other child’s pre-discussion prediction for postdiscussion predicting. An overview of the results can be found in Figure 7 and Table A1
(Appendix C). We found that none of the fixed effects significantly (p > .05) affected either of
the three indices of task performance. The differences between the relatively small values of

R2marginalized and the relatively large values of R2conditional suggest that the effect of transformed
coherence on the three indices of task performance mostly differs between dyads.

Table 2

Results stepwise mixed effects regression on transformed coherence
Dep.
variable

Random effects
Slope

coherence

discussion
-

Fixed effects

R

2

moment
within
dyad

model

cond

Intercept
dyad +

transformed

Comparison with prev.

R2marg

df

Χ2

p

-

-

.020

-

-

-

modality

.016

.038

2

18.714

< .001

.033

.057

2

21.053

< .001

.093

.125

4

77.229

< .001

modality +
timescale
modality *
timescale

Note. The model with the interaction effect also contains the individual fixed effects of modality and timescale.
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Figure 6. Density plots of the transformed coherence for speech (left panel), head movements (middle panel) and
hand movements (right panel), for the fast (0.125 – 0.5s; orange), middle (0.5 – 2s; green), and slow (2 – 4s; pink)
timescale.
Table 3

Post hoc analyses of differences in transformed coherence between timescales per modality
Modality

Fast

Timescale

Middle

Slow

Fast vs.
middle

Post hoc

Fast vs.

comparison

slow

Middle vs.
slow

Statistic

Speech

Head mov.

Hand mov.

M

0.097

-0.563

-0.496

SE

0.056

0.057

0.056

M

-0.098

-0.190

-0.056

SE

0.056

0.055

0.055

M

-0.288

-0.106

-0.160

SE

0.058

0.056

0.055

df

1045

1044

1041

t

2.576

4.936

5.838

p

.198

< .001

< .001

df

1052

1050

1041

t

4.976

5.973

5.838

p

< .001

< .001

< .001

df

1053

1041

1039

t

2.442

1.128

1.352

p

.263

.970

.915
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Figure 7. Across dyad relation between transformed coherence of speech (green), head movements (pink), and
hand movements (blue) and indices of task performance. The top panel shows the relation between transformed
coherence and change in number of correct predictions, the middle panel shows the relation between transformed
coherence and agreement of (post-discussion) predictions, and the bottom panel shows the relation between
transformed coherence and adopting the other child’s pre-discussion prediction for post-discussion predicting.
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Exploratory research question A: What are the differences in (transformed) relative
phase angle between the fast, middle, and slow timescales for the oscillations of
children’s speech, hand movements, and head movements across discussion moments?
Both modality, timescale, and the interaction effect between modality and timescale
significantly (p < .01) affect average transformed relative phase angle (see Table 4, and Figure
8). However, the small values of R2marginalized and R2conditional indicate that both the fixed and
random effects, respectively, do not explain a large proportion of the variance in average
transformed relative phase angle. Post hoc analyses (see Table 5) showed that for speech the
average transformed relative phase angle at the middle and fast timescale was significantly
different from the average transformed relative phase angle at the slow timescale (p < .01).
Table 4

Results stepwise mixed effects regression on transformed relative phase angle
Dep.
variable

Random effects
Slope

Comparison with prev.
Fixed effects

-

relative
phase angle

discussion
-

R2cond

Intercept

dyad +
transformed

R2marg

modality

moment

modality +

within

timescale

dyad

modality *
timescale

-

.002

model
df

Χ2

-

-

.017

.021

2

20.559

.033

.040

2

19.055

.046

.054

4

14.914

p
<
.001
<
.001
.005

Note. The model with the interaction effect also contains the individual fixed effects of modality and timescale.

Figure 8. Frequency plots (binwidth = 3°) of the relative phase angle for speech (left panel), head movements (middle
panel) and hand movements (right panel), for the fast (0.125 – 0.5 s; orange), middle (0.5 – 2 s; green), and slow (2
– 4 s; pink) timescale.
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There were no significant (p > .05) differences in average transformed relative phase angle
between timescales for either head movements or hand movements.

Exploratory research question B: How do the measures of average (transformed) relative
phase angle affect dyadic task performance?
An overview of the results can be found in Figure 9 (next page) and Table A2 (Appendix C). Only
average transformed relative phase angle of speech (at the fast timescale) as a fixed effect
significantly affected c) adopting the other child’s pre-discussion prediction for post-discussion
predicting (p = .007), whereby the model explained a relatively large proportion of the variance
(R2marginalized = .138; R2conditional = .389). In addition, the model with both the transformed relative
phase angles of speech, hand movements, and head movements as fixed effects and their
interaction effect explained a particularly large proportion of the variance of adopting the other
child’s prediction (R2marginalized = .329; R2conditional = .559), albeit this model was not significantly (p
= .080) better than the model with the transformed relative phase angles of speech and hand
movements as fixed effects only (R2marginalized = .171; R2conditional = .420). As can be seen in the
bottom panel of Figure 7, not adopting the other child’s prediction generally goes together with
an in-phase relation between children’s speech, and often with an anti-phase relation between
children’s head movements and hand movements. None of the other fixed effects significantly
Table 5

Post hoc analyses of differences in transformed relative phase angle between timescales per modality
Modality

Fast

Timescale

Middle

Slow

Fast vs.
middle

Post hoc

Fast vs.

comparison

slow

Middle vs.
slow
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Statistic

Speech

Head mov.

Hand mov.

M

63.1°

82.8°

82.9°

SE

4.58°

4.71°

4.60°

M

68.5°

89.4°

96.4°

SE

4.64°

4.50°

4.52°

M

94.0°

97.3°

88.1°

SE

4.83°

4.62°

4.57°

df

1047

1046

1042

t

0.845

1.016

2.110

p

.995

.984

.467

df

1056

1052

1044

t

4.702

2.223

0.809

p

< .001

.391

.997

df

1057

1042

1040

t

3.853

1.249

1.302

p

.004

.945

.931
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Figure 9. Across dyad relation between transformed relative phase angle of speech (green), head movements (pink),
and hand movements (blue) and indices of task performance. Values between 0° and 90° indicate in-phase and
values between 90° and 180° indicate anti-phase. The top panel shows the relation between transformed relative
phase angle and change in number of correct predictions, the middle panel shows the relation between
transformed relative phase angle and agreement of (post-discussion) predictions, and the bottom panel shows the
relation between transformed relative phase angle and adopting the other child’s pre-discussion prediction for
post-discussion predicting.
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(p > .05) affected either a) change in number of correct predictions from before to after the
discussion moments, b) agreement of predictions after discussion moments, and c) adopting
the other child’s pre-discussion prediction for post-discussion predicting. Similar to coherence,
the differences between the relatively small values of R2marginalized vs. the relatively large values
of R2conditional suggest that the effect of average transformed relative phase angle on the three
indices of task performance mostly differs between dyads.

Discussion
The first goal of this study was to investigate how children (age: 6-10 years) coordinate their
speech, hand movements, and head movements at multiple timescales when they solve
balance scale problems together. We applied cross wavelet analysis coherence, which enabled
us to study the similarity of two systems' oscillations at multiple and distinct timescales across
a particular episode. Relative phase angle characterizes the direction of the relation between
these oscillations. We found that both modality and timescale significantly affect transformed
coherence (see Method section for details of the transformation). More specifically, the
interacting children coordinated their speech mostly at the fast timescale (8 - 2 Hz), whereby
only the difference between the slow timescale (0.5 – 0.25 Hz) and fast timescale was
statistically reliable. Furthermore, our results showed that children coordinated both their head
movements and hand movements reliably more at the middle (2 – 0.5 Hz) and slow timescales
than at the fast timescale.
In addition, the results of our exploratory analyses showed that modality and timescale also
significantly affect transformed relative phase angle. Specifically, for speech, the transformed
relative phase angle at the fast and middle timescale was reliably different than the transformed
relative phase angle at the slow timescale. Notably, speech at the fast and middle timescale
often showed in-phase coordination (i.e. between 0° and 90°), while the transformed relative
phase angle at the slow timescale was evenly distributed between 0° and 180°, so spanning
across both in-phase and anti-phase coordination. For head movements and hand movements
we did not find reliable differences in transformed relative phase angle. Similar to the
coordination of speech at the slow timescale, the transformed relative phase angle of head
movements and hand movements was not centered in either the in-phase coordination or antiphase coordination regimes.
This study’s second goal was to research how these measures of interpersonal coordination
would predict children’s task performance. With regard to transformed coherence, we found
no statistically reliable effects of either speech (fast timescale), head movements (slow
timescale), and hand movements (middle timescale) on the change in number of correct
predictions from before to after the discussion moments, the agreement of predictions after
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discussion moments, nor the tendency to adopt the other child’s pre-discussion prediction for
post-discussion predicting.
Our exploratory analyses yielded a statistically reliable effect of transformed relative phase
angle of speech (fast timescale) on adopting the other child’s pre-discussion prediction for postdiscussion predicting, whereby not adopting the other child’s prediction went together with an
in-phase relation between children’s speech. It is important to note that such results should be
treated carefully given issues of multiple comparisons. This in-phase relation between
children’s speech might indicate that both children talked at the same time, which is different
from a pattern of turn taking. However, turn taking on a timescale of 8 -2 Hz is very fast, which
makes this explanation for the in-phase relation between children’s speech unlikely. There was
no reliable effect of transformed relative phase angle of speech on either of the other indices
of task performance, nor did we find significant effects of transformed relative phase angle of
head movements (slow timescale) and hand movements (middle timescale) on either of the
indices of task performance.

Multimodality at different timescales for interacting children
Interpersonal coordination in terms of (transformed) coherence
Our findings with regard to multimodality at different timescales for interacting children are not
identical to the findings for adults, albeit there is some notable overlap. With regard to
transformed coherence, we found mostly, but not (always) reliably more, interpersonal
coordination of speech at the fast timescale. Previous studies have overwhelmingly shown that
adults mostly interpersonally coordinate their speech at the fast timescale (for a recent review,
see Poeppel & Assaneo, 2020). Furthermore, while we found significantly more interpersonal
coordination of hand movements at both the middle and slow timescale, previous studies in
adults suggest that hand movements are usually interpersonally coordinated most at the
middle timescale only (Pouw & Dixon, 2019b; Xiong & Quek, 2006). In addition, our findings of
significantly higher transformed coherence at the middle and slow timescale (2 – 0.125 Hz) for
head movements are in line with Hale et al. (2019), who found significant coherence between
head movements at a timescale from 1.1 to 0.2 Hz, that is, the timescale of mimicry. Lastly, Hale
et al. (2019) found lower than chance coherence (i.e. decoupling) between high frequency (2.6
– 6.5 Hz) head movements, which they attributed to fast nodding by the listener. Although
differences in calculation prohibit a direct comparison of Hale et al.'s (2019) coherence
measure with the current study’s transformed coherence values, it should be noted that
transformed coherence of head movements at the fast timescale was the lowest of all
transformed coherence values in our study. This could mean that a similar decoupling of high
frequency head movements is evident in children as well. In summary, while our study shows
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similarities with previous findings in adults, our findings about multimodality at distinct
timescales in children seem to be less pronounced than in adults.
One possible explanation for the differences between children and adults in multimodality at
different timescales pertains to developmental differences. The literature about the
development of interpersonal coordination of speech, hand movements, and head movements
in conversations across middle childhood is scarce, however. One observational case study
about a 10-year-old child showed no significant linguistic alignment between the child and
various interaction partners (Martin et al., 2010), in contrast to findings about linguistic
alignment in adults (e.g. Coupland, 1980; Fusaroli et al., 2012). That said, there are some studies
about the development of interpersonal coordination across middle childhood in general (see
also Rauchbauer, 2020, for a recent review about motor mimicry and synchrony across
childhood). One recent study showed that children’s alignment of hand movements during a
dyadic joystick task increases between 6 and 9 years, but is still far below adult’s alignment
(Satta, 2017). Furthermore, Xavier et al. (2018) found that interpersonal synchronization of
children and adolescents, between 6 and 19 years, and a virtual character increases with age.
These studies suggest that general interpersonal coordination in children at the age of our
sample (6-10 years) is still developing and is therefore still quite different from interpersonal
coordination in adults. This may manifest itself during dyadic conversations as less pronounced
coordination of speech, hand movements, and head movements at distinct timescales.
Another possible explanation for the differences in multimodality at different timescales
between our study and previous studies stems from our study set-up. First, we collected data
in a science center. As a consequence, the data is inherently more noisy, and the interaction
between children less stable, than in a controlled lab setting. It is possible that the coordination
of speech, hand movements, and head movements as is found in controlled lab settings is
more pronounced than in naturalistic settings. In addition, one might speculate that the
interpersonal coordination between children is less mature than in adults, which might amplify
this effect of naturalistic vs. controlled setting even more. Second, the duration of discussion
moments in our study are shorter than the episodes of conversation which are typically
investigated in other studies (e.g. Pouw & Dixon, 2019b; Romero et al., 2018; Wiltshire et al.,
2019). During short discussion moments, coordination of speech, hand movements, and head
movements might manifest itself differently than in long discussion moments. For example,
some coordination patterns might take longer to establish than the average duration of 22 s of
bouts of discussion in this study allowed for. Previous studies have reported on coordination
patterns on such slow timescales, such as a 20 to 30 s lag between the vocalizations of 4month-olds and their mothers (Jaffe et al., 2001), or an average lag of 18 s between
Kindergartner’s gestures and speech (De Jonge-Hoekstra et al., 2016).
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Phase relations
Besides interpersonal coordination in terms of transformed coherence, we also exploratively
investigated the transformed phase relations of the children’s interpersonal coordination of
the three modalities. To our knowledge, phase relations between one of the three modalities
during conversations have only been investigated by Hale et al. (2019). They found 30° to 90°
relative phase angles, that is, in-phase relation, between leaders’ and followers’ head
movements at a timescale range from 0.2 to 0.5 Hz. Aside from the three modalities, relative
phase angles have been investigated between people’s whole body movements during
conversations. Schmidt et al. (2014) found above chance relative phase angles from 0° to 40°,
again an in-phase relation, between joke tellers’ and joke listeners’ body movements, while
Romero et al. (2018) found no clear phase relation between the body movements of autistic
children and clinicians.
Similar to Romero et al. (2018), we did not find clear phase relations between children’s hand
movements and head movements at either of the timescales. Maybe there were no clear phase
relations between movements in both Romero et al.'s (2018) and our study, because the
participants did not engage in a task with a clear and assigned role structure, in contrast to the
studies by Hale et al. (2019; leader and follower) and Schmidt et al. (2014; joke teller and joke
listener). However, Fujiwara et al. (2019a) researched unstructured conversations, and using a
more strict procedure to define in- or anti-phase (i.e. in-phase = 0° - 20°; anti-phase = 160° 180°), they found above chance in-phase coordination and below chance anti-phase
coordination for women. Furthermore, the explanation of assigned role structure still leaves
open the question of why we did find an in-phase relation between children’s speech at the
fast and middle timescale. More studies are needed to investigate the similarities and
differences between interpersonal coordination of speech and body movements, and of
children and adults.

Effect of multimodal interpersonal coordination measures on task performance
Except for the effect of transformed relative phase angle of speech on adopting the other child’s
prediction, we did not find an effect of either transformed coherence nor transformed relative
phase angle between the three modalities on our three indices of task performance. Our nullfindings are unlike findings in previous studies, which used a variety of measures of
interpersonal coordination. For example, a recent cross wavelet analysis study showed that
both coherence and in-phase coordination between dyads’ whole body movements at the 1 Hz
timescale predicted their performance on a complex collaborative problem solving task
(Wiltshire et al., 2019). With regard to other measures of interpersonal coordination, both

151

Multiscale multimodal coordination during dyadic problem solving
complexity matching and Cross Recurrence Quantification Analysis (CRQA) have been related
to task performance, which will be addressed in the next paragraphs.
Complexity matching characterizes the similarity in (multi)fractal structure of two timeseries’
(e.g. participant’s speech) variability at multiple timescales across a particular episode (West et
al., 2008; also see Abney, Paxton et al., 2014; de Jonge-Hoekstra et al., 2021). Fusaroli et al.
(2013) found that degree of complexity matching between participant’s speech timing
correlated positively with the degree to which the dyad benefited from working together during
a joint decision task. Furthermore, a recent study showed that degree of complexity matching
between participant’s speech timing during a construction task with marshmallows and
uncooked spaghetti was positively correlated to the height of the tower (Abney et al., 2021).
They found no correlation between degree of complexity matching between participant’s whole
body movement timing and task performance, however.
CRQA measures characterize the coupling between two systems at multiple timescales across
a particular episode (e.g. Marwan et al., 2007; Shockley et al., 2002; Webber Jr. & Zbilut, 2005).
Subjecting the data of the whole body movements during the construction task (Abney et al.,
2021) to CRQA, Abney et al. (2015) found that coupling strength negatively predicted tower
height. Furthermore, in a study in which dyads of children (8 – 13 years) solved tangram puzzles
together, Vink et al. (2017) used CRQA measures to characterize the coupling between dyads’
postural sway, in terms of degree of stability, synchronization, and complexity. They found a
negative correlation between the CRQA measures and dyadic task performance.
When comparing the findings of the current study and the above mentioned studies, it is
important to note the differences between the studies. Besides differences in analysis methods
(i.e. cross wavelet analysis, complexity matching, CRQA), there were differences in tasks (e.g.
discussion only, Fusaroli et al., 2013, vs. playing a video game together, Wiltshire et al., 2019),
and movement and/or speech measurements (e.g. spike trains of speech and movements,
Abney et al., 2021, vs. postural sway, Vink et al., 2017). Moreover, only children were included
in the current study and in the study by Vink et al. (2017). These differences make it difficult to
compare these studies’ findings. Future, more systematic, research is needed to further
understand the relations between task characteristics, which patterns are captured at which
level of detail, specific measures of interpersonal coordination, age, and task performance.

Learning about balance scale problems
With regard to task characteristics, in the current study children solved balance scale problems
together by means of discussion. Balance scale problems have been widely used in
developmental psychology (e.g. Boom et al., 2001; Jansen & van der Maas, 2002; Pine et al.,
2004, 2007; Siegler, 1976; van Rijn et al., 2003) because they enable researchers to
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systematically study learning within a short period of time. A limited number of studies have
used balance scale problems to investigate dyadic learning, using either paper-and-pencil task
to predict the outcome of the problems (Denessen et al., 2008; Krol et al., 2004), or a real
balance scale and weights (Tudge, 1991). Instead of focusing on dyadic learning, in the current
study we used balance scale problems primarily as a vehicle to elicit discussion and
collaborative problem solving in children. This does not make the question about dyadic
learning within our study any less interesting or intriguing, however.
In our study, dyads of children often improved their number of correct predictions by either 1
(43.4%) or 2 (13.2%), and they agreed about the second prediction 62.5% of the time (see
Descriptives in Results-section). This might suggest that some kind of learning and mutual
influence was going on between the dyads. To better understand whether and how children
learn from each other during the experiment, we need to investigate the bouts of discussion in
a qualitative and detailed manner in a follow-up study (cf. Van der Steen et al., 2012; Van Der
Steen et al., 2014), thereby capturing what the dyads actually discussed. In addition, we need
to investigate the development of children’s predictions and discussion over time, across the
task. Lastly, children not only interacted during discussion moments, but also in between.
Researching what happens in between discussion moments might also shed light on dyadic
learning within our study.
From our anecdotal observations during data collection, we know there were large differences
between dyads in terms of quality and content of discussion moments. These large betweendyad differences might be captured by the relatively large R2conditional (compared to the small

R2marginalized of the fixed effects) of the models which predicted our three indices of task
performance. Among the many possible explanations of these large differences between
dyads, previous studies have shown that the composition of the dyad in terms of individual
ability influences dyadic learning about balance scale problems (Denessen et al., 2008; Krol et
al., 2004; Tudge, 1991). In general, previous studies have shown that when a higher performing
peer teams up with a lower performing peer, the performance of the lower performing peer
often increases (e.g. Bahrami et al., 2010; Young et al., 2019). These findings fit within the
concept of scaffolding. Scaffolding refers to providing support to someone, so that they are
able to do a task that they would not have been able to do without support (van de Pol et al.,
2010; van Geert & Steenbeek, 2005; Wood et al., 1976). Follow-up studies need to investigate
whether dyadic learning in the current study is related to composition of the dyad, and the
related possible occurrence of scaffolding, by creating dyads in a specific way focusing on initial
understanding level of the children.
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Limitations
Despite thorough preparation, our data collection procedure did not run flawless, with some
technical and procedural issues leading to the removal of a number of the discussion moments
from the analyses. A large part of these metaphorical bumps are due to collecting data at a
science center, which is inherently noisy. Also, an additional number of discussion moments
needed to be removed because children did not follow the task instructions. Finally, in the
current study we have treated the coherence coordination and relative phase angle as relatively
abstract measures of interpersonal coordination. We did not go into qualitative detail of how
these different measures of coherence coordination and relative phase angle manifest itself as
actual behavior in the discussion moments.

Conclusion
We found that children coordinate their speech, hand movements, and head movements
together, and at different timescales, whereby children’s speech often shows an in-phase
relation. Furthermore, if neither of the children adopts the other child’s prediction, this often
goes together with an in-phase relation between children’s speech. We found no further
relations between transformed coherence or phase relation and other indices of task
performance, however. Our study is the first to provide important understanding about schoolaged children’s multimodal interpersonal coordination, and its relation with task performance.
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