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1. Abstract

Interpersonal temporal coordination refers to the alignment of bodily signals between two
individuals in rhythmically matched or predictably coupled patterns during joint activity.
Movement synchrony is the observable expression of interpersonal temporal coordination. It is
considered a fundamental component of effective communication, emotional attunement, and
shared attention. In parent—child interactions, movement synchrony provides insight into how body
movement supports and reflects the quality of communication across different social contexts. To
quantify these processes, the present study uses the Nonverbal Interpersonal Communication
Exploration (NICE) Toolbox, which includes automated, video-based pose estimation algorithms,
which analyse naturalistic interactions in both free play and structured play conditions in parent-
child dyads. Sixteen parent—child dyads with children aged 4 to 10 were recruited from the
university’s psychotherapeutic outpatient clinic. Each dyad completed two standardized play
situations: a free play interaction and a structured play task (approximately 5—7 minutes each). In
total, 32 videos were analysed using the NICE Toolbox, which extracted frame-by-frame
movement data using ViTPose, a pose estimation algorithm. Subsequently, we calculated
synchrony indices using windowed cross-correlation analysis. To further assess ecological validity
and determine whether observed synchrony reflected genuine coordination rather than chance-
level covariation, synchrony indices were compared with pseudosynchrony baselines generated
through the Surrogate Synchrony (SUSY) framework. We found that observed synchrony levels
were significantly higher than pseudosynchrony levels across dyads, indicating that parent—child
movement coordination occurred at above-chance levels and reflected true interactive coupling.
However, we were not able to find a significant difference between the play contexts. Nonetheless,

the descriptives and visualization suggested that there was a slight variation depending on the play



context with free play showing slightly higher variability compared to structured play. This study
validates the NICE Toolbox as a reliable and scalable method for quantifying movement
coordination in naturalistic settings. Furthermore, the findings highlight movement synchrony as
a measurable marker of interaction quality in the context of developmental and clinical psychology
research and demonstrates its potential to connect moment-to-moment coordination with broader

aspects of relational functioning in naturalistic interactions.

Keywords: Temporal Coordination, Movement Synchrony, Parent-Child Interaction, Body Pose

Estimation, NICE Toolbox.



2. Introduction

2.1 Interactions in Early Development

Human development unfolds through social interactions that take place in the earliest
stages of life (Feldmann, 2007). Through childhood, children engage with their caregivers in
continuous exchanges that pillar behavioral, physiological, and neural regulation which form the
foundation for a child’s developmental trajectory (Feldmann, 2007). Children actively participate
in interactions that go on to shape their developmental capacities across various cognitive,
emotional, and social domains (Gauvain, 2001). Such interactions in a child’s early life can provide
them with an environment which is either guided or constrained by the level of responsiveness

shown by their social partner, often a caregiver or parent (Galasyuk & Mitina, 2020).

Hornbaek & Oulasvirta (2017) define an interaction as the situated, embodied engagement
of a person with their environment and tools, shaped by intention, context and the coupling of
actions. Early interactions that take place between the parent and the child play a pivotal role in
development, as parents often serve as children’s primary sources of stimulation, support and
regulation (Dozier et al., 2013). Offering cues that guide attention, scaffold learning, and
harmonize emotional states, parents help construct their child’s experiences from the ground up
(Milteer et al., 2012). Research has suggested that sensitive and responsive caregiving carves a
path for children to be able to regulate arousal and emotion (Lobo et al., 2026). Similarly, strong
interactive routines like play and turn-taking drive early learning and social understanding between
the caregiver-child dyad (Lourencgo et al., 2023). Bowlby (2012) proposed that over consecutive
years of development, these interactive routines can help form secure relationships, providing a

secure base for trust and positive relationships.



The effectiveness of such interactions isn’t determined singularly by these behaviours,
rather multiplied through coordinated dynamic behaviours over time (Cornejo et al., 2017).
Interactions are known to be reactive, reciprocal processes where children and caregivers
continuously adjust to each other's body movement, facial expressions and momentary actions
(Legerstee, 2009). Defined as temporal organization, it allows interactions to not only be apathetic
but energetic, vibrant and robust (Dale et al., 2013). Constantly shifting and evolving, allowing
both partners to anticipate, respond and adapt in ways that maintain mutual understanding going
beyond verbal communication (Dale et al, 2013). This temporal organization and coordination is
a core property of early social development allowing for parents and children to develop their
inter-dependent ways of emotional regulation, learning and bonding (Carollo et al., 2021). This
dynamic nature of early development is the root of how two systems, the parent and the child,
coordinate their behaviour in time, synchronizing their emotional and behavioral rhythms

(Markova et al., 2019).

2.2 Interpersonal Synchrony and Temporal Coordination

This form of attunement between two interacting systems, in this case parent and child, is
defined as temporal coordination (Wilcox et al., 2025). Feldmann (2007) defines this as the
coordination of micro-level social behaviour, where parent-infant synchrony refers to the matching
of behaviour during a social interaction which exceeds chance, highlighting the reciprocal
influence between two interacting partners. Temporal coordination can develop through multiple
facets, one of them being interpersonal synchrony (Feldmann, 2007). Interpersonal synchrony is
when two individuals form a systematic alignment by coupling their behaviours, physiology and
neural networks during an interaction (Harrist & Waugh, 2002). As opposed to them responding

to each other in a solitary manner, interpersonal synchrony allows for two systems to be temporally



connected, such that one system’s changes relate to changes in another (Sfeir et al., 2025). This
alignment may take place simultaneously or with a time lag, often reflecting ongoing adaptation

of one system to the other during an interaction (Ramseyer, 2008).

Synchrony can be understood as a prominent manifestation of temporal coordination
highlighting the dynamic relationship between two interacting systems (Feldmann, 2007). This
allows the caregiver and the child to intertwine their personal autonomous systems to their own
rhythms, which then aligns and readjusts dynamically through reciprocated influence of one
system to the other (Leclere et al., 2014). Mayo & Gordon (2020) proposed that synchrony
develops when the temporal structure of one partner corresponds with that of another, forming
patterns which go beyond chance and coincidence. This doesn’t always mean perfect alignment of
behaviour, rather it reflects flexible coordination which allows both partners to maintain their level

of engagement while responding to new signals during the interaction (Mayo & Gordon, 2020).

In parent-child interactions, interpersonal synchrony plays a crucial role in withholding or
guiding developmental processes (Feldmann, 2007). Feldmann (2017) put forth the idea that
higher level emotions such as affect and arousal, are often maneuvered by the ability to temporally
coordinate, allowing two systems to successfully co-regulate as one, rather than two independent
systems. In a parent-child dynamic, interpersonal synchrony can allow the child to learn through
interactions, as coordinated timing of behaviour can enhance a child’s ability to attend to and
predict the caregiver’s behaviour (Harrist & Waugh, 2002). This creates a supportive environment
for them to explore and acquire unique skills which can only be learned by continuous, time-
specific interactions (Harrist & Waugh, 2002). This level of synchrony, when achieved through a
multitude of interactions over a period of time, can allow for the development of attachment bonds

(Isabella & Belsky, 1991). In turn, such attachment bonds reinforce a sense of mutual engagement
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and connectedness between the child and the parent (Isabella & Belsky, 1991). Hence,
interpersonal synchrony can serve as a core organizing principle in early interactions, aligning

caregiver-child behaviour, laying the foundation for a wide range of developmental outcomes.

Figure 1

Typically Known Modalities of Interpersonal Synchrony: Behavioral; Physiological & Neural.
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2.3 A Deep Dive into Interpersonal Synchrony: Movement Synchrony

Synchrony via temporal organization during an interaction can be observed across varying
modalities (Sfeir et al., 2025). In parent-child interaction research, it is common to observe
synchrony through behavioral domains such as gaze, vocalizations, affect, facial expressions, as
well as physiological processes such as heart rate variability (HRV), cortisol activity, changes in
body temperatures and through hyperscanning neural activity —monitored by
electroencephalography (EEG) or functional near-infrared spectroscopy (fNIRS) (Feldmann,
2007; Feldmann et al., 2011; Pili et al, 2025). By analysing synchrony across these domains,
researchers are able to grasp the extent to which adjustments in one partner’s behavioral state can

affect the other’s ability to mirror or regulate such changes in behaviour (Wilcox et al., 2025). This
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emphasizes the multi-faceted nature of coordinated interactions which are powered by

synchronized shuffling of behavioral outcomes during the interaction (Ohayon & Gordon, 2025).

Movement synchrony, within the behavioral domain is one such example of a modality
with which synchrony can be observed (Lakens, 2010). An expression of interpersonal
coordination, body movement serves as a continuous, ever-evolving, dynamic signal that unfolds
over time and reflects ongoing engagement between two systems (Schmidt & Richardson, 2008).
Discrete behaviours such as gaze shifts, facial expressions and gestures are forms of movement
which are present throughout an interaction (Richardson et al., 2008). They allow researchers to
be able to observe the level of coordination at very minute, fine grained temporal scales (Paxton
& Dale, 2013). Since movement is very closely intertwined with attention, affect and action,
patterns of coordinated movement can help offer detailed insight into how two or more interacting
systems may evolve and adapt to one another in real time, also sometimes without conscious

awareness (Keller et al., 2014).

Early research on movement-based coordination has demonstrated that two more
interacting individuals tend to spontaneously align their movements during social engagement
(Galotti et al., 2017). Research in both adult and child domains suggest that coordinated body
movement can emerge naturally during interaction (Koul et al., 2023; Cornejo et al., 2024). This
is done by reflecting or mirroring shared rhythms, almost like a dance which takes mutual influence
and isn’t intentional mimicry of one’s actions (Keller et al., 2014). In a parent-child context, this
temporal organization of movement is linked to engagement quality and interactional attunement,
suggesting that movement synchrony may serve as an additional building block through which
temporal coordination can be expressed during an interaction (Wilcox et al., 2025). This research

has motivated an ever-growing interest in studying movement synchrony as a window into the
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dynamics of social interactions, underlining the need for reliable methods to capture coordination

between bodies over time.

2.4 Nonverbal Synchrony and Body Movement

A major part of social interaction in the early stages of development is conveyed through
nonverbal communication (Hall et al., 2019). In early life, infants often rely on bodily cues such
as posture, gesture, facial expression and movement to understand signals by their caregiver
(Papousek, 2007). Growing up into childhood, these cues manifest and form deeper connections
to serve a purpose of communication that goes hand-in-hand with verbal communication (Cochet
& Bryne, 2016). Caregivers then respond to these cues through their own nonverbal behaviours
forming a rich collection of embodied signals which are exchanged and recreated over time as the
bond between the caregiver and child grows deeper over time (van der Klis et al., 2023). In most
cases, such nonverbal cues form the primary medium through which early social coordination

takes place, making it a critical focus for understanding a caregiver-child interaction.

One such component of nonverbal communication is synchronized body movement which
expands and unfolds continuously throughout interaction and reflects the ongoing engagement
between the two systems (Tsuchiya et al., 2020). Body movement such as shifts in posture,
organized gesturing, rhythmic pattern and leader-follower dynamics are not just isolated events,
but rather a part of a dynamic stream of changes and adjustments that evolve over time (Dale et
al., 2020). This kind of body movement, which is inherently temporal, provides a natural glance
into how two interacting partners coordinate their behaviour moment by moment (Keller et al.,

2014). This synchronization of movement within this framework allows us to capture the exact
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degree to which the temporal structure of one's movements reorganizes with regards to the other,

indicating the coordination between two systems (Koul et al., 2023).

Studying interaction at the early stages of human development can often be tricky (Leclere
et al., 2014). Hence, focusing on movement-based synchrony offers several advantages for the
study of early interactions (Hoch et al., 2022). Firstly, movement is a continuous signal that can
be examined at each minute detail in a frame-by-frame manner at fine temporal resolutions with
regards to video analyses. This allows researchers to capture subtle patterns of coordination that
may be ignored in an event-based measure (Ramseyer, 2013). Secondly, movement-based
approaches are natural and often unconscious, making them less reliant on subjective coding of
discrete behaviours such as gaze, affect or vocalizations (Koul et al., 2023). This offers a greater
potential for objectivity and reproducibility. Additionally, due to the implicit nature of movement
coordination, often without conscious awareness of explicit instruction, it has the tendency to
reflect fundamental interactional processes which operate beneath the more overt communicative
behaviours (Keller et al., 2014). Collectively, these advantages allow movement synchrony to be
strongly poised as one of the more powerful indicators of temporal coordination in caregiver-child
interactions highlighting the importance of producing robust methods to measure this coordination

between two bodies over time (Ramseyer & Tschacher, 2011).

2.5 Measuring Nonverbal Movement Synchrony: Motion Energy Analysis

Condon and Ogston (1966) first described this form of nonverbal communication as
‘nonverbal synchrony’. They coined the term as a phenomenon describing coordinated movement
between interacting individuals as ‘interactional synchrony’ (Condon & Ogston, 1966). Ramseyer

& Tschacher (2011) then further conceptualized ‘nonverbal synchrony’ as a phenomenon having
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three distinguished features. Firstly, it has a dynamic quality. Secondly, it can be measured
objectively and automatically by a video-computer interface and lastly, it has evident simultaneous
movement (Codon & Ogston, 1966) as well as a = 5 second window of time-lagged coordinated
movement. As Ramseyer & Tschacher (2011) suggested, a core challenge of studying
interpersonal coordination such as nonverbal synchrony lies in highlighting the possible functional
methods which are capable of capturing how two or more interacting individuals move together

across time.

In the early 2000s, as the interest in studying movement synchrony grew, several methods
were developed as a way to quantify nonverbal synchrony using a video-based computer analysis
Ramseyer & Tschacher (2011) identified such methods as essential to study this type of temporal
coordination. Among them, Motion Energy Analysis (MEA), developed by Fabian T. Ramseyer
& Wolfgang Tschacher at the University of Bern, emerged as a widely used software for measuring
nonverbal behavioral coupling. They used MEA in their first publication in 2008 and further

formalized it through more research in 2011.

Ramseyer & Tschacher (2011) used the MEA software to study nonverbal synchrony
during psychotherapy sessions. They aimed to study whether movement synchrony between
patients and therapists could be objectively detected and related to the outcomes of the therapy
sessions. They used MEA on 104 videotaped sessions and were able to find that that real patient-
therapist dyads presented a significantly higher level of synchrony as compared to shuffled
pseudodyads, reaffirming that synchrony present in two interacting individuals reflects
interpersonal coupling rather than by-chance coupling. They were able to conclude that higher

synchrony predicted stronger therapeutic alliance, greater engagement between patient and
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therapist and moreover, a larger reduction in symptoms, showcasing nonverbal synchrony as a

meaningful indicator of therapeutic progress.

The Motion Energy Analysis software quantifies movement by examining changes in pixel
intensity across video frames within predefined regions of interests (ROIs) drawn out by the
researcher (see Fig.l below). Each frame of the video is then compared to the next one, producing
a time series of ‘motion energy’ representing the degree of movement shown at each point in time.
Every subtle variation from frame to frame can then be tracked by the researchers in movement
over milliseconds with each frame providing a high-resolution representation of how two
interacting partners’ dynamic movement fluctuates and coordinates during an interaction. Once
the motion energy time series data are extracted for both individuals, synchrony is quantified
statistically. Commonly, this is done via windowed cross-correlation analyses, allowing
researchers to examine the alignment of movement patterns between two individuals across
varying time lags (cross-correlation) and also compare fluctuations in the level of synchrony across
the interaction (windowed analyses). Studying these patterns can help reveal the degree of
temporal coordination between individuals evident when their movements are aligned and also

examine whether one partner tends to lead or follow in the interaction.
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Figure 2
An Illustrative Example of the Motion Energy Analysis Software Demonstrating How Raw Video

Footage Is Processed (Ramseyer, 2011)

MEA 410 MEAOF Ramseyer (2019)  Sin'diiGiiny  Analyze MEA raw-data:
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Note: The colours represent the Regions of Interest drawn by the researcher (Ramseyer, 2011)

The major advantage of using MEA as a method to study nonverbal synchrony is its ability
to detect subtle moment-to-moment movement coordination which is often difficult to capture
through traditional observational coding. Human-based coding measures can often prove to have
biases especially when examining minute behavioral changes in an interaction. They can also be
time-consuming and subjective. MEA is able to work through these limitations as it provides
researchers with objective, continuous data. MEA is especially valuable when studying naturalistic
settings such as patient-therapist, parent-child or social learning contexts. In addition to being cost-
effective and minimally labor-intensive, MEA is easy to use and requires little to no specialized

training allowing researchers and even students to become proficient at it without requiring
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extensive coding expertise. Most importantly, when studying parent-child interactions, it proves
to be a non-intrusive method to study synchrony, enabling the observation of spontaneous
coordination without disrupting the participants’ behaviour or flow of interaction. Moreover, MEA
is highly ecologically valid due to its ability to capture movement as a continuous signal at a high-
resolution frame-by-frame manner rather than requiring specialized motion-capture equipment
(Paxton & Dale, 2013). Moreover, by producing time series data, MEA enables researchers to
apply a wide range of statistical analyses such as cross-correlation and windowed correlation to
examine not only whether participants move together, but also how synchrony fluctuates over time
and whether one participant tends to lead or follow. This combination of precision, objectivity,
ease of use, and flexibility makes MEA a uniquely powerful tool for exploring the dynamic

structure of social interactions in ways that were previously inaccessible.

Due to MEA being an easy-to-use software, it has been adopted by multiple researchers.
However, it has its own limitations underlined by developers Ramseyer and Tschacher (2020).
Regardless of the quality or suitability of the video material, MEA quantifies movement by
studying the change in pixel rate in a frame-by-frame manner. This means that certain recordings
with unstable cameras or changing backgrounds or poor lighting can produce a result that can
contain artefacts. The authors recommend that to avoid these risks it is important to maintain
consistency in the camera, background and lighting settings across the interaction. Secondly, when
choosing the predefined ROIs, MEA isn’t able to assess the quality or direction of the movement,
hence, it cannot distinguish between posture shifts vs. gestures or head movement vs foot
movement. This issue can be addressed by having multiple ROIs, however MEA isn’t able to
dynamically adjust ROIs according to movement patterns. Lastly, a key limitation of MEA arises

when individuals in the frame overlap. For example, when a child leans into a parent’s lap. As
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mentioned earlier, MEA measures pixel intensity within predefined ROIs, therefore, when two
individuals overlap the signal can be confounded. This makes it impossible to know who is
producing which movement. This can cause ambiguous synchrony measures as movement from
one individual can be incorrectly attributed to the other. Moreover, MEA is also unable to separate
intertwined body parts, causing joint movement to be treated as a single combined signal rather
than movement coordinated by two individuals. Hence, analysis of situations with overlapping
participants should be interpreted with caution and ROIs must be placed carefully keeping in mind

stable camera angles, backgrounds and lighting to ensure accurate data collection.

2.6 Advancing Movement Measurement: Body Pose Estimation

To overcome the limitations of the Motion Energy Analysis (MEA) software, researchers
have turned to the use of body pose estimation approaches . Body pose estimation is a computer
based vision technique which allows scientists to track the position and orientation of key body
parts, such as, the head, torso, arms, legs etc. This technique allows us to form a map of these
structural points into a skeletal representation of the body allowing researchers to automatically
analyse how a person moves, gestures, or interacts with others in real time (Tharatipayakul et al.,
2024). Body pose estimation uses machine learning models to track anatomical landmarks across
time, creating a time series of joint coordinates that represent the positioning of each body part in
every video frame (Tharatipayakul et al., 2024). This method allows researchers to be able to
interpret movement kinematics (Cao et al., 2021). Movement kinematics is the study of human
motion in terms of spatial and temporal characteristics, this includes body positioning, velocity
and acceleration, without considering the forces that cause that movement (Abernethy et al., 2013).

Movement kinematics are a major aspect of understanding temporal coordination manifested as
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nonverbal synchrony (Koul et al., 2023). For example, OpenPose is a multi-person 2D pose

estimation framework which extracts keypoint body data across frames (Cao et al., 2021).

Grinspun et al. (2024) used OpenPose estimation to analyse joint movement in a mother-
child dyad during a dance task. They were able to find that a comparatively simple measure of
synchrony, head movement coherence, was significantly correlated to observational interaction
quality scores, proposing that computational synchrony metrics can serve as valid indicators of the
quality of naturalistic dyadic interactions. Interestingly, Diaz-Rojaz & Myowa (2024) recognized
that OpenPose is a valuable tool to study naturalistic dyadic interactions, however, the infant
tracking remains challenging. Therefore, they developed a 3D parent-infant pose estimation
system using Azure Kinect and OpenPose to study developmental interactions allowing them to
capture valuable kinematic data. Complementing these advances in kinematic movement data
collection, Efthimiou and Crompton (2025) introduced duet, an open-source R package that
streamlined the processing of large volumes of OpenPose motion data for dyadic interaction
research. Duet is able to automate JSON consolidation, kinematic computation, interpolation,
motion energy extraction, synchrony estimation, making pose-based, detailed movement analysis
more accessible and scalable for researchers studying coordination in social interactions. The
aforementioned methodological advancements in studying movement kinematics suggest that
precise, automated tracking of movement can provide new insights into the dynamics of dyadic
interactions in naturalistic settings. Body pose estimation allows scientists to study movement
kinematics across time, presenting patterns of coordination which are difficult to measure with

traditional coding or pixel-based approaches like MEA.
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Figure 3

Hllustrative Example Comparing Outputs of the Pixel-Based Motion Energy Analysis (B) and

OpenPose Using Body Pose Estimation (C) (Fujiwara & Yokomitsu, 2021)

(A) Original clip (B) Motion Energy Analysis

(C) OpenPose

Distance
between
frames

This thesis will use a novel development, The Nonverbal Interpersonal Communication
Exploration (NICE) Toolbox developed by Schmitt et al. (2025) at the Max Planck Institute for
Intelligent Systems at the University of Tiibingen is one such example of a Toolbox which uses
body pose estimation for studying dyadic interactions in a naturalistic setting. The NICE Toolbox
is an open-source framework which was designed to analyse nonverbal communication from
single or multi-camera video data. It is a state-of-the-art computer vision software that uses deep
learning building upon a framework that consists of a collection of different computer vision
algorithms converting them into a single, transparent pipeline allowing the extraction of multiple
nonverbal movement signals which are relevant to social, naturalistic interactions. The toolbox
includes invaluable variables such as whole-body pose using body joints, hand and facial
landmarks, gaze direction, head orientation, interpersonal distance, movement kinematics and
emotional expressions. Using body pose estimation, the software identifies 2D, x and y coordinates

of key body joints (e.g., shoulders, elbows, hips, wrists, and ankles) along with confidence scores
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of each joint, i.e., how confident the software is for each joint from a scale of 0 to 1. In order to
achieve high accuracy in full-body joint detection, the NICE Toolbox uses ViTPose, a transformer-
based algorithm that functions by modeling long-range spatial relationships with each body part
(Xu et al., 2022). Each body joint, in each frame, serves as a data point which is post-processed
through filtering to reduce noise, after which movement dynamics, i.e., kinematic displacement
and velocity of each joint is computed. This allows the NICE toolbox to be a transparent and
extensible framework for studying nonverbal behaviour and interpersonal coordination over time.
The implementation and adaptation of the NICE Toolbox will be further explained in the Methods

section.

Figure 4
An Example of a Frame from the NICE Toolbox Software Demonstrating How Raw Video

Footage Looks After a Video is Processed.
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2.7 The Present Study

Nonverbal interpersonal synchrony can manifest as a form of temporal coordination
between two interacting individuals across developmental research (Ramseyer & Tschacher,
2011). It is a foundational mechanism through which parent-child interactions aid emotional
regulation, learning and social bonding (Lobo et al., 2026). As mentioned before, synchrony is a
dynamic phenomenon which presents itself during interactions through physiological, neural and
behavioral channels (Feldmann, 2007; Feldmann et al., 2011; Pili et al, 2025). One such behavioral
channel, nonverbal movement synchrony offers a continuous and implicit glimpse of how two
systems align themselves across time (Leclére et al., 2014). Observing and analysing this
phenomenon can be performed via traditional behavioral coding and computerized pixel-based
approaches such as Motion Energy Analysis (Ramseyer & Tschacher, 2011). Nonetheless, these
methods remain constrained by certain limitations, such as biases, interpretability, transparency
and most importantly, precision in detecting the source of movement. This presents us with
meaningful gaps in movement synchrony research which can be addressed by using other
methodological approaches such as body pose estimation, more specifically the ViTPose algorithm
in the NICE Toolbox (Schmitt et al., 2025). Despite the rising interest amongst researchers in
quantifying synchrony, true empirical research applying modern body pose-based methods in a
naturalistic parent-child scenario remains limited. A substantial body of literature now
demonstrates that synchrony both exists and matters. However, knowledge on how synchrony
unfolds during naturalistic interactions, particularly in parent-child interactions remains
understudied. Advancing research in this direction will not only deepen our understanding of

children's developmental foundations but also help us refine therapeutic approaches.
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The present study aims to examine this gap in nonverbal movement synchrony research by
observing parent-child play scenarios. Parent-child play situations provide us with a rich, highly
naturalistic outlook into continuous and spontaneous temporal coordination (Kidby et al., 2023).
Play situations can be a developmentally enriching perspective which can allow both parent and
child to co-create and co-regulate without experimental constraints (Kidby et al., 2023). This
allows for play contexts to be an ideal method to observe the dynamic nature of behavioral
alignment between parent and child. Vygotsky (1967) believed that through play children are able
to use their ingenuity to create imaginary events that originate from real live circumstances.
Saracho (1998) further proposed that play can be studied through free play, structured play and
semi-structured play. Free play is navigated by the child, often spontaneous and supports
individuality, creativity and is a natural way of expressing behaviour (Pellegrini & Smith, 1998)2.
Structured play is often navigated by the adult, including predefined instructions that shape
behaviour towards a shared outcome (Fisher et al., 2008). Ultimately, semi-structured play blends
the two extremes through scaffolding behaviour while allowing the child to also take initiative as
the adult guides play towards a shared outcome (Vygotsky, 1978). The current study uses both
structured and free play situations to examine how nonverbal movement synchrony manifests itself
in both varying scenarios. The free play scenario can allow us to capture natural, self-generated
patterns of interaction whereas the structured play context can provide us with a comparative under
shared instructions and goals allowing synchrony to manifest across two varying naturalistic

contexts (Krijnen et al, 2023).

The present study aims to address some key objectives. Firstly, we aim to explore the
validity and reliability of the novel NICE Toolbox and its ability to assess nonverbal movement in

naturalistic parent-child interactions by applying ViTPose, a pose-estimation-based algorithm that
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captures full body motion with precision and transparency. Secondly, we aim to observe whether
observed dyadic interactional synchrony exceeds what would be expected by chance, or
pseudosynchrony. Lastly, we aim to explore how movement synchrony differs between free play

and structured play context.

2.8 Research Question & Hypotheses

Under the umbrella of the aforementioned objectives, the study aims to answer three

questions:

Q1. To what extent can the NICE Toolbox reliably capture patterns of nonverbal movement

synchrony in parent-child dyads during naturalistic interactions?

Q2. How does nonverbal movement synchrony manifest as temporal coordination during
naturalistic parent—child interactions (free play vs. structured play), and does observed synchrony

significantly exceed pseudosynchrony (i.e., synchrony expected by chance)?

Q3. Does movement synchrony differ between free play and structured play conditions?

Based on these objectives and research questions, as well as the existing literature on
parent-child movement synchrony, the following hypotheses were formulated to examine expected
patterns of coordination and the performance of the NICE Toolbox. Keeping in mind that the NICE
Toolbox is a novel development along with the foundation laid by previous research on
interpersonal synchrony in parent-child dyads (e.g., Ramseyer & Tschacher, 2011; Delaherche et

al., 2012) allow us to posit the following hypotheses:
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RQ1-H1. Due to theoretical advantages the NICE Toolbox offers over other traditional measures,
it could prove to be useful to study movement kinematics in future studies, however due to the
exploratory nature of this study, examining the NICE Toolbox for the first time, no formal

hypothesis can be made at this stage.

RQ2-H2. The dyads will display movement coordination that exceeds chance, or

pseudosynchrony levels (e.g., Ramseyer & Tschacher, 2011; Delaherche et al., 2012).

RQ3-H3. The level of synchrony between dyads will vary depending on the type of play. Free
play, a child-led, spontaneous style of play may show higher variability in coordination while
structured play might elicit more consistent, task-dependent alignment between the two (Pellegrini

& Smith, 1998; Vandell, 2000).

These research questions and hypotheses will allow us to further address how reliably such
coordination can be captured using modern computational tools and how nonverbal movement
synchrony unfolds in naturalistic parent-child interactions. By evaluating the NICE Toolbox as a
measurement framework to examine synchrony across free and structured play, this study has the
potential to advance ecologically valid methods for studying parent-child interactions. This study
can have further implications for developmental and clinical science through the development of
tools that can be crucial in identifying early interactional difficulties in clinical or educational

settings.



3.1 Participants and Procedure

3.1.1 Participants

Data collection for this study took place over the past year and included 16 parent-child
dyads: 4 mother-son, 3 father-son, 5 mother-daughter, and 4 father-daughter dyads. The children
were between 4 and 10 years old, and the parents were between 34 and 50 years old. Table 1

presents key information about the participants.

Table 1

3. Methods

Participant Demographics and Summary Statistics (M, SD, Min, Max)

Parent Sex | Child Sex Parent Age Child Age
f m 43 5
m m 39 5
f f 38 5
f m 48 6
m m 50 6
m f 39 4
f f 44 4
f m 37 5
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m f 44 4
f m 35 6
m m 36 6
f f 38 10
f f 34 6
m f 38 6
f f 36 5
m f 47 8
M 40,375 5,6875
SD 4,95143077 | 1,537042615
Min 34 4
Max 50 10

3.1.2 Recruitment

Participants were all recruited from the Ludwig-Maximilians-Universitit (LMU)
outpatient clinic for child and adolescent psychotherapy in Munich, Germany. This allowed us to
access parent-child dyads going through psychological treatment. Paired with video-feedback

interventions, parents were asked if they were willing to participate in the study. It was explicitly
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clarified to the participants that their participation in the study would not affect their ongoing
psychotherapy and that the data would be processed and examined independently from the
diagnostic process. Written consent was obtained, and appointments were independently
scheduled for the study, separately from the standard psychological assessments. The participants
who chose to participate were also informed about their right to withdraw at any time, without

consequences (See Appendix I for the Consent Form).

3.1.3 Set up and Video Recording Process

Dyads were seated opposite each other, slightly turned towards the camera. Interactions
were recorded using an Osmo Action 3 camera positioned in front of the participants. The video
recording was set to 50 frames per second, enabling the NICE Toolbox to process movement at
the same temporal resolution resulting in 50 data points per second for each body joint. To ensure
accurate pose estimation, participants were seated at a table opposite of each other, allowing the

software to detect their positions and movement in a standardized and unobstructed manner.

3.1.4 Procedure

The study involved a video paradigm conducted in a dedicated video room at the outpatient

clinic. Each dyad completed two play conditions:

1. Structured Play Condition: Participants were asked to play the board game “Save the

)

Penguin”, requiring cooperative turn-taking to remove pieces of ‘ice’ without letting the
penguin fall.

2. Free Play Condition: Participants were given a box of toy animals and were allowed to

play without rules or instructions.
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Each condition lasted 5 minutes. The instructor left the room during play and knocked to
indicate ‘begin play’ and ‘stop play’ at the end of the 5 minutes. In some cases, when play extended
5 minutes, it was left uninterrupted to maintain a naturalistic interaction and all video material was
used for following data analysis. Participants were reminded that they could leave, pause or

terminate the game at any time.

3.2 Implementation and Adaptation of the NICE Toolbox

Once the experiment was completed, all videos were compiled and carefully transferred on
a computer labelled plgl; plg2 (Participant 1, Game 1 or 2). This allowed for a clear naming
system for all videos which were then ready for processing on the NICE Toolbox. The Toolbox, a
preconfigured Max-Planck Institute (Tiibingen, Germany) supported framework was provided to
us as a preinstalled system in the same computer where all the videos were stored. This ensured a
standardized, reproducible processing environment with minimized variability related to system

transferring or system dependencies.

Once the data was prepared, the first step was to load the calibration file on Visual Studio

Code (Microsoft), generated from the camera calibrations performed in the Set up and Video

Recording Process, and input the files which were to be processed. Next, the NICE Toolbox was
loaded by clicking ‘open folder’ on the Calibration document. Once the Toolbox was open it was
important to select the required detector for this study, ‘body joints’. This component directly
allowed us to capture whole-body movement dynamics relevant for assessing nonverbal movement
synchrony while avoiding unnecessary complexity from other detectors. Additionally, we also had
to input the amount of frames in each video by multiplying the total seconds times 50 (eg., if the

video was 6 min long, 360s x 50 = 18000). The software then applied body pose estimation using
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ViTPose, a deep learning model optimized for high-precision full body joint detection (e.g.,
shoulders, elbows, hips, wrists, and ankles) (Xu et al., 2022). The video was then processed by the
software frame by frame at 50 frames per second, resulting in a time series of body joint (x, y)
coordinates for each detected body joint across the entire interaction. In turn, this produced nearly
1,020,000 data points for each play condition, reflecting continuous movement trajectories over
time. The final output from the NICE Toolbox consisted of structured CSV files containing all
body joint x, y coordinates along with their confidence scores which serve as raw input for

subsequent movement synchrony and windowed cross-correlation analyses.

A key novelty of the present study is the methodological use, and evaluation of confidence
scores. These scores, provided by the NICE Toolbox were introduced as a part of the most recent
update of the software which has not yet been extensively examined or validated in dyadic
research. These scores play a crucial role in addressing RQ 1, which aims to examine whether the
NICE Toolbox is a reliable and valid tool to capture nonverbal movement patterns. Confidence
scores present an explicit, frame-by-frame estimate of reliability of the detected joint positions,
allowing us to not purely rely on an automated algorithm but also actively assess the validity of
the extracted raw data. Especially concerning naturalistic interactions, it is important to have such
measures which aid the data-cleaning and validation process advancing the methodological
approach of movement synchrony research. This can prove to be an important contribution to the

validity of the NICE Toolbox in developmental and clinical contexts.

Alongside raw coordinate data, the NICE Toolbox also outputs a confidence score ranging
from 0.0 to 1.0 for each joint estimate in every frame. In a few exceptions, values can exceed this
range due to numerical precision limits or post-processing artifacts (such instances were treated

conservatively during data cleaning). The confidence score is computed internally by the pose
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estimation algorithm ViTPose, which regresses a heatmap for each joint representing the
likelihood for the joint being at every pixel location (Xu et al., 2022). The joint position is then
aligned to the peak of the heatmap which is the location with the highest likelihood and the
corresponding value is reported as the confidence score. During the kinematic calculation step
performed by the NICE Toolbox done by measuring movement access consecutive frames, the
lower confidence score of the two frames is retained to ensure a conservative estimate. Joint
estimates which fall below a predefined threshold, as discussed amongst researchers, can be
identified as unreliable and excluded during pre-processing. The final output from the NICE
Toolbox consists of structured CSV files containing all body joint X, y coordinates which serve as
raw input for subsequent movement synchrony and windowed cross-correlation analyses. A
detailed, step-by-step instructions manual on how to run the NICE Toolbox is given in Appendix

11

3.3 Pretest Data Processing

With regards to Hypothesis I, prior to preprocessing the raw data, a pretest was conducted
to evaluate the quality and reliability of the movement data generated by the NICE Toolbox. The
primary goal of this pretest was to perform a primary behavioral observation. This was done by
reviewing video and frame-by-frame picture visualizations of the assessed body joint movements
in multiple processed videos. These videos were examined to determine whether the software was
able to detect body joint movements accurately across all frames (See Appendix III for Primary
Behavioral Observation Notes). While most joint positions were estimated correctly, there were a
few situations when the software wasn’t able to accurately pinpoint the movement of a body part.
For example, the software would predict the position of a leg or an arm incorrectly relative to its

actual position in the video. Despite these errors being relatively rare, they were evident and lasting
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long enough to warrant control. As incorrect movement could then affect subsequent movement

synchrony analyses.

Figure 5

Example Frame of a Body Pose Estimation Error ldentified During Pretest Validation,

Highlighting a Mismatch Between The Detected Joint Position and True Body Posture

Note: The confidence scores of the knee joint and ankle joint were 0.12 and 0.08 respectively.

In order to address these concerns and discrepancies, we investigated the confidence scores
provided by the NICE Toolbox for each estimated joint in every frame and then corresponded
them to the video visualizations. Since these scores reflect the algorithm’s level of certainty about
the accuracy for joint detection, we were able to spot a consistent pattern by cross referencing these
data points with the identified visible misplacements. The incorrectly detected joint positions in
the videos or pictures were associated with low confidence scores, typically below 0.4. This
suggested that controlling the confidence scores could serve as an objective measure for filtering

out unreliable data points. Therefore, based on further primary behavioral observations, we defined
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three potential thresholds for data exclusion/inclusion to systematically control for software errors

while also retaining as much valid data as possible.

1. 0.0 Threshold - no data points removed, effectively using all joint estimates.

2. 0.2 Threshold - all data points with confidence scores below 0.2 were removed. This
allowed us to eliminate only the most obviously incorrect points while retaining the
majority of the valid data.

3. 0.4 Threshold - all data points with confidence scores below 0.4 were removed,
representing a more conservative approach of data inclusion which prioritized data quality

but risked discarding more potentially valid information.

These three thresholds were tested on the pretest videos using RStudio to determine the
most appropriate balance between data integrity and completeness. The evaluation showed that the
0.2 threshold provided the most optimal compromise as it seemed to remove all the extremely
inaccurate points while preserving the majority of usable data. Consequently, for all the following
analyses, we excluded all body joint coordinates data points with confidence scores below 0.2. A
more detailed description of this pretest procedure, including frame-by-frame visualizations,

confidence score comparisons are provided in Appendix IIIl and V.

3.4 Preprocessing Raw Data

Once the optimal threshold for confidence scores was affirmed in the pretest phase, all the
remaining data points were refined by excluding (N/A) joint estimates with all confidence scores
below 0.2. The remaining high-confidence data points were then combined into a large data set for

each dyad and each play condition (plgl, plg2). All data preprocessing, including exclusion
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procedures, was performed in R (Version 4.2.1), where all subsequent statistical analyses were

also conducted.

Considering Research Question 2, movement synchrony analyses were performed using
the Surrogate Synchrony (SUSY) R package developed by Wolfgang Tschacher, 2019. The
Surrogate Synchrony (SUSY)) analysis package conceptualizes movement synchrony as the degree
of temporal coordination between two simultaneously occurring processes, using windowed cross-
correlations. The current study uses this package by representing bivariate time series derived from

the movement data of the parent and the child.

Effectively, cross-correlations for each dyad were computed through a fixed temporal
segment of each time series. We divided each participant’s time series into overlapping segments
of 10 seconds. Then, we established a predefined range of Temporal Lags (= 5 seconds), specified
by the Maxlag Parameter that allowed us to calculate correlations within each time segment
(Tschacher, 2019). Using Fischer’s Z Transformation, correlation coefficients were then
transformed and regardless of direction, absolute values were used to quantify the overall strength
of coordination (Tschacher, 2019). At the segment level, all Mean Z-Values were first computed
and then aggregated across all segments, which resulted in an overall synchrony index (Mean Z-
Value) (Tschacher, 2019). This overall synchrony index was then applied for each dyad and
condition. This allowed the SUSY computation to have flexibility in sampling frequency and
segment duration while preserving interpretability (Tschacher, 2019). Below is an example of
time-lagged windowed cross-correlations from -5 to +5 seconds for an exemplary dyad. In this
figure, we can see the true differences between pseudosynchrony and real synchrony in a dyad.

While being mostly similar, the peaks of real synchrony are evidently higher than
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pseudosynchrony with highest cross-correlations close to time lag 0, representing simultaneous

movement.

Figure 5

An Example of a Windowed Cross-Correlation for One Dyad in the Free Play Situation (p6g2)

Produced by the SUSY Framework

Real Cross-Correlations (green) versus Pseudo Cross-Correlations (red)

0.16

e
m
h

Z-standardized Cross-Comelations (absolute values)
]

0.04

Note: The red line represents pseudosynchrony whereas the green line represents
pseudosynchrony. The x-axis shows the time-lag whereas the y-axis shows the Z-standardized

cross-correlations, which are the absolute values transformed using Fischer’s Z Transformation.

Regarding Research Question 2, determining whether observed synchrony exceeded
synchrony expected by chance, the SUSY framework applied a surrogate data approach

(Tschacher, 2019). Based on segment shuffling, this framework randomly reordered segments of
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one time series relative to the other (Tschacher, 2019). This generated multiple surrogate time
series while preserving the original temporal structure of previous segments (Tschacher, 2019).
The synchrony computations are then repeated on each surrogate, resulting in a distribution of
following surrogate Mean Z-Values (Tschacher, 2019). This resulted in an Effect Size (ES)
calculation, which quantified the extent to which observed synchrony can or cannot exceed

pseudosynchrony (Tschacher, 2019).

Therefore, SUSY provides us with two synchrony measures for each bivariate time series:
the Mean Z-Value, and the Effect Size (ES) (Tschacher, 2019). The Mean Z-Value, represents the
magnitude, or degree of synchrony, whereas, the Effect Size (ES), represents the level of synchrony
relative to chance (Tschacher, 2019). The present study uses this framework to compute synchrony
across predefined pairs of time series. Visual outputs of such time series plots and cross-correlation

profiles can also be generated to visualize the preprocessed data.

Detailed information on this algorithm coded by David Leander Tschacher under the
supervision of Wolfgang Tschacher along with instructions regarding its use can be found in

Appendix V & VI.

3.5 Statistical Analyses

All statistical analyses were conducted on RStudio (Version 4.2.1). As mentioned before,
the dataset was cleaned ensuring all data points with confidence scores below 0.2 were removed
and set to N/A. This ensured only reliable movement estimates which were withheld for further

statistical analyses.
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Firstly, using the describe() function from the psych package, all descriptive statistics were
computed for all variables of interest. This allowed us to examine central tendency, dispersion and
distributional characteristics such as means, standard deviations, ranges, skewness and kurtosis.

This provided us with an initial overview of synchrony measures across conditions.

3.5.1 RQ 2 - Analysis of Synchrony (Z) vs. Pseudosynchrony (Z.Pseudo)

Addressing RQ?2, all synchrony values derived from the SUSY (Z) function were directly
compared with their corresponding pseudosynchrony values (Z.Pseudo). Once all variables were
deemed continuous and metrically scaled, a within-subject (paired) design was used to compare
each observed synchrony value with a pseudosynchrony estimate from the same dyad and

condition.

Prior to all inferential testing, the normality of difference scores (Z - Z.Pseudo) was
assessed using the Shapiro-Wilk test (shapiro.test()). When assumptions of normality were met,
paired samples t-tests were conducted using the t.test (..., paired = TRUE) function to compare

mean synchrony scores against mean pseudosynchrony scores.

Furthermore, Wilcoxon signed-rank tests were additionally performed as a non-parametric
alternative using wilcox.test(..., paired = TRUE). Lastly, effect sizes were quantified by calculating
Cohen’s d for dependent samples, using cohen.d() function from effsize package. This provided

us with an estimate of the magnitude of synchrony that goes beyond chance.
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3.5.2 RQ 3 - Synchrony Comparison between Free and Structured Play

With regards to RQ 3, the data had to be restructured in a wide format where each dyad’s
corresponding synchrony score for each play condition was presented in the same row, allowing

for a comparison within dyads.

Similar to RQ 2, descriptive statistics were first computed separately for each condition
using the describe() function. Normality of the differences between both play conditions was
assessed using the Shapiro-Wilk test (shapiro.test()). A paired sample t.test (..., paired = TRUE)
was conducted following that to compare synchrony levels across play contexts. Parallelly,
Wilcoxon signed-rank wilcox.test(..., paired = TRUE) tests were conducted as a non-parametric
robustness check. Followed by Cohen's d for dependent samples to quantify the differences

between both conditions.

All data was then visualized using a range of graphical methods through the ggplot2
function. These visualizations were used to illustrate the differences between synchrony and
pseudosynchrony, as well as between play conditions, supporting the result interpretation of this

study.



4.1 Descriptive Statistics

Table 1

4. Results

39

Descriptive Statistics for the Full Sample, Structured Play Condition and Free Play Condition

Comparing Real Synchrony and Pseudosynchrony

Sample Synchrony N Mean Median SD IQR Min Max Skewne Kurtosi Normalit
Type ss s y Flag

Full Real © 32 0052 0051 0006 0.005 0043 0071 1090 1.109 p<.05
sample synchrony (Non-
normal)

| T | | T T |
Pseudosyn- 32  0.051 0.050 0.007  0.007 0.037 0.067 0.652 0429 p>.05

chrony (Normal)

‘Structured Real " 16 0051 0051 0006 0.005 0043 0067 0941 1236 p>.05
play synchrony (Normal)

| T | | T T |
Pseudosyn- 16  0.049  0.048 0.007 0.006 0.037 0.066 0.647 0885 p>.05

chrony (Normal)

‘Freeplay Real 16 0053 0052 0007 0.008 0045 0071 0992 0256 p>.05
synchrony (Normal)

| T | | T T | T |
Pseudosyn- 16  0.052  0.051 0.006 0.007 0.044 0.067 0.679 -0.392 p>.05

chrony (Normal)

Note: Represented columns: N = sample size; Mean = mean synchrony or pseudosynchrony; SD

= standard deviation; Median = median synchrony or pseudosynchrony; IQR = interquartile range;

Min = minimum synchrony or pseudosynchrony value; Max = maximum synchrony value;

Skewness = tail of distribution; Kurtosis

= tail weight of distribution; Normality Flag =

representing whether the distribution is normal or not.

All descriptive statistics were computed through RStudio to provide us with an overview

of real synchrony (Z) vs pseudosynchrony (Z.Pseudo) across the full sample and within each play

condition. Across the full sample (N = 32), the mean real synchrony resulted in a value of Z =
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0.052 (SD = 0.006), with a median of 0.05/ and values ranging from a minimum of (0.043 and a
maximum of 0.071. On the other hand, pseudosynchrony showed a slightly lower mean (Z. Pseudo
=0.051; SD = 0.007) with a median of 0.050 and a slightly wider range with a minimum of 0.037
and a maximum of 0.067. There was a moderately positive skewness of /.090 in the real synchrony
values and an elevated kurtosis of 7.709, and normality of the distribution was tested via the
Shapiro Wilk test which resulted in values of p = 0.0131 representing a deviation from normality
(p<0.05). In contrast, pseudosynchrony values showed a lower skewness (0.652) and kurtosis
(0.429) and did not deviate from normality with p = 0.1094 (p>0.05).

When comparing the two play situations, structured and free play, the structured play
condition (N=16) had synchrony values with a mean of Z = 0.051 (SD 0.006) and a range of 0.043
to 0.067. Pseudosynchrony values were slightly lower (Z.Pseudo = 0.049, SD = 0.007) and a range
0f 0.037 to 0.066. Both real and pseudosynchrony were normally distributed with p = 0.0702 and
p = 0.2649, respectively (p>0.05). Both had a moderately positive skewness and kurtosis
representing a right-tailed distribution with no substantial deviations from normality.

Comparatively, the free play condition (N = 16) showcased synchrony values with a
slightly higher mean of Z = 0.053 (SD = 0.007) and a larger range of 0.045 to 0.071.
Pseudosynchrony presented with a slightly lower mean of Z.Pseudo = 0.052 (SD = 0.006) with a
smaller range of 0.044 to 0.067. Similar to the structured play condition, both variables were
normally distributed with p = 0.1060 and p = 0.3320 (p>0.05). Skewness was moderately positive
(0.992) and kurtosis of 0.679. The free play condition also represented a right-tailed distribution
with no substantial deviations from normality.

Overall, in accordance with the hypotheses for RQ2 and RQ3 the descriptive patterns

indicated slightly higher levels of real synchrony compared to pseudosynchrony across conditions,
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along with a higher mean synchrony observed during free play compared to structured play.
Furthermore, this comparatively low level of variability suggests that the overall synchrony values

were relatively stable across dyads and play conditions.

4.2 Real Synchrony versus Pseudosynchrony

With regards to RQ2, comparing real synchrony and pseudosynchrony amongst the full
sample (N = 32) was first examined for normality through the Shapiro-Wilk test. The results
indicated a slight deviation from normality (W = 0.89; p = 0.03), indicating that the assumption of
normality was violated. Nonetheless, given the continuous and metrically scaled nature of the data
and a level of robustness of the paired samples #-test, a paired samples t-test was conducted to
compare the values of real synchrony (Z) vs pseudosynchrony (Z.Pseudo). This analysis revealed
a statistically significant difference between the two, t =4 .69, p < 0.001, suggesting that values
of real synchrony were significantly higher than values of pseudosynchrony. This result aligned

with the hypothesis.

Due to the normality violations, an alternative, non-parametric Wilcoxon signed-rank test
was also performed and the results were significant (V =490, p < 0.001). This helped us confirm
the accuracy of the observed effect. Additionally, an effect size estimation using Cohen's d for

dependent samples indicated a small effect of d = 0.24.

Results are visualized below using the ggplot function on RStudio. The visualizations
illustrate the distribution and central tendency differences between real synchrony and

pseudosynchrony between dyads through a density plot and a box plot.
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Figure 6
A Density Plot Representing Density Overlays Between Synchrony and Pseudosynchrony in the
Full Sample (N = 32)
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Note: The density plot above illustrates the distribution of synchrony vs pseudosynchrony where
the x-axis represents the Synchrony Score (Z) whereas the y-axis represents the level of density in
the full sample (N = 32). The blue curve represents real synchrony whereas the pink curve
represents pseudosynchrony.

The density plot above visualizes the distribution and overlap between real synchrony and
pseudosynchrony across all conditions with the full sample. Overall, the plot demonstrates a high
level of overlap between the two distributions indicating that synchrony levels were mostly similar.
However, as presented in the descriptive statistics, real synchrony showed a slightly higher central
tendency (M = 0.052) compared to pseudosynchrony (M = 0.051). Additionally, a slight right
skew is also evident in both peaks with pseudosynchrony values demonstrating a slightly wider

spread.
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Figure 7

A Boxplot Illustrating the Overall Distribution of Real Synchrony (Z) vs Pseudosynchrony

(Z.Pseudo) Scores in the Full Sample (N = 32) Across Both Play Conditions (Structured and Free)
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Note: The boxplot above represents both real synchrony and pseudosynchrony scores across the
full sample in both play conditions. The x-axis contains both types of synchrony whereas the y-

axis represents the synchrony score (Z). The blue box represents real synchrony whereas the pink

box represents pseudosynchrony.

The boxplot comparing real synchrony and pseudosynchrony also provides an accurate
visualization of the central tendency and slight variability across the sample. Median synchrony
values are slightly higher for real synchrony (Md = 0.051) as compared to M = 0.050. Real
synchrony also presents a comparatively narrow central distribution with several higher value

observations which contribute an overall positive skew. Pseudosynchrony presents with a slightly
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broader spread with lower minimum values (Min = 0.037), all of which demonstrating the narrowly
elevated real synchrony values compared to pseudosynchrony values.

Overall, the descriptive statistics and visualizations indicate that observed real synchrony
was significantly higher than pseudosynchrony, aligning with the hypothesis for RQ?2.
Nonetheless, the differences were still relatively small allowing for considerable overlap. The
paired samples #-test and the Wilcoxon signed-rank test, however, supported our claim of a reliable
synchrony effect over pseudosynchrony. A small effect size also suggests that the effect of

synchrony over pseudosynchrony is small yet significant in naturalistic parent-child interactions.

4.3 Structured Play versus Free Play

While comparing synchrony scores between the two play conditions, structured and play,
inferential tests were performed. Prior to the inferential tests, the normality of the difference was
assessed using the Shapiro-Wilk test. The results indicated that the assumption of normality was
met (W = 0.97; p = 0.91), supporting the use of parametric analyses such as the paired samples t-
test. Therefore, a paired samples #-test was therefore conducted to compare synchrony scores
between the two play conditions. The analysis presented no statistically significant difference
between the two conditions, ¢ = -1.44, p = 0.17 (p > 0.05), indicating that the synchrony levels
were not reliably different between the compared play conditions.

To account for this, a non-parametric Wilcoxon signed-rank test was also performed and
consistent with the parametric findings the results were also non-significant with V' =44, p = 0.23
(p > 0.05). An effect size measure was also conducted with Cohen’s d for dependent samples

which presented a small to moderately negative effect with d = -0.37 indicating a slight tendency
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towards lower levels of synchrony in the structured condition, however, this difference was not
statistically significant.

Similar to RQ2, visualizations comparing structured and free play conditions were
developed using the ggplot function on RStudio. The data was visualized using a density plot and
a boxplot to illustrate the distribution and overlap of the synchrony values across the two
conditions.

Figure 8
A Density Plot Representing Density Overlays of Real Synchrony (Z) Values Between Structured
(N = 16) and Free (N = 16) Play Conditions
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Note: The density plot above illustrates the distribution of real synchrony (Z) values between
structured (N = 16) and free (N = 16) play conditions. The x-axis represents the Synchrony Score
(Z) whereas the y-axis represents the level of density. The green curve represents the structured

play condition whereas the orange curve represents the free play condition.
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The density plot above compares real synchrony across both play conditions and indicates
a marginal rightward shift for free play as indicated by the descriptive statistics (M = 0.053) as
compared to structured play (M = 0.051). The free play condition also displays a slightly wider
spread compared to structured play. Overall, both curves largely overlap while the free play
condition showed higher synchrony levels.
Figure 9
A boxplot illustrating the overall distribution of real synchrony (Z) scores in the two play
conditions, structured and free.
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Note: The boxplot above represents real synchrony (Z) scores in both the Structured and Free play
conditions. The x-axis (‘Game’) represents the play condition (Structured and Free) whereas the
y-axis represents the Synchrony Score (Z). The orange box represents the Free play condition
whereas the green box represents the Structured play condition.

The boxplot above comparing real synchrony across structured and free play conditions

illustrated a slightly higher median in the free play (Md = 0.052) condition as compared to
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structured play (Md = 0.051). Free play demonstrated slightly greater variability and a higher
maximum value (0.071) compared to structured play (0.067) both of which contribute to a positive
skew in both conditions. Overall, the boxplot visually illustrated that synchrony levels were
comparable across both conditions with free play showing a slight tendency towards higher
variability and higher synchrony values.

Overall, across both play conditions the pre-processed data suggested that synchrony levels
were slightly higher for free play compared to structured play. However, this was not supported
by inferential analyses and did not prove to be statistically significant through the paired samples
t-test and the Wilcoxon signed-rank test. Therefore, the hypothesis for RQ3 could not be backed
up by statistical measures. These results could suggest the need for moderating factors beyond play
structure which would be an important point for the forthcoming discussion. The implications for
developmental interactions dynamics and other methodological considerations and limitations will
also be discussed further. All the R-Scripts created for descriptive analyses and inferential analyses

are present in Appendix VII.
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5. Discussion

5.1 Overview of the Current Study

The current study explores interpersonal movement synchrony in parent-child dyads
through the use of a novel software, the NICE Toolbox. The primary question this research
addressed was evaluating whether the NICE Toolbox is a suitable, reliable and valid method to
assess nonverbal movement synchrony in naturalistic parent-child interactions. The NICE Toolbox
was implemented in this study because earlier methods to analyse movement synchrony such as
MEA were riddled with several methodological limitations (see Section 2.5). Therefore, the NICE
Toolbox provided us with a new, advanced technique to observe movement synchrony using
advanced algorithms like ViTPose, employing body pose estimation techniques, capturing fine-
grained kinematic information out of video data. Hence, the present study sought to examine
whether this state-of-the-art framework could provide a robust alternative to study movement

synchrony in developmental contexts.

Parent-child dyads were observed during two interaction paradigms, structured and free
play. In the structured play context, participants were asked to play the Save the Penguin board
game whereas in free play, participants were asked to play freely with the toys provided to them.
Synchrony analyses were operationalized through windowed cross-correlation analyses which
generated a mean Z-Score for each dyad in each play condition. Observed coordination (Real
Synchrony) was then compared to synchrony expected by chance (Pseudosynchrony), computed
via a segment-shuffling procedure (see Section 3.4) within the Surrogate Synchrony framework.
This approach provided a direct comparison between real temporal coordination and synchrony

that could emerge randomly from the structure of the data. Similarly, the two play contexts,
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structured play and free play were also compared to assess whether interactional structure can

influence the presence of synchrony in naturalistic interaction contexts.

Therefore, three research questions guided this investigation. RQI, examining the
reliability, validity and practical usability of the NICE Toolbox. RQ2, investigating whether
observed real synchrony significantly exceeded by chance pseudosynchrony. RQ 3, exploring
whether synchrony levels differed significantly between the two play contexts, structured play and

free play.

Existing literature allowed us to develop corresponding hypotheses for RQ2 and RQ3
which provided a strong framework for the empirical analyses. For RQ2, we hypothesized that
observed synchrony between parent and child would significantly exceed pseudosynchrony levels.
Consistent with prior research, this demonstrates that interpersonal coordination typically
surpasses chance-based alignment. For RQ3, we hypothesized that free play would yield greater
variability in coordination while structured play might elicit more consistent task-dependent

alignment between the two individuals.

The following Discussion section will aim to address all three research questions
sequentially and consider the broader theoretical implications, methodological limitations and

future directions for movement synchrony research in developmental and clinical settings.

5.2 Validating the NICE Toolbox

In sum, the NICE Toolbox has proven to be a user-friendly, reliable and scalable alternative
for researchers who wish to study nonverbal movement synchrony - even for young researchers

with limited prior experience with computer vision or movement analysis softwares. Learning to
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operate the toolbox was a smooth process aided by a step-by-step workflow provided by the
developers allowing us to adapt and quickly process videos without extensive training (See
Appendix I1). Furthermore, the developers of the toolbox at MPI Tiibingen were always reachable
and responsive as they provided practical guidance making it easy to solve any hiccups or
troubleshoot forthcoming issues with the software. Overall, our personal experience with the
toolbox understates a high level suitability and reliability for research groups with varying levels

of technical experience.

The NICE Toolbox integrates multiple computer vision algorithms to track and analyse
human movement and behaviours. With regards to the present study, the NICE Toolbox used the
algorithm, ViTPose, which provided frame-by-frame x and y coordinates for body joints at 50
frames per second (Xu et al., 2022). These data can be further processed to calculate kinematic
variables such as displacement and velocity which form the foundation for movement synchrony
analyses (Xu et al., 2022). In our case, the setup came as a pre-installed software on a MPI
Tiibingen computer which made it readily usable. Once processed, the videos were labelled eg.,
plgl, plg2 to reflect structured (gl) and free (g2) play conditions. The output is automatically

stored in CSV files ready for a direct import into R for further analyses.

The introduction and evaluation of confidence scores were a key novelty of the newest
version of the NICE Toolbox. Confidence scores were included along with the x and y coordinates
of body joints. These scores provided a ‘reliability estimate’ for each joint position, ranging from
0.0 (low reliability) to 1.0 (high reliability), with a few exceptions going below 0.0 or above 1.0
due to numerical precision or artifacts. These scores allowed us to be systematic and
methodologically rigorous when assessing the raw data. During our primary behavioral

observation tests, we evaluated three thresholds: 0.0 (no data removed), 0.2 (data with confidence
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scores below 0.2 were removed), and 0.4 (data with confidence scores below 0.2 were removed).
For all prospective analyses 0.2 threshold was selected for all subsequent analyses because it
represented an appropriate balance between sensitivity and robustness. The 0.0 threshold risked
the inclusion of noisy data points whereas, the 0.4 was more conservative, removing too many data
points. Hence, the 0.2 threshold provided a theoretically and statistically defensible compromise
while maintaining a high methodological standard. Full results for all threshold analyses,
descriptive and inferential are reported in Appendix I1I & IV. This addition significantly enhanced
the methodological rigor of the analysis, ensuring that all unreliable data was removed before
advancing to the inferential analyses. We urge researchers to explore their own thresholds and

conduct threshold evaluations based on their sample and data size.

Despite the aforementioned strengths of the toolbox, some limitations were also noted.
When generating video visualizations alongside frame-by-frame photo data, the downloaded files
were very large, going up to 600 GB for a single 5-minute video, making long-term storage and
processing impractical as we had to constantly switch between hard-drives and storage
components. Processing times were also considerably long, up to 4 hours for a 5 minute video
even when focusing on only one variable with visualizations. Without video visualizations,
however, this processing time was cut down to 2 hours for a 5 minute video. However, in many
discussions with the developers, they have indicated that improving the processing speed and

memory efficiency is one of their primary goals for future updates.

Altogether, the NICE Toolbox offers an immense potential for developmental and clinical
psychotherapy research. It is an intuitive interface that functions comprehensively and the addition
of confidence score provides a strong alternative to traditional movement research such as Motion

Energy Analysis. Moreover, with promising improvements in processing efficiency and their
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open-science nature, the NICE Toolbox is placed strongly to compete with other body pose
estimation tools such as OpenPose, surpassing new boundaries for investigating nonverbal

synchrony in naturalistic settings.

5.3 Real Synchrony versus Pseudosynchrony

The second research question of this study asked, “How does nonverbal movement
synchrony manifest as temporal coordination during naturalistic parent—child interactions (free
play vs. structured play), and does observed synchrony significantly exceed pseudosynchrony (i.e.,
synchrony expected by chance)?” Backed up by previous literature, we hypothesized that both
individuals will display movement coordination that exceeds chance, or pseudosynchrony levels
(e.g., Ramseyer & Tschacher, 2011; Delaherche et al., 2012). In essence, real synchrony will be

significantly higher than pseudosynchrony.

Synchrony scores were computed using windowed cross-correlations, through a statistical
procedure developed by Wolfgang Tschacher (2019), known as Surrogate Synchrony (SUSY).
This approach divides each participant’s movement time series into overlapping consecutive 10-
second segments. By using 10 second segments, this procedure keeps the statistical properties
intact, allowing us to shuffle the alignment between parent and child. Within each segment, the
cross-correlations between the parent’s and child’s movement signals are calculated at multiple
temporal lags (+5 seconds). This allowed us to capture how movement signals are aligned over
time, including any delays in response between the dyad. On the other hand, pseudosynchrony
represents the level of synchrony expected purely by chance, i.e., the structure of the data. To
calculate pseudosynchrony using the SUSY approach, we divided each dyad’s movement time

series into fixed temporal segments of 10 seconds. The order of these segments is then shuffled to
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create a surrogate, ‘proxy’ time series. This ensures that any results derived from the surrogate
time series represent chance, or pseudo-coordination rather than true interpersonal synchrony.
These surrogates are computed as cross-correlations for each segment and aggregated across all
groupings to generate pseudosynchrony scores against which observed synchrony can be
compared. Sequentially, to quantify synchrony, the correlation coefficients were transformed
using Fisher’s Z transformation, so that both positive and negative coupling contribute to a
synchrony score. These segmented Z-values are then averaged to create a Mean Z-Value for each
dyad in each play condition. Real synchrony values were represented through Z scores whereas
pseudosynchrony values were represented through Z.Pseudo. All the dyads synchrony and

pseudosynchrony scores were aggregated to provide us with a comparison between the two groups.

Along with segment shuffling, there are a few other methods used to distinguish genuine
interpersonal coordination from chance-level alignment (Ramseyer & Tschacher, 2011). While in
segment shuffling, temporal segments of one partner’s time series are randomly reordered to create
a proxy, in dyad shuffling, time series form one participant is paired with data from an unrelated
partner (Ramseyer & Tschacher, 2011). This maintains the natural temporal structure of each
individual's behaviour but removes the interactive coupling between the original dyad (Ramseyer
& Tschacher, 2011). Another method involves phase randomization (Paxton & Dale 2017). Here,
the temporal structure of a signal is mathematically altered via Fourier-based techniques, while
preserving the overall statistical properties such as mean and variance (Paxton & Dalem 2017).
Together, these procedures all help strengthen the methodological rigor of synchrony analyses by
providing strong baselines against real-time coordination. Compared to other methods, segment
shuffling retains the temporal granularity needed for windowed cross-correlation analyses

(Ramseyer & Tschacher, 2011). This method proves to be an interpretable way to extract
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pseudosynchrony estimates while preserving overall dynamics of the dyad (Ramseyer &
Tschacher, 2011). By randomly reordering segments of one participant's time series, this method
only disrupted the moment-to-moment alignment between patterns without altering the variability
or structure of their movements (Ramseyer & Tschacher, 2011). This provided us with a direct

comparison between real synchrony and pseudosynchrony.

Once the data was analysed the results indicated that real synchrony was significantly
higher than pseudosynchrony. Both the paired samples #-test (1 = 4.69, p <.001) and the Wilcoxon
signed-rank test (V' = 490, p < .001) confirmed that this difference was statistically significant.
Although the effect size was small yet moderate (Cohen’s d = 0.24), the visualizations allowed us
to reinforce these results. The density plot for real synchrony illustrated a higher central tendency
and narrower distribution with a positive skew and the box plot illustrated a positive skew in real
synchrony scores and a broader spread for pseudosynchrony. Overall, the visualizations made it
evident that despite there being considerable overlap between the two groups, real parent-child

synchrony exceeds synchrony that is due to chance.

Our findings support Hypothesis 2 which predicted that dyads would present a level of
coordination that is significantly above chance levels (Ramseyer & Tschacher, 2011; Delaherche
et al., 2012). The results support this hypothesis and suggest that even in short (5-7 min), small
sample (N = 32), naturalistic interactions, parents and children coordinate with a measurable
amount of movement. This indicates that the degree of temporal coupling is a core, foundational
aspect of interpersonal behaviour. This is backed up by the segment-shuffling approach which
provides a high standard of methodological rigor which future researchers can apply to distinguish

genuine dyadic coordination from random or coincidental movement patterns. As a fundamental
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aspect of developmental psychotherapy research, this allows us to differentiate movement patterns

that carry meaningful implications for understanding interaction quality.

One limitation of the results was that the effect size was small, possibly due to a small
sample size. However, the consistent significance across both parametric (paired samples z-test)
and non-parametric (Wilcoxon signed-rank test) tests proves that synchronized movement is a
reliable and reproducible phenomenon in naturalistic play contexts. This underlines the importance
of applying robust statistical techniques such as windowed cross-correlations and surrogate
‘proxy’ data comparisons when studying dyadic interactions. Additionally, pose estimation
softwares like the NICE Toolbox allow us to capture and quantify fine-grained movement patterns,

aiding our study of true dyadic interactions for future research.

In conclusion, our results demonstrate that parent-child dyads display a quantifiable,
measurable amount of movement synchrony even during short naturalistic interactions. analysing
synchrony measurement against surrogate pseudosynchrony data via segment shuffling provides
strong evidence that coordination between parent and child is a core feature of their interaction.
These results validate the methodological approach of this study and provide strong a foundation
for future research into how synchrony may vary across developmental stages and interaction
contexts, reinstating the importance of precise, validated tools like the NICE Toolbox for studying

subtle, fine-grained interpersonal dynamics.

5.4 Structured Play versus Free Play

The third research question of this study asked, “Does movement synchrony differ between
free play and structured play conditions?” We hypothesized that synchrony levels would vary

depending on the type of play. Free play, a child-led, spontaneous play style would elicit greater
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variability in coordination and potentially higher synchrony peaks as opposed to structured play,
as it is a rule-based, task-oriented play style, which can elicit more consistent, goal-directed
alignment between parent and child (Pellegrini & Smith, 1998; Vandell, 2000). Once the data was
analysed and the Z scores of both groups were compared, we found that our hypothesis could not
be statistically backed up. Despite an evident difference underlined by the descriptives, where the
means of free play had higher synchrony levels (M = 0.053) compared to structured play (M =
0.051), the inferential statistics did not highlight a significant difference. Once the assumption of
normality was met, we conducted a paired sample ¢-test (1 =-1.44, p = 0.17 (p > 0.05)). The ¢-test
revealed no significant difference in synchrony between the two play conditions. Hence, we
conducted a non-parametric alternative, the Wilcoxon signed-rank test (V = 44, p = 0.23 (p >
0.05)), which reinforced the findings of the #-tests. Hence, the hypothesis that synchrony would

differ as a function of play was not supported by the inferential data analyses.

Despite this statistical insignificance, the effect size (Cohen’s d =-0.37) revealed that there
was a small-to-moderate negative effect, suggesting a slight trend towards lower synchrony in the
structured play condition relative to free play. This trend aligns with the theoretical expectation
that free play may foster more dynamic, spontaneous coordination (Pellegrini & Smith, 1998) .
Additionally, the higher means demonstrated during the free play condition were represented in a
slight rightward shift in the density graph. The box plot further illustrated that the free play
condition had greater variability and a higher maximum value (0.071). This suggests that while
average synchrony levels were similar, some dyads have achieved high coordination during free
play. Perhaps, with a larger sample size this observation could have been more evident. On the
other hand, structured play appeared slightly more constrained in its range, which may have been

due to the turn-taking, rule-based demands of the task (Vandell, 2000).
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Altogether, these results indicate that the degree of movement synchrony as assessed using
a body pose estimation algorithm appears relatively stable across both play conditions within this
sample. Non-significant inferential results suggest that the conditional structure of the interaction
may not be a strong determinant of movement synchrony in naturalistic parent-child interactions.
However, descriptive patterns hint at a slightly more variable interaction when a dyad is asked to
play freely, consistent with theoretical expectations. Nonetheless, these results provide us with a
foundation for further investigation into contextual effects. It is possible that differences between
structured and free play would be more pronounced in larger samples, possibly across different
developmental stages or within atypical populations where the nature of interactions may vary
(Krijnen et al., 2023). While this study may not offer statistical support for the aforementioned
hypothesis that synchrony can differ by play style, it suggests that contextual influences can be
complex and research requires moderating factors that go beyond play structure alone or require

larger sample sizes where differences can be more pronounced.

5.4 Implications

The current investigation answered three important research questions, all of which can
play a pivotal role in future developmental research. The first research question validated the usage
of the NICE Toolbox. It allowed us to study whether automated, video-based analytic approaches
could be used to detect movement synchrony in naturalistic parent-child interactions. The NICE
Toolbox, is a software that is in its infancy and yet, has proven to be up to par with the demands
of the methodological rigor required for developmental research. The valuable addition of
confidence scores strengthens the methodological dimensions of the toolbox. This paired with the
use of windowed cross-correlations and the SUSY (Surrogate Synchrony) framework, aids in

reliably quantifying interpersonal movement coordination. The ability to operationalize synchrony
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research through state-of-the-art softwares such as the NICE Toolbox and subsequent time series
windowed cross-correlation analyses, contributes to an ever-growing field of developmental
psychology. It suggests that movement synchrony isn’t only an observational or theoretical

construct, but indeed a measurable phenomenon occurring in naturalistic play scenarios.

The second research question compared real synchrony against chance-level coordination
(pseudosynchrony). Real synchrony between parent-child dyads was evidently and significantly
higher than pseudosynchrony. This result supports the idea that observed coordination in parent-
child dyads reflects genuine interpersonal coordination rather than chance-level alignment. This
reiterates that the concept of movement synchrony is an emerging property of two interacting
systems (Wilcox et al., 2025; Feldmann, 2007). This suggests that dyads are moving dynamically
and constantly reciprocating, reacting and realigning their movements to one another (Leclere et
al., 2014). Thus, temporal coordination between dyads that goes beyond randomness or chance-

level occurrence is empirically supported through these findings (Feldmann, 2007).

The comparison between the two play conditions suggested that free play has slightly
higher and more variable synchrony, however, these descriptive results were not backed up by
inferential analyses. This finding suggests that across short-term contextual variations in
movement synchrony can prove to be somewhat robust. However, the absence of a significant
contextual effect can also imply that synchrony may be quite a stable process with slight variations
rather than being dependent heavily on task demands. Although, observing significant contextual
differences may be subtle in small samples, whereas larger samples may extract larger contextual
differences (Serdar et al., 2020). These findings motivate future researchers to explore multiple
variables in larger samples to extract contextual differences that may interact and influence the

level of synchrony in parent-child dyads in naturalistic interactions (Roche et al., 2025).
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Approaching these findings through a developmental psychology lens, it can be implied
that when real synchrony exceeds chance levels, it highlights the importance of true embodied
coordination in early developmental processes (Dozier et al., 2013). Furthermore, it underscores
that movement synchrony can serve as a mechanism through which dyads can mutually attune,
learn, share attention and regulate (Milteer et al., 2012). This combined with small but consistent
patterns of coordination can play a role in the development of coordinated understanding, trust and
co-regulatory capacities (Bowlby, 2012). Measurable movement synchrony can provide
opportunities to examine dyadic or individual differences that can reflect relational quality,
development and interaction quality (Grinspun et al., 2024). These differences could help
researchers understand how dyadic coordination can contribute to long-term developmental

trajectories.

The findings of this study can also have important implications for psychotherapy
(Ramseyer & Tschacher, 2011). In interventions with parents and children studying dyadic
influence, this research demonstrates that synchrony can be objectively measured and can function
as a behavioral marker of interactional functioning (Ramseyer & Tschacher, 2011). Reliable
differences evident even in short interactions, suggest that synchrony is a sensitive phenomenon
strongly influenced by the level of dyadic engagement. In therapy, movement synchrony can prove
to be a process and an outcome (Ramseyer & Tschacher, 2011). Future interventions could be
aimed at improving parent-child attunement, responsiveness and co-regulation through movement
synchrony as a behavioral marker, whereas inference in the level of movement synchrony could
suggest interactional pressure, strain or difficulties in regulation. Hence, synchrony assessments
paired with observational measures could make therapeutic processes more dynamic and robust

(Ramseyer & Tschacher, 2011). For example, movement synchrony can be assessed through
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structured parent-training tasks or open-ended play therapy where the capacity of dyadic

coordination can persist.

This investigation contributes to existing literature positioning nonverbal movement
synchrony as a measurable, theoretically and methodologically grounded, and clinically
meaningful phenomenon of human interaction. It also provides a foundation for forthcoming
research on how synchrony develops and varies across clinical contexts, and whether it can be

used as a tool in developmental and therapeutic frameworks.

5.5 Limitations of the Current Study

Despite considerable positive implications of this study, there are several limitations which
must be addressed. One glaring limitation of this study is its small sample size (N = 32; 16 dyads).
This limited the statistical power to detect subtle differences in synchrony, especially the
contextual differences (Cohen, 1992). The ability to detect significant differences between the two
play scenarios may have been due to insufficient statistical power, as small samples often risk
Type Il errors, meaning that small, possibly meaningful effects shown by descriptives may not

reach statistical significance (Cohen, 1992).

Secondly, the duration of play could have been relatively short. Five to seven minutes per
condition may not fully represent the dynamic nature of ever-evolving interpersonal synchrony
(Ramseyer & Tschacher, 2011). Behavioral synchrony is a sensitive process that has shown to
fluctuate through many phases of an interaction (Feldmann, 2007). Short bursts of interactions
may hinder true interpersonal interaction and only reflect snapshots of coordination rather than

cumulative relational patterns. Longer interaction periods or repeated observations across multiple
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sessions could provide deeper insight into how synchrony unfolds over time (Ramseyer &

Tschacher, 2011).

Thirdly, this investigation relied on high-resolution video data and intensive computational
processing procedures, such as movement extraction and time series cross-correlation analyses.
This meant that we had to deal with extremely large file sizes (up to 600GB) and long processing
times (up to 4 hours per video) which limited the feasibility of applying this methodology in larger
samples. In conversations with the developers of the NICE Toolbox, they have proposed that this
aspect of the software is on the top of their to-do lists. Streamlining procedures and integrating
more efficient automated systems would enhance the applicability of this approach in larger,

dynamic samples.

Some measurement limitations must also be addressed. Despite the NICE Toolbox and its
confidence score thresholding procedures being implemented to ensure data quality, minor
tracking errors or slight variability in confidence scores may have influenced the precision of
movement estimates. Our exclusion of low-confidence scores refined our dataset, however,
automated video-based tracking is susceptible to slight inaccuracies due to lighting conditions,
occlusions, or rapid movement (Cao et al., 2019). In our primary behavioral observations we also
noticed that the software was more susceptible to inaccuracy when participants wore black as
compared to easily distinguishable colours. Moreover, this experimental set up only included one
camera. Perhaps, by including three cameras one facing each individual and one facing the dyad

could make data processing more accurate and reduce noise (Schmitt et al., 2025).

Finally, despite the real synchrony versus pseudosynchrony being statistically reliable, due

to small effect sizes, the results limited practical or clinical significance of the findings (Cohen,
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1988). The small magnitude of effects suggests that while synchrony is detectable, its measurable
impact within short interactions may be small. Larger samples and more diverse populations may
help clarify whether stronger effects emerge under different relational or developmental

conditions.

Altogether, these limitations underscore the need for cautious interpretation and highlight the
importance of replication, refining the methodology, expanding the sample and diversifying the

population to examine true effects in the future research.

5.6 Future Considerations

The aforementioned limitations of the present study create several directions for future
research that would strengthen both, methodological rigor and theoretical understanding of
nonverbal movement synchrony. First, increasing the sample size should be an absolute priority in
subsequent studies. A large sample would enhance statistical power and hence, allow researchers
to detect more subtle effects. Increasing statistical sensitivity would also support more advanced
analyses. For example, by moderating variables such as age, gender, temperament, relational
quality and conducting subgroup comparisons. By increasing the sample size, researchers can
refine the procedure further which can help detect interaction patterns which may not have reached

significance in the current study.

Furthermore, by examining longer interaction periods or repeated sessions across time,
researchers can attempt studying the dynamic nature of synchrony which fluctuates throughout an
interaction as dyads constantly reciprocate, react and realign to one another. By observing longer

or multiple interactions, researchers can also explore the stability, consistency and temporal
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evolution of interpersonal movement synchrony over time. Paired with longitudinal designs, this

would allow researchers to study synchrony as a behavioral marker of relational quality.

Additionally, optimizing video processing and data storage procedures will be essential for
improving efficiency and scalability. This study validated the usage of the NICE Toolbox and
suggested that it's a valuable software that extracts movement data, however, the large video file
sizes and computational demands can often limit broader application. Hence, improving
compression, storage and enhancing processing times of the NICE Toolbox would facilitate the

use of synchrony analyses in larger datasets in variable contexts.

Future studies can also explore additional contextual factors that can influence synchrony.
Task complexity, emotional valence, stress factors, parental sensitivity or environmental
distractions could be such options explored by researchers which can have an effect on
coordination patterns in meaningful ways. Studying how these factors interact with interactional
processes has the ability to provide more nuanced results of how synchrony develops and evolves

across time.

One key consideration would be to integrate behavioral synchrony measures with other
modes of complementary physiological or neural data. This would allow for a multi-modal
understanding of dyadic coordination that goes beyond singularity. This could be done by
combining movement synchrony with heart-rate variability, cortisol sampling, EEG or fNIRS
hyperscanning or electrodermal activity. This could highlight how motor coordination aligns with
neural and/or physiological co-regulation. Such an approach would strengthen the interpretative
validity of the findings and place them along broader systems and position movement synchrony

as a true biomarker in detecting relational quality.
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Finally, future researchers can consider extending the sample to atypical populations which
can represent an important avenue for applied relevance. Developmental distractions can often
lead to disruptions in attachment or relational difficulties (Wright et al., 2023). Examining
synchrony in these domains could help clarify whether coordination patterns differ meaningfully
from typically developing samples. This would advance theoretical understanding and evaluate

synchrony as a potential biomarker in interventions for therapeutic change.

Overall, researchers must consider sample size, temporal score, methodological efficiency,
contextual dynamics, multi-modal integration and clinical application with regards to future
research. These aspects have the potential to deepen our knowledge of interpersonal synchrony as

a marker in parent-child interactions.
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6. Conclusion

Our study set off to examine nonverbal movement synchrony in parent-child dyads across
structured play and free play conditions using a novel automated video-based software, the NICE
Toolbox. This investigation presented that real synchrony significantly exceeded pseudsynchrony,
validating the notion that parent-child coordination represents genuine coupling rather than by-
chance alignment. Statistically reliable findings mean that this study was able to reinforce the
concept of synchrony as a meaningful process that provides us a glance into the relational quality

of a parent-child dyad.

However, we weren’t able to find any statistically significant differences between the two
play conditions. While descriptive patterns proposed slightly higher and variable synchrony during
free play, our inferential analyses did not confirm these differences. Altogether, these results
propose that interpersonal movement synchrony is present in naturalistic interactions and

observable using advanced computational time series methods, even in short time-windows.

Methodologically, this study advances the current state-of-the-art by highlighting the
potential of automated movement analysis using the NICE Toolbox in combination with
windowed cross-correlations and the Surrogate Synchrony framework. However, it is important to
recognize that the NICE Toolbox is still in its infancy as a research software. As it continues to
evolve and become more precise, efficient and scalable, its capacity to capture interactional
dynamics will likely scale larger. Future developments can reduce processing constraints, improve

tracking accuracy and enable broader application in research settings.

Research in interpersonal synchrony is an ever-evolving field. As computational methods

such as the NICE Toolbox become more and more refined and better integrate interdisciplinary



66

approaches, the observation of embodied coordination can benefit substantially. The continued
advancements in developmental psychology opens promising avenues for examining moment-to-

moment coordination in interpersonal relationships across the human lifespan.

To conclude, this study is an important contribution to the growing literature in examining
interpersonal synchrony as a detectable and meaningful feature of parent-child interaction. While
certain contextual differences were not statistically significant, they lay an important foundation
for future research. The methodological innovation of this study expands empirical findings for
both synchrony research and the technologies that support it. Developing in tandem, they provide

accurate insights into the true dynamics of interpersonal human connection.
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dber die Inhafin der Videos werpflichtet Flr die weftere Daterwerarbefiong und wisserschaftliche
veroffentlichungen werden ausschliefilich die pseudonymisierten Verhaktonsdaten aus den Videos verwendet
bhew, e im Rahifen von Berecheuing \pelasiten statislischen Eigebninse, Elie tals
Videogulzeichnungen werden stes. aul yerschllsssiten und p peschiien Speich f-amrvern
gesichert sowle zugangs frugriffsbeschranks und strist g;etmnntvm::rrdr:hm restiichen Daten aufbewabet, um
die Vertraulichieit Bvrer Widsoaufreichnungen ra gewahrissten

LI Peeadomymisierie bew. anompmiserhe Dolen: Diese Kategore enthdE Dalen, die Bnen aly Person sur durch
Hinzuziehung 2usitziicher informationen zuzuordnen snd fvgl. Am. 4 DSGWO), Mach Loschung baw. Vernichtung der
entapreckenden psbtilicksn Informationen sind diese Daten o amanymisierte Diten ansusehen, de Brer Persan nickl
[mehr} zuroardnen sind (wgl. Ba 26 DSGVOL

® Verhallefadatén: D Ausweriung der Videos muileen wir verschiscens Methoden, um das Vierhalten und den
Umgang ewsschen ginem Ellemgeil und Kind auf unterschiedliche Weise 1w unersuchen:

= AMEA [Mncian Enengy Asadsis): Sofbaare-Programe, dis sutcenintisch Bewegangen van Parsanen misst,
Indem es Unterschiede in dor Heligkest rwischen den eineeinen Blldern {Frames| eines Wdeos erionnt,

» 08 (Coding ineteroctive Sehowor) Speziell geschultes Personal beschreibt das Verhadien und die
Geliihlsausdriicke awischen Elernteil urd Kind i Video gemdd gensu worgegebener Anlsitungen und
Repein (sbandandizerten M all,

* FEA [(Fooi Expressian A J: SottveaneF welches sutomatzch den emoticralen
Gesichtsausdruds bow, lmzzlnu.ﬂ.mdrul:h.u in der menschiichen: Kimik (2.8, Lacheln| misst.

*  Seibsiberichq-Daten: Vor, nach und saischen den Spielsitasionsn n!-ﬁm idbﬂberlrl‘ﬂ Daten miel kroer
Frapebigen erfest Die Angaksn in desen Fragebdgen werden pieudany 1 Eespeichert und gEtrennt von
den Identitits- und Kontakidaten gespeichert.

* Sorvdemografisohe Angaben: Alber (Elberniteil und Kind], Seschiecht [Elbernted] und Kind}, Bildungsstand,
aktuelke Derufstatigeeit, Fenifersiuatian, Dhse Argaben hellen uns, unsere Stchprobs |Gruppe alles
Studientuinehmenden| Gbengréifend tis bischreiban, Aulbesdem armdglichen sie uns, andése Fakionmn
I beerackaic htigen, die die Soudienergebnisse beeinllussen kiinrien, 5o kiinren wir die Frigestellurglen)
der Studie beantworten, ohre dass unbeachtete Eindllisse die Engebnise verfdischen.

#  Prpchalngische frogebogen: Wissenschaftlich geprifte und bewahrte. Fragebbgen 2u den Themen
Dy hisches Gessunidbosst [EMenbe] und Kind), erlebler Sress, popchische Gesundhel wod Wokibetindan,
tamilibee Reribaungen, inberakicn und Erziehung,

*  Angoben rar (oufenden pryohotheropeutischen Befiomdiung: Vergebene Diagnosen im Rahmen der
aktuelen Benandlung; bsherige Daver der aktuelen Bebandiung; Behandlungen und Dagnosen in

e I s by | s i e 4 ] e
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Vorgeschichte. Diese Angaben dienen chenfals dany, ursere Stichprobe dbengreifend 1u beschreiben
und um sicherzustallen, dass unbeachtste Brdlisse die Studienergebnisse nicht verfalschen.

IE.E_IIEE‘.I‘.M‘I

Die im Rahmen der Datencrheburg und -werarbeitung gewanneren Daben (Selbstberiche-Daten, imo Habmen des
Virbeamrwverting Beibriobare Verhalbersdaten| werden liber alle Teilnehmssnden himseg fusammengefusst [Bldung von
Kategoeien, Berechnen von Sumenen urd Mittehserten, etc.| fir daraof sufbausende statistische Analysen (Vergleiche der
verschiadenan Spiekilationen), In diesen Anglysen werden allein soloke susammsengefassien Daten werwendst, ohne
dass die fir die Analysen austindigen Mitarbeiter und Mitarbeferinnen nachwalirishen kinnen, welche Werte cner
bestimmien Persan cuzuordren sind ader wie bestimmite elnzeine Perscmen auf bestimmie Fragen geantaortet haben
Ri el Analysen Sind i idesile Ergebrisae und kanknets Werta einelner rrchl won . Gamder alein

die ibergeordneten Tusammenhange mnerhal der Gesamtstichprobe aller Teilnehmenden. Aus den Ergebnissen der
Angiyen, die bm Rabemen von Fachertibeln, Knnferencbeitrigen oder Ruehlapteln verdfenfichl werden, e niamand
wingn Alckachluss auf gireele Persanan giehen,

Ihru in u'crﬂ'ludlu -:fl"-ulrunan Daken, :-l:lHu :Il: rrdurvun '-w!m.ll-:hnn Irium:trun:rr L.:Th:ﬂlugm -I‘.|II1 Buhr.rlnur.g':n der
Eurapdischen Datenschulegnandvercddnung [EL-DSGWD| Oie technischen whd amganisaterschen MaRnahmen [TOM) i
St harstellung des Sebuaties B parsonenbaiogenen Daten n Rahiren dsser Shidie benhalen:

= Pspudorymisensng bra Anorymmisierung gemall Art 4 baw. BG 26 DSGY0 (2B, Studien-10s und Sechie 105}

®  erschknselung |rach AES-256-Rit Siandard) wnd Speicherhoriredler nach entralen Yargaber

= Tugargs-und Detenirdgeccorirollen (8, Transponder- wnd Schlisselagstem I den Zugang tu Verarbeinngs-
PCs, Login mit individueller 10 und Passwort)
Benwtzer- und Tugrifiskantrolien {.B. zerarale Verwaltung von Zugrifsrechien auf Server, otc.}
Obertragungskontroben |LB. Dekumentation der Datersenpfingerfinren und Losehfristen)
Eegabekortrollen [L8. Pratabelisrung und Besechiigurgskenrsept]
Traregparteorrellen (L8, sichere Trarsporteanila)
‘Wiederherstellbarkeit & Verflgharkeitskantrolie (2.8, regelmdibge baw. automatslete Backup-Prozesse)
Datenintegntat & Deveriassighoit {2.B. Firewalls und rentrale iT-Sicherhensmatnahmen)|
Trarsbarkeit @B ssperate Speicharare urd Sehknseldobsen)
Uberpriilang chie Wirkssen kst (28, sentrale Dokamemation, Schuluegen ued VerpMichiung)
Privary:bry-Design {2.B. ginfacher Widerruf)

= Inddert-Response-Management |z 8. Dolosmentation wnd Mefdung von Datenpanmen|
Eine Weitergabe won Studiendaten an am Projekl unbeteiligie Persomen oder AuSenstehende edulgl nor in
peeiadanymisierter brw. mongmisierter Form, alsa ohee Waitergabe von Kenbititsdaten bew, olne Migiehken der
Zuordnung der Daten ru sireeinen Personen

6. Beteiligte, Datentiisse und speichemde Stellen
.l lﬂ'l‘l'ﬁﬂ'ld Mmﬂwmﬂm wad veralwartiiche Penianen;

Lucheig: Mgvirliang-Liniversitst Minchen
Klhintzche Prychologie des Kirdes- und lugendalters & Beratungspsychologle
Lecpaldstralle 13, BOA0Y Minchen
*  Veranbwoetliche Projekteitung: Dr. Antan Mam
®  Kaontakt: Lecoaoldstrafe 13, B080F Minchen, antonmaex@psy. Imu.de, D045 (0] 21809513

L] A.nla:hrlﬁ Z1 HII‘.IBE Micintine F:nh‘.l. Sumte 5L, Eh!rltu'l‘l'l:.l.llhl' N ]EG- 5083, Usa
= Wankakn; comlactB@eos, ie biw, hitpsyfons ja)
*  Daten: Anonymisierte Studiendaten
=  Lotbniz Instiute far Io O und Onibre-Plattharm Research Data Certer (RDC Data
*  Anschrift: Unhversitiisring 15, 54296 Traer, Deutschiand
= Wantekn: inlo@debais-peychology. arg biw, htgs:feibniz-aavchologyorg
= Daten; Ancnymisierie Studiendaten

1. Keomkrete Dawer der Speicherung und Loschunyg der Daten

7.1 Personcnbezogenc Doten: Dle um Dwodk des Studienmanagements arhobenen Mentitdts Kontakbdaten werden
nach Abichlyss der Datererbetuing wermichiel. Solishd keirk Daten von sesteren Teiinehmenden Fir die Siedie efhoben
werden, werden die Videos gemaf der altuellen Empichlung der Deutschen Forschungsgemeinschatt (DFG Lettinien nee
Scherung guter aissenschaftlicher Praxis, 2009, aktuele Version 2022, Leithinie 17 fiir den Zeitraum von 10 fabren

b Py © = e by L 0 e . L] i
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sufbewahrt und anschiieflend gelosche, Die umterschnebenen  Einwillgungserifdrungen (mit Mame, ‘Vorname,

Geburtsdatum  und  pgh. Emafadresse der Téllnehmer  und  Teilnehmerinedn]  werden e Eflillung  des
Rechenscnaftspfiicht {nach Art. 7 Abs, 1 DSGEVD) streng vertraulich wnd getrennt won sSemtbchen erhobenen und

verarbeiteten Studiendaten bis rum Teitpunit der wollstandigen Anonymisierung der Daten auforwabei. Nach der
volldndigen Ancrymasierung der Studiendaten werden suth e Einwiligurgerkimungsn vernichiet, Die erfolgle
Lischung der persorenbezogenen Daten wird protakolbert und kann suf Anfordenng nachgewiesen werden.

.2 Psgudemymisierte brw, amoapmisierte Daten: Die pieudonymisierien baw, amanymisienen Sudseedsten and
Studienergebrisse werden auf universtaren 0 werm hew. chaftiichen Onbne-Flattformen in elektronischer
Form wnbefristel gespeichen (kekwe Lischung vargesehen). Domit folgen wir den Emplebiongen der Deatschen
Forschungsgemeinschaft |DFG), die Qualtat in der Forschung durdh dee Nachpridbarieit wissenschaftiicher Ergebnisse und
durch die Moglichkeil fur efreiiten Nutiurg der Dater tu sichern, Der Zweck, de Art s der Umling eirer mighchen
Micheinzung dieser Dagen kinnen akiuel noch nichl genai: abgesehen werden, Da die soanymisiertén Daben nicht medn
persorenbezogen sind wad keiner Person nagecrdnet werden kiinnen, ist eine nachtrigliche Léschung auf Wunsch von
Teitrehmersden michl miglich

i, Paswdorymisiorunauerishren

A.1 Shwolen-A0; Msdem Tednehemer bew. jeder Teilnehmesin wird eine eigene nicht-Srmragende numsenscne sbodicn =
pugewisien, Diee deet dagy, die verschiedanan, im Rabmen der Siudie gesgmmeiten Daten giner Person ju verindgpen,
2u spEichern wnd ausneswerten. lhre |dentitdts- und Kontakigaien werden somit zu keinem Zeitpunkt direkt mit den
erfiabersn Daten verbunden. duch die Videosufrechnungen werden Fir die Arsaertung unier der Siedien-ID gespeichert

S werden enbeader sutomalich vom einer Solteare ader manuell vor geschaifee Ritsrbeitendan puspewsmaet, fos den
Widens wenden so Zahlemaertn und Verhalbensdaten geaannen, die fUr die Analyse genutat werden. Nach Sbschluss der
Dalerwmraeiiong werden diese Verhaliensdaten, ebenfalls unter der Studien-iD, in Form von TesSdatesn ader Tabsllen
gespeichert und getrenmt won den Wideoaufosichnungen aufbewahnt.

&3 Arclebv-I0; Mach Atschives der Ausweriurg cie Videos werden dis Videcaulieichrungen getrennt vom den resthichen
erhobenen Daten und den Eiveasl ligungsenddrungen unter der Verwendung einer eigenstandigen und micht-sinnitragenden
Azchiv-I0 abjpes peickest (die jrasilige unber der SudiendD gesichens Videodatel, siehe Punky B, wird cdstes peifchin)
Diese Archiv D erfisiten Sie won wns schrifelich nach Ende der Videoaufreichnung ausgehindigt (siehe Tell B in diesem
Dokument), mit der Bitbe; diese frches D gut aufrubewabeer, um eine gezielie Loschung iheer Videoaufreidhnung zu
erméglichen Die %0 anchhierisn Videoaulrehnungén werden gemiR der akbieles Emalehlung der Desiithen
Farschungsgemeinschaft [08G Leitinéen ur Sicherung guter wissenschaftbcher Praws, 2005, aktuefle Version 2002,
Leittinie 17 Tir den Jedraum van 10 ahnen aufbewah und arschlieBend gekischi

B3 Schittesel-Dotel “Zuordmungs-Tabeffe™: Um mogliche Febler in den ananymisierten Zahlenwerten zurickverfolgen und
kenrigiendn tu kdnnen vl &m, 5 D5GVO pur Sicherstellung der Rickigke won Datén], gibl & sne sageninnte Schiissel-
Datei (*Zuordnungs-Tabelle”|. Diese Dated enthalt die Verardpfung ratschen den Archs-lDs und den Studien-iDs, pedach
kziree parsdnlichier Daten wis Bame oder Kontaktinformationen, Nur die Sudisnisiturg hat Dugal? sul diese Datei. Divse
Sehliigsst-Diatel wird streng wertraudich, werschiksell wnd passwargeschiitel wormfe getrensl wan samtlichen restlichen
Daten und Einwiligungserkddrurgen aufhewahnt. Sobald keine weiteren Daten mehr fdr die Studie erhoben werden bra.
die fuswertung der Viceos shpeschlossen is), wird die Schinseldaves pemil der aktuelien Emgplebiung der Deutschen
Farschungsgemeinschaft [DFG Leitineen rur Skcherung guter wissenschaftbicher Praws, 2005, akhsefle Versiom 200232,
Leitlirvie 17} filr diary Detraum wor 10 Jakmen pulbewahrt und anschiieflerd pelbsch. Von dissem Zeitpunkt an, kien aus
dun verbleibenden Tablerwserten [Selbstbericht- und Verhalterndaben| kein Rickschiuss medr sl ginesiere Persanen
Brogen werden. bn anderen Warten, lhre Daten snd nadh der Vernichtung dieser Schliissel-Datei vollstardig ananymisiert

9.
Die Rechtsgrandlage hoe Verar beituing dér beschriaksnen personenbemgenin Daten tu verschiedenan Dadcken bildet @
Einwilligung gernéd Art, 6 {1} Buchstabe o EU-05GV0 in Teil © dieses Daaments,

10, Widérrul seitens der Betroffenen

Die Tellnahme an ceser Studie is2 fremlllg und Se haben jederzeit das Recht, die datenschuizrechiliche Eirmilligung
formibas und ohne Angabe won Grinden mo widestufen. Durch den Widerndf der Einwiligung wird die Rechimailighe it der
piilgrumd cef Eiriligueng B rom Widerrul erfalgien VersEsurg nicht Bendh el (Widerndl min Widshg Tir dig Sakanls)
Daten, diz bereits in wissenschaftliche Aumsertungen, Publikaticren oder $tabistiken etc. eingeflossen sind, binnen .d.R
nicht riickwickend heriusgenommen biw, peidschn werden, Der Widermal s an die Propkelatung tu richten |per Email an
Dr. &nbtan Man, antorumari@pey. maude]. (hre Studientoiinghme wird dunch den Wideruf beendet wnd nach Eingang des
Widerrufs wercen die persanenberogenen Daten geldscht, solange thee Daten i pssudonymisierter Form (doh. mit
Stiaclier 10y worliegen, Dorch Mineilung (ke Archiv-ID kidenen Sie such jederen die geriste Daschung (hier Yidio-
Aufreichnung weranlassen. iknen entstehen durch den Widerruf keine Kosten oder anderwerige Machteile
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11. Namien, Kortakddaten der Veranktwortlichen

Diz Vorantwortung fir die Erhebung und Yerarbestung der personenibezagenen Daten liegt bec
L]

. liche Projekiiei §

Dr. Anton Marn, 0048 |0) 83 2120 §513, antorumare@ pey. Imde
Ludwdg-Adaxirmaiians-Lintversitit Mitnchen, Faultst 11, Department Psychologie

Lehr- und Forschungseinhieit Klintsche Peychologie des Eindes- und Jugendalters
Lecpsatdstrale 13, A0A02 Miinchen

Ansprechperson bel Fragen: Or. Antan Mark, 0083 (0} B9 2120 9523, anton.maax @psy. imL.ce

Gemalast. 13l b EEJ.‘:'-'D hah:n die T:ilnuhmlr unﬂ Tr:llnchmmnnm H.m:hl: auf Ausl-:unl"r [&rL 15 DEGYD, £ 34 BOSG),
Wldmpru:h [&ri X1 DEGVD, § 36 B0SG), Datmuhert!:g'h:rt!ft [ &t 30 DEGNOY, Leschung [Art. 17 OSGVD, § 36 BOSG),
Einscheiinkurg dier Verarbiitng (A, 18 DSGVOY wnd Berichtigung (&, 16 DSGWD);

Machien Sie eines deser Rechibe in &nspruch nehmen, wenden Sle sich bitte an den bebdrdlichen
D.I'tEnEEhLﬂhL‘iu.l‘h'ig‘bﬂ'l der L Monchen:

D jur, Mants Wehling, Telefan: CIA% (0] 30 2180 2414, E-Mail datenschute @versallung uni-muenchen, de
Ferner haben Sie dis recht, Besdhwerde bel der sustdeedgen Aufschisbehdrde sinfulegen;

Bayevigches Landesarl o Datenschulpaulsichl, Profmensde 37, 91522 Avsbach, Telelos: 00489 (05 551 53 1300,
E-Mal: postuioll o | da.bayern.de, Beschwesdeformudar: weaw. lda. bayermode 'de/beschweerde hitm|

e e ey | e v o B e o S

82



| LD

| MAEIMIL AN
LM | nvensitar | | KLIMISCHE PEYCHOLOGIE DES KINDES- UND
|| MOHcHER | IUGEMDALTERS & BERATUNGSPSYCHOLOGIE

Studie zur Eltern-Kind-Interaktion in Spielsituationen

Datereschutzrechtliche Aufidarung u. Eradlligang {inkl Indormationen gem. Ars 13 DEEVDY

Tell B - Vergabe der Archiv-1D

Hiermit erhadten Sedie drchie-D, unter der die heute von thnen ermabene Videcaufzeichrung (8- und Tanaufrabmen)
nath Abschluss der Datenerheburg bre. der Bodierung der Videcdsen getrennt won den restichen erhobsren Daben,
den Kontaktinfarmationen, den Einwillgungserkidrungen und den susgewerbeten Ergebnissen mit dem Pwedk der
Archiderung gespelchert werden.

Falls Siz die hewte erhobene Wideoaufeichnurg lgschen lazsen michten, schrelben S eline Emall an die Studienleitung
[0, Agvin WAars, anlor m el pey Imiacle] unter Angabe Ihrer anten siebssgden Archie-I0,

Falls Sie- Interesse an den Ergebnissen der Studle haben oder generell Fragen wund Anmierkiurgen, kdenen Sie sich
selbarverstindlich gerne bei dir Siudienlaipung melden [Or, fetan Marg antonmin @ pay, madel,

Aurf den nddrsten Seiten folgt die Elnwilbgungserkiznung (Tedl C des Dokumenis) mit den Unterschriften der Tednehmmer
unad Teilnahmesirmen sowie der Teitlmiung,

e ] ot e e s W i | i L el i o o] e
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| MGHEHEN | IUGENDALTERS i BERATUNGEPSYCHDLOGIE

Studie zur Eltern-Kind-lnteraktion in Spielsituationen

Diatereet hierechliche Aufklarning u, Bvailligung {inkl Informationen gem. &n. 13 DSGVD)

Iell € - Einwillipungserk| Sming

Tellnehmendes Etberniteil brw. telinehmende Besugsperson

Mame Fomaree Gaburimahom

Tellnehmender Pathent bew. telinehmende Patientin

Einwilligung in die fredwillige Stedientelinahme und die Esbebung, Versrbeitung und Aswertung der Deten

1. &h hahe die Infarmaticesn pur Studie gelesen, sande wollstincdig lbar den Ablaul ured @e Badeuting der Sludie sowee
den Catenschutz informiert, hatte die Moglichkes Fragen 2u stefien und mir ist bekannt, dass ich die Stodie |ederzeit
und ahne Angabe von Grinden und chine negative Konsequenzen abbrechen daef. Ich bin dariiber aufgeslart wosden,
dass im Aakmen der Videgauferichmingen mein Gesichl ursd dise Gesichi miines: Kindes ks pe mben sowie msine
Stimene und die Stmme meines Kindes klar 2u baren und damit weedererkennbar (52, 1oh wurde Gber die Folgen eines
Widapruls der datenschiitirag it lichar Einw@ligung sulpeklBr, und habe s sehrilthched Expmplar deset Aulk g und
Einvalligung sawie diz individuelle Archey -2 erhatten.

= D Kein
. Hiermit wilkge ich fredwilig ein, dass die aufgezelchneten Videos und die eshaobenen Selhstbericht-Daten gesoeichert

und Fir wisserschaMlicke Ausweriungs sowe Yedlentichungen verarbeilet werden diirfen
it O Mein

3, Higrenit wilige sch Freiveif g om i i Beretsielung der volliilndg anafymsisrten Diter in eirer der in Tell A dieded
Dokumenis genannten wissenschattichen Onlineplattformen wnd in deren wisserschafiliche Nachnutzung.

[ I 1 0 Bein

rorum mom 1 S e i e g e | o ] DY | et ) bl
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Einwillipung in die scnstipe Ver ang der Vid feaichaungen und der erhobenan Fragebogend

4, Hiermit willige &ch freiwillig ein in die zeitich unbefristebe Buizung der erhobenen Videoaulzeichnungen und
Fragebogendaten sowie der sus den Kodienangen gesornen Inberaktion- und Werkaltensditen aul wisgerschalfliches
Symiposien und Kongressen mit dem Bweck der Veranschaubichung der Stodie und der Aralyse-Ergebnisse |Prisent- oder
Orfine-Veranstpflurgen), B all diesen Veranstagiungen sl os verboten m filmen ader sonatige Aulnalmen mu tdtgen
und whmilice Teilnehmenden werden fur Verschmiegenhedt verpfichie]

O ja L Mein
LUnterscheiften
Elternteil 1
|brw. Torgrbarecktiging 11 Nome Forsomer Orr, Doluey, Lreme eyl
O e dirier mechunse Ernmimrienme fir ghic oo wram:
Elternteil 1
b, Sorgubarecttigiagd 1) Wame, Foetome Orr, Dalver, Undeesctfi

[ S dirtes mvckunns Pigeniger Eresibaeess Sirmighcbe Falpeaniiien koriszienes

Pathant,Patsentin

Nans, Forsome Ort, Dolurr. Lindeeschrf

Testleitung

L v, Db, Uiy

Herzlichen Dank fir Ihre Teilnahme und wir wiinschen lhnen alles Gute!

p— 4 [T B e e ey el i 8 A L | et ks | B Al
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Appendix Il - NICE Toolbox Manual

How to Analyze a new video/videos

1. Adding new video/videos under your datasets
e Under D:\datasets\Imu infant lab create a new folder.

e The folder name will be the name of your video. Rename your video as cam0.mp4.

Example:

This PC »

oslab-data (D] » datasets » Imu infant_lab » trirnmed_20240505_spied3

cam{impd

See: 1.adding new_video2datasets.mp4

2. Updating calibration file

See: 2.updating_calibration_file.mp4

Open ‘calibrations.toml” which is located in C:\Users\oslab-local\Documents\Calibration.
Copy and paste one of the video information. And rename the video. If you want to run
more than one video at a time, do the same for each video.

Open nicetoolbox folder in Visual Studio Code (after open Visual Studio Code click
File/Open Folder/select nicetoolbox)

Open a new terminal in Visual Studio Code (click Terminal)

Activate environment: Type envs\nicetoolbox\Scripts\activate & Enter

Type run_calibration gui & Enter

C: \sers\oslab-local \Documentsnd cetool boec-envs icetool bax\Scriptsiactivate

oslab- 1o ocuments’y toolboxsrun calibration gui

This will open Calibration Converter Gui

Select calibration.toml for Calibration File Path

Click OpenCV

Load the calibration.toml

Select Output directory path as D:\datasets\Imu_infant lab



e Save & Quit
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3. Updating Config files
See: 3.updating_config_files

Open Visual Studio Code

Open nicetoolbox folder in Visual Studio Code, if it is not already opened.

Under configs open datasets_properties.toml add the name of your new video into
session_IDs (you can keep the other session IDs or overwrite them). If you want to run
more than one video, the name of each session should be added here.
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e Under configs open detectors run_file.toml — Under [run.Imu_infant lab] give the new
session ID/s, and video length.
If you want to run more than one video, create a separate dictionary {session_ID
="trimmed 20240220 spiell", sequence ID=", video start =0, video length =
1000}, for each video.
For video length, the number of frames should be given. For example, if you have
a 5 minute 10 seconds video, the maximum video length can be calculated as
follows:
Your video in seconds: 5 X 60 = 300 seconds + 10 seconds = 310 seconds
Since your video’s frame per seconds rate is 50, in total you have
310*50=15500 frames.

Additional Notes:

e Currently, I sent it up only for body _joints, kinematics, and proximity components. Since
you have only one camera view, and it sees the individuals from side view, the output of
other components seem a bit off.

If you need to run faster, you can set visualize parameter to false.

Your output folder is defined as D:\outputs\experiments — By default each run creates a
new folder under it with the current date. If you want to change this you can change
experiment_name parameter
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e In the example video, the therapist was at the left side, and the client was on the right side
of the video. If this is different for some videos, before running those videos change

subject description in dataset properties.toml. For example, if on this video the client is
on the right side, then it should be [“client”, “therapist’]

4. Run Nicetoolbox



see: 4.run_nicetoolbox.mp4

Open a new terminal in Visual Studio Code (click Terminal)
Activate environment: Type envs\nicetoolbox\Scripts\activate & Enter
Type run_detectors & Enter

5. Visualize outputs using Rerun Visualizer
see: S.visualize output in rerun.mp4

Open visualizer config.toml

Change the name of experiment folder

Change video _name

Open a new terminal in Visual Studio Code

Activate environment: Type envs\nicetoolbox\Scripts\activate & Enter
Type run_visualization & Enter

Wait until all frames uploaded

90
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Appendix III - Primary Behavioral Observation Notes

Primary Behavioral Observation of Selected NICE videos - Dyads 1-9

1)

3)

4)

6)

7

plgl

Mostly all good.
The child’s leg does show more movement than there really is.
- 0:50-1:10 - when his legs overlap each other the software does get a bit confused.

plg2

All good, nothing out of place here.
No overlap.

p2gl; p2g2 - unable to process

p3gl

0:10 experimenter walks by; control for that.

0:43 When it’s the mother’s turn, as she is hitting the block, the stable hand is also
showing movement which isn’t there. Is that controllable? It’s happening because the two
hands are overlapping.

Otherwise all good.

p3g2

0:00-0:10 Mother’s right leg showing some movement that isn’t there;

0:10-0:20 The child’s leg is also moving in the wrong place.

3:40-4:07; 4:40-4:46 The child’s legs are showing a lot of movement when there isn’t
any. It seems like the software gets confused when there’s overlap, especially when the
individual is wearing black. - Note for future experimental sessions.

p4gl

0:00-0:10 The child’s arm shows some unwanted movement.
4:50-5:00 The child’s hands show unwanted movement when they overlap.

p4g2
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9)
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4:00-4:15 nothing major but the child’s knee shows more movement than what there
really is.

Otherwise, a really good video. Could be used for presentations as an example of what
visualizations look like.

pSgl

1:20 The child walks out of frame. Comes back at 1:27 with a soft toy, during structured
play?? Control

1:33 The child and father overlap, confusing the software. Some unwanted movement but
mostly good.

4:30 The child walks out of frame, and then the video is no longer concentrated around
the game. So the video can be considered ‘trash’ after this.

pSg2

0:00-0:30 The father’s left arm shows some unwanted movement because it’s behind the
box which is confusing the software.

2:37-3:15 The child walks out of the frame. Then there is overlap between the dyad
which confuses the software.

4:05-4:30 The child walks out of frame again.

4:30-4:55 The box being in front of the father’s arms confuses the software almost
throughout the video but especially the ending.

10) pé6gl

1:00-1:10 Father gets up to fix daughter’s chair. Their bodies overlap for a fraction of a
second.

4:20-end The child’s right leg shows constant unwanted movement because it is behind
the chair.

Otherwise, the father’s frame is steady.

11) p6g2

1:05-1:15 some unwanted movement in the child's right leg, same as p6g1 but not as
much, could be ignored.

2:00-2:50same here, unwanted movement in the child’s right leg when it is overlapped by
the chair.

3:35-4:05 same here.
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5:00-end same here. The child’s legs show a lot of unwanted movement that isn’t there
all through to the end.

12) p22g1

Person walks across in the beginning, control

3:45-3:55 Some unwanted movement in the child’s legs

4:00-5:30 Child’s legs overlapping with the table confuses the softwares showing lots of
unwanted movement.

13) p22g2

4:30-end The child gets up and moves towards the mother. When they overlap the
software gets confused. The child then goes out of frame and then comes back
overlapping the mother.

Otherwise the video is good. So maybe it can be cut?

14) p23g1

The video begins with unwanted movement being shown in the mother’s legs. Maybe the
software is confusing it with the table. Happens continuously from the beginning to the
end.

The child’s hand also shows some unwanted movement when it goes behind the box
(0:00-0:35)

Really short video...why?

15) p23g2

Some unwanted movement in the child’s left shoulder in the beginning minute of the
video (0:00-1:00)

When the mother crosses her legs at 2:20, it starts showing some unwanted movement.
Pretty good otherwise.

16) p24gl

Very good video - can be used in presentations.
The only thing is that the child walks out of frame at the end but that is after the
structured play ends.

17) p24g2

Father’s right arm showing some unwanted movement when it’s covered by the other
arm. Throughout the first minute there are short instances where this happens.
Otherwise a very smooth video.
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Appendix 1V - Defining a Threshold for the Confidence Score - Observation Notes + Data

Analysis for 0.0 & 0.4 thresholds.

Observation Notes:

Dyad Video | bbbox_overlap | kinematics_bodydis | kinematics_bodyv | Notes
Name placement elocity
pi1g1 Selected Selected Accurate Selected Accurate | Confidence
Accurate frames: 500-550 Frames: 500-550 scores much
frames: 500-550 lower for the
Selected Inaccurate | Selected child. Possibly
Selected frames: 3400-3500 Inaccurate because the child
Inaccurate Frames: 3400-3500 | moves a lot more
frames: 8900- Lowest confidence than the parent.
9000 score: 0.3819 Lowest confidence
score: 0.3819
Highest amount | Frame Number: 3496
of overlap: 0.67 Frame Number:
Observations: 3496
Frame Number: | Visibly quite accurate,
8925 however the child’s Observations:
legs overlap which Visibly quite
Observations: might confuse the accurate, however
The mother’s software, hence the the child’s legs
hand briefly low confidence score. | overlap which might
overlaps with the | However, when confuse the
child’s but visibly | watching the video software, hence the
not much. 7% is | visualization there is low confidence
valid. some inaccurate score.
movement being
shown even at this
confidence score.
p6g2 Selected Selected Accurate Selected Accurate | Overall
Accurate Frames: 500-550 Frames: 500-550 confidence scores
Frames: 650-700 very low for
Selected Inaccurate | Selected certain faulty
Selected frames: 17000-17100 | Inaccurate frames: | parts of the video.
Inaccurate 17000-17100 | visualized other
frames: 500-550; | Lowest confidence parts of the video
4900-5050 score: 0.0169 Lowest confidence | with confidence
score: 0.0169 scores of 0.35
Highest amount | Frame Number: (2924). Here, the
of overlap: 0.296 | 17035 Frame Number: child’s body
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Frame Number:
5009

Observations:
The child’s hand
overlaps the
fathers elbow.
The child’s leg is
also overlapping
the chair. Very
minimal visible
overlap.

Observations:
Clearly visible, faults
of the softwares. The
software is showing
the child’s knees and
ankles to be way
higher than they
actually are.

17035

Observations:
Clearly visible,
faults of the
softwares. The
software is showing
the child’s knees
and ankles to be
way higher than
they actually are.

position looks
visibly accurate.

p22g1

Accurate
Frames: 500-550

Inaccurate
Frames: 100-200

Highest amount
of overlap: 0.137

Frame Number:
120

Observations:
Here, a person
walks across the
camera before
the play situation
starts. Therefore,
there is a clear
overlap and the
software is just
guessing where
the subjects are.

Accurate Frames:
500-550

Inaccurate Frames:
13500-13700

Lowest confidence
score: 0.028

Frame Number:
13500

Observations:

Clearly the software
has gotten it wrong
here. It is evident that
the child’s legs aren’t
where the software
deems it to be. The
ankles are a lot higher
than where they’re
supposed to be.

Accurate Frames:
500-550

Inaccurate
Frames: 13500-
13700

Lowest confidence
score: 0.028

Frame Number:
13500

Observations:
Clearly the software
has gotten it wrong
here. It is evident
that the child’s legs
aren’t where the
software deems it to
be. The ankles are
a lot higher than
where they're
supposed to be.

The selected
inaccurate frames
clearly represent
faults in the
software
represented by
the low
confidence
scores. When |
checked for other
halfway points
such as when the
confidence score
is 0.0129 (13532)
it is evident that
the software is
still inaccurate.

Here, we can see how various confidence scores can be compared from a range of these
exemplary videos. p1g1, is a video where the software makes very minimal mistakes with the
lowest confidence score being 0.388 and there we can see that despite the software being
unsure, the positioning is correct. Comparatively, when we look at the lowest confidence scores
from the other two videos, of 0.0169 and 0.028 we can see that the software is clearly wrong. In
the sense that where the child’s actual legs are and where the software thinks they are, is
completely wrong, hence, the low confidence score. When | compared other scores of 0.129
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and 0.35, it was evident to me that the frame with a 0.129 confidence score is also inaccurate,
however the frame with 0.35 confidence score is visually accurate.

In an attempt to further analyse thresholds, we decided to go the opposite way. Searching for
the highest possible limit where the data is acceptable and accurate.

p6g2 - 3487 - 0.256 = accurate

p6g2 - 3499 - 0.218 = accurate but a lot of movement in visualizations.

p6g2 - 3751 - 0.189 = accurate frame but when | checked the visualized video there was a lot of
movement.

p6g2 - 3819 - 0.141 = accurate
p6g2 - 6768 - 0.099 = inaccurate

p22g1 - 13233 - 0.140 = inaccurate
p5g1 - 17732 - 0.156 = inaccurate

p5g1 - 362 - 0.201 = accurate frames but a lot of movement in the visualizations
p5g1 - 358 - 0.251 = accurate frames but a lot of movement in the visualizations
p5g1 - 371 - 0.122 = accurate frames but a lot of movement in the visualizations
p5g1 - 429 - 0.378 = accurate frames but a lot of movement in the visualizations

p5g1 is a great example to use for pretest. The beginning of the video can see that the software
is uncertain and then slowly it settles down showing relatively higher confidence scores from
200-225 and then slowly becomes more and more ‘shaky’ as the confidence scores go down.

So, If we want to maximize the amount of data we have we can go for an exploratory threshold
of 20% but if we want to minimize all faulty data we can go for and exploratory threshold of 40%
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Data Analysis - 0.0 Threshold:

Sample Synchron N Mea Medi SD IQR Min Max Skewn Kurt Norm Normality

y Type n an ess osis  ality Flag
Full Real 0.052 0.051 0.006 0.006 0.044 0.071 1.1564 1.174 0.006 p<.05 (Non-
sample  synchron 32
y 312 278 242 343 024 013 69 692 938 normal)
Pseudosy 0 0.050 0.050 0.006 0.006 0.038 0.066 0.7155 0.450 0.077 p>.05
nchrony 786 451 458 39 11 785 23 264 038 (Normal)

Structur Real

0.051 0.051 0.005 0.005 0.044 0.066 1.0721 1.454 0.053 p>.05
ed play synchron 16

194 231 479 709 024 656 73 419 503 (Normal)

y
Pseudosy 16 0.049 0.048 0.006 0.005 0.038 0.066 0.7225 0.961 0.213 p>.05
nchrony 615 589 419 618 11 668 43 706 574 (Normal)

Free Real
la svnchron 16 0.053 0.051 0.006 0.008 0.045 0.071 0.9977 0.243 0.096 p>.05
play Y y 429 504 917 262 067 013 98 579 063 (Normal)
Pseudosy 16 0.051 0.050 0.006 0.007 0.043 0.066 0.7020 -  0.313 p>.05
nchrony 957 69 485 099 424 785 9 0.384 355 (Normal)

Synchrony vs Pseudosynchrony 0.0:

Shapiro W Shapiro p T test t T test df T test p  Wilcox V. Wilcox p Cohens d
0.885 0.003 4.640 31.000 0.000 489.000 0.000 0.239

Structured Play vs Free Play 0.0:

Shapiro W  Shapiro_ p T test t T test df T test p Wilcox V. Wilcox_ p  Cohens_d
0.972 0.869 -1.357 15.000 0.195 46.000 0.266 -0.354



Data Analysis - 0.4 Threshold

Synch
Sample ynchrony
Type
Full Real
sample synchrony
Pseudosynch
rony
Structure Real
d play synchrony
Pseudosynch
rony

Free play Real
synchrony

Pseudosynch
rony

Mean

0.0522
02

0.0506
84

0.0510

0.0494
08

0.0533
93

0.0519
59

Media
n

0.0512
23

0.0504
74

0.0510
7

0.0484
44

0.0519
12

0.0513

SD IQR

0.006 0.0054
317 83

0.006 0.0065
516 43

0.005 0.0048
623 44

0.006 0.0058
512 59

0.006 0.0081
914 64

0.006 0.0070
47 4

Synchrony vs Pseudosynchrony 0.4:

Shapiro W Shapiro p T test t

0.890

0.003

4.688

Structured Play vs Free Play 0.4:

Shapiro_ W Shapiro p T test t

0.975

0.907

-1.444

Min
0.0432
17

0.0373
97

0.0432
17

0.0373
97

0.0448
74

0.0435
5

Max

0.07
1015

0.06
6767

0.06
6556

0.06
6488

0.07
1015

0.06
6767

Skewn
ess

1.0897
71

0.6517
96

0.9406
84

0.6469
28

0.9916
89

0.6791
42

Kurt
osis

1.108
68

0.428
821

1.236
406

0.884
891

0.256
167

0.392
08

98

N 1
oorma Normality Flag

ity

0.01313 p<.05 (Non-

9

0.10941
2

normal)

p > .05 (Normal)

0.07024

4

p > .05 (Normal)

0.26491

8

p > .05 (Normal)

0.10604

2

p > .05 (Normal)

0.33203

9

p > .05 (Normal)

T test df T test p  Wilcox V. Wilcox p Cohens d

31.000

0.000

T test df T test p

15.000

490.000

0.000

Wilcox_V  Wilcox_p

0.169

44.000

0.224

0.235

Cohens_d
-0.375
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Appendix V - Surrogate Synchrony (SUSY) Notes - Wolfgang Tschacher, 2019.

Description of the algorithm Surrogate Synchrony (SUSY) WT, 24.9.2019

SUSY computes synchrony on the basis of windowed cross-correlations. Synchrony is defined
as the correlation (or 'coordination', 'entrainment’, 'coupling') of two simultaneously

occurring processes. The processes are given as bivariate time series. In a *.txt-file, the time
series are in columns, the single measurements are lines. Variable names can be in the

header line. It is assumed that the processes are sampled at high frequency, 1 Hz (1/s) or
higher. The *.txt-file may contain time series of different durations; the longest time series
must be in the first two columns. The missing data of the other columns must be empty; only
the separators should be in the file.

(1) Cross-correlations of the bivariate time series are computed up to a specific lag in seconds
(s). This is the parameter <Maxlag>. For example, if the process was sampled at 10 Hz (or, a
video had 10 frames per second: 10 fps) and <Maxlag> =5 is chosen, then 101 crosscorrelation
values result (because the time series has 100 lags between lag=-5s and lag=5s,

plus lag zero). Cross-correlation is performed within a chosen <Segment> of e.g. 30s. The
time series is divided into segments without overlap, thus a time series of say five minutes
contains ten 30s-segments. All cross-correlations are then aggregated — this is done by
transforming correlations to Fisher's Z, using absolute values only, then computing the mean
Z in a segment. This is repeated across all segments of the time series. The mean Z of all
segments are finally aggregated, yielding the overall mean_Z of the time series. (note: SUSY
computation is scale-invariant. Thus, if your time series are sampled at lower frequencies,
you may use other time scales. E.g., instead of Hz the unit may be 1/min, and parameters
<Maxlag>and <Segment> are accordingly in minutes).

(2) Segment shuffling (segment-wise permutation) is used to create surrogate time series. If a
time series contains 10 segments, 10x9=90 different surrogates can be generated. On each
surrogate the above computations (1) are run. This delivers a distribution of surrogate
mean_Z, hence an effect size <ES> of the 'real' mean_Z against surrogates. Thus SUSY
provides two different synchrony measures of each bivariate time series: mean_Z (always a
positive number because of the use of absolute values) and ES of mean Z.

(3) SUSY output contains two different synchrony measures of each bivariate time series:
mean Z and ES of mean Z. The respective output variables are <Z>and <ES>. Importantly, the
data are also computed without the use of absolute Z ('no-absolutes'): <Z(noAbs)> and
<ES(noAbs)>.

If <Automatic> is clicked, the synchrony is computed of all adjacent pairs of columns in the
* txt-file. If <Automatic> is unclicked, you may choose the two columns to be analysed for
synchrony, and two plots are additionally prepared.

Plot-ID:
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0 =no plot

1 = mean cross-correlations (absolute correlation values); export cross-correlations

2 = synchrony by segment (absolute correlation values)

3 = mean Z cross-correlations (absolute correlation values)

4 = times series plot

5 = mean Z cross-correlations (no-absolute values)

The SUSY algorithm was coded by David Leander Tschacher instructed by Wolfgang
Tschacher. If you use SUSY, please cite: Tschacher W & Haken H (2019). The Process of
Psychotherapy — Causation and Chance. Cham: Springer Nature.
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Appendix VI - Surrogate Synchrony (SUSY) R Package - Wolfgang Tschacher, 2019.

Package ‘SUSY”

July 21, 2025

Version 0.1.0

Title Surrogate Synchrony

Suggests gtools

Description Computes synchrony as windowed cross-correlation based on two-dimensional time
series

in a text file you can upload. 'SUSY" works as described

in Tschacher & Meier (2020) <doi:10.1080/10503307.2019.1612114>.
License GPL-2

URL https://wtschacher.github.io/SUSY/

BugReports https://github.com/wtschacher/SUSY /issues
NeedsCompilation no

Author Wolfgang Tschacher [aut, cre],

David Tschacher [ctb],

Jan Gorecki [ctb]

Maintainer Wolfgang Tschacher <wolfgang.tschacher@upd.unibe.ch>
Repository CRAN

Date/Publication 2022-11-24 09:00:13 UTC

Contents

as.data.frame.Susy . .. ... ... 2
PlOt.SUSY . . oo 3
PIINESUSY .« ottt et e e e e e e 4

2 as.data.frame.susy

as.data.frame.susy susy to data.frame conversion method

Description

Turns susy class object into a data.frame.

Usage

## S3 method for class 'susy'

as.data.frame(x, row.names=NULL, optional=FALSE, corr.no.abs=TRUE, ...)
Arguments

X A susy object.

row.names Ignored, only for consistency to generic as.data.frame method.
optional Ignored, only for consistency to generic as.data.frame method.
corr.no.abs Logical, defaults to TRUE display correlation without the absolute value.
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... Ignored.

Value

Returns data.frame.

See Also

susy

Examples

n= 1000

data = data.frame(

varl = runif(n, 300, 330),

var2 = runif(n, 300, 330)

)

res = susy(data, segment=30L, Hz=15L)
as.data.frame(res)

plot.susy 3

plot.susy susy plot method

Description

Generate plot(s) for a susy object.

Usage

## S3 method for class 'susy'

plot(x, type=c(4, 5), ...)

Arguments

X A susy object.

type Numeric, specifies the types of plot, defaults to c(4, 5).
1. GMcrosscorrs

2. synchrony by segments

3.GM-Z

4. time series plot

5. Z not abs

... Ignored.

Details

Method can generate multiple types of plots by providing numeric vector to type argument. Note
it

will generate plots for each pair (cross computation) in x, so the final number of plots is length(x)
* length(type).

Value

Returns NULL invisibly. Generate plot(s) as a side effect.
See Also

susy

Examples

n= 1000
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data = data.frame(

varl = runif(n, 300, 330),

var2 = runif(n, 300, 330),

var3 = runif(n, 300, 330)

)

res = susy(data, segment=30L, Hz=15L, permutation=TRUE)
plot(res, type=c(3,5))

4 print.susy

print.susy susy print method

Description

Prints information about an susy object.

Usage

## S3 method for class 'susy'

print(x, corr.no.abs=TRUE, legacy=FALSE, ...)

Arguments

X A susy object.

corr.no.abs Logical, defaults to TRUE display correlation without the absolute value.
legacy Logical, defaults to FALSE, when TRUE print will produce an output that matches
the output of legacy SUSY implementation.

... Extra arguments passed to print.data.frame method.

Value

Returns x invisibly. Display output to console as a side effect.
See Also

susy

Examples

n= 1000

data = data.frame(

varl = runif(n, 300, 330),

var2 = runif(n, 300, 330)

)

res = susy(data, segment=30L, Hz=15L)

res

print(res, corr.no.abs=FALSE)

print(res, digits=4)

print(res, legacy=TRUE)

susy 5

susy Surrogate Synchrony

Description

Cross-correlations of two time series are computed up to a specific lag in seconds maxlag.
Crosscorrelation
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is done within segment of the time series. The size of segments segment can be chosen

in seconds. Aggregation is then performed by transforming correlations to Fisher’s Z, computing
mean Z in each segment, then across all segments of the time series. Segment shuffling is used to
create surrogate time series, on which the same computations are run. This provides effect sizes
ES. SUSY provides these different synchrony measures for each twin time series: mean Z and ES
of

mean Z; mean absolute_Z and ES of mean absolute Z.

Usage

susy(x, segment, Hz, maxlag=3L, permutation=FALSE,

restrict.surrogates=FALSE, surrogates.total=500)

Arguments

X A data.frame of numeric columns.

segment Integer, size in seconds. Must not be smaller than 2 * maxlag, must not be larger

than half the the time series (nrow(x)/2).

Hz Integer, frames per second (sampling rate).

maxlag Integer, maximum lag for ccf in seconds. Default 3 seconds.

permutation Logical, default FALSE requires x to have even number of columns which are
processed in pairs (1-2, 3-4, etc.). When permutation is TRUE then function

computes all pairs combinations between columns provided in x (n*(n-1)/2

pairs).

restrict.surrogates

Logical, default FALSE. Restrict the number of surrogates or not.

surrogates.total

Numeric, the number of generated surrogates, default 500. Ignored when restrict.surrogates

is FALSE (default).

Details

Segments are non-overlapping, and the number of segments that fit into the time series may have
a

remainder (usually a few seconds at the end of the time series), which is not considered.

Value

Object of class susy is returned. Each cross correlation pair is an element in resulting object.

See Also

plot.susy, as.data.frame.susy, print.susy

6 susy

Examples

n= 1000

data = data.frame(

varl = runif(n, 300, 330),

var2 = runif(n, 300, 330),

var3 = runif(n, 300, 330)
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)

## use only first two columns

res = susy(data[, 1:2], segment=30L, Hz=15L)
length(res)

names(res)

## use all columns and permutation
res = susy(data, segment=30L, Hz=15L, permutation=TRUE)
length(res)

names(res)

## print susy

res

print(res, legacy=TRUE)

## plot susy

plot(res)

plot(res, type=1:2)

Index

*+ data

as.data.frame.susy, 2

plot.susy, 3

print.susy, 4

susy, 5

as.data.frame.susy, 2, 5

ccf, 5

plot.susy, 3, 5

print.susy, 4, 5

susy, 24, 5

7

Appendix VII - R-Scripts for Descriptive and Inferential Analyses



1) R-Script for descriptives
# Set working directory

setwd("C:/Users/Madhavi/Desktop/msc_nabu_20260122")

# Load packages

library(readxl)
library(dplyr)
library(tidyr)
library(psych)

# Load data
data <- read_excel("raw_data.xlsx") #enter your own raw data

# Clean play situation labels
data$'Play Situation® <- trimws(data$ Play Situation")

# Convert to long format

data long <- pivot_longer(
data,
cols = ¢(Z, Z.Pseudo),
names_to = "Synchrony Type",
values_to = "Score"

)

# Rename synchrony labels

data long$Synchrony Type <- recode(
data_long$Synchrony Type,
"Z" = "Real synchrony",
"Z.Pseudo" = "Pseudosynchrony"

)

# FORCE ORDER (Real first) - this puts real synchrony first

106

table:
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data_long$Synchrony Type <- factor(
data_long$Synchrony Type,
levels = ¢("Real synchrony", "Pseudosynchrony")

)

# FULL SAMPLE - this includes all the key descriptives required

full sample <- data_long %>%
group_by(Synchrony Type) %>%
summarise(
Sample = "Full sample",
N =n(),
Mean = mean(Score),
Median = median(Score),
SD = sd(Score),
IQR =IQR(Score),
Min = min(Score),
Max = max(Score),
Skewness = psych::describe(Score)$skew,
Kurtosis = psych::describe(Score)$kurtosis,
Normality = shapiro.test(Score)$p.value,
.groups = "drop"

)

# STRUCTURED PLAY - structured play before free play

structured sample <- data_long %>%

filter("Play Situation® == "Structured") %>%
group_by(Synchrony Type) %>%
summarise(

Sample = "Structured play",

N =n(),

Mean = mean(Score),

Median = median(Score),

SD = sd(Score),

IQR = IQR(Score),

Min = min(Score),

Max = max(Score),
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Skewness = psych::describe(Score)$skew,
Kurtosis = psych::describe(Score)$kurtosis,
Normality = shapiro.test(Score)$p.value,
.groups = "drop"

)

# FREE PLAY

free sample <- data long %>%
filter("Play Situation” == "Free") %>%
group_by(Synchrony Type) %>%
summarise(
Sample = "Free play",
N =n(),
Mean = mean(Score),
Median = median(Score),
SD = sd(Score),
IQR =1IQR(Score),
Min = min(Score),
Max = max(Score),
Skewness = psych::describe(Score)$skew,
Kurtosis = psych::describe(Score)$kurtosis,
Normality = shapiro.test(Score)$p.value,
.groups = "drop"
)

# Combine tables - this puts all tables together

final table <- bind rows(
full _sample,
structured sample,
free_sample

)

# Add normality interpretation

final table <- final table %>%
mutate(



"Normality Flag® = ifelse(
Normality >= 0.05,
"p 2 .05 (Normal)",
"p <.05 (Non-normal)"
)
)

# Rename headings (NO underscores) - remove underscores

colnames(final table) <- ¢(
"Synchrony Type",
"Sample",
N,
"Mean",
"Median",
"SD",
"IQR",
"Min",
"Max",
"Skewness",
"Kurtosis",
"Normality",
"Normality Flag"

# Reorder columns nicely - regoranize everything

final table <- final table %>%
select(
Sample,
‘Synchrony Type’,
N,
Mean,
Median,
SD,
IQR,
Min,
Max,
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Skewness,
Kurtosis,
Normality,
"Normality Flag’

)
# finalize the table

print(final_table)

# Save table

write.csv(
final table,
"Synchrony Master Descriptives.csv",
row.names = FALSE

)

2) R-script for visualizations

# script for overlay Density Curves and Boxplot for Z vs Z.Pseudo
# 1. Set Working Directory

setwd("C:/Users/Madhavi/Desktop/msc_nabu_20260122")

# 2. Load Packages

library(ggplot2)
library(dplyr)
library(tidyr)
library(readxl)

# 3. Load Data



data <- read excel("synchrony data.xlsx")

# 4. Convert to Long Format

data_long <- pivot_longer(
data,
cols = ¢(Z, Z.Pseudo),
names_to = "Synchrony Type",
values to = "Synchrony Value"

)

# 5. Overlayed Density Curves (Blue for Z, Pink for Z.Pseudo)

overlay density <- ggplot(data_long,
aes(x = Synchrony Value,
fill = Synchrony Type,
colour = Synchrony Type)) +
geom_density(alpha = 0.3, size = 1.2) + # translucent density curves
scale fill manual(values = c("Z" = "#1{77b4", # blue fill
"Z.Pseudo" = "#ff69b4")) + # pink fill
scale_colour manual(values = c("Z" = "#1{77b4",  # blue line
"Z.Pseudo" = "#{f69b4")) + # pink line
labs(title = "Overlayed Density: Synchrony vs Pseudosynchrony",
x = "Synchrony Score (Z)",
y = "Density") +
theme minimal()

print(overlay density)
# Save the overlay density plot
ggsave("Overlay Density PinkBlue.png",
overlay density,
width = 7, height = 5)

# 6. Boxplot with Translucent Colors (Blue Z, Pink Z.Pseudo)

box_plot <- ggplot(data long,
aes(x = Synchrony Type,
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y = Synchrony Value,
fill = Synchrony Type)) +
geom_boxplot(alpha = 0.4, width = 0.6, outlier.shape = NA) + # translucent boxes
geom_jitter(width = 0.1, alpha = 0.6, colour = "black") + # points with transparency
scale fill manual(values = c¢("Z" = "#1{77b4", # blue
"Z.Pseudo" = "#ff69b4")) + # pink
labs(title = "Boxplot: Synchrony vs Pseudosynchrony",
x = "Type",
y = "Synchrony Score (Z)") +
theme minimal()

print(box_plot)
# Save the boxplot
ggsave("Boxplot PinkBlue Translucent.png",
box_plot,
width = 7, height = 5)
3) R-Script for Inferentials
# Inferential Statistics
# 1. Set working directory
setwd("C:/Users/Nachiket/Desktop/msc nabu 20260122") # Change to your folder

# 2. Load required packages

library(readxl)
library(effsize)

# 3. Load your data

# Excel example
data <- read_excel("synchrony data.xlsx")

# CSV example (if needed)
# data <- read.csv("synchrony wide.csv")
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# 4. Compute difference scores

# Assuming columns: Z = observed synchrony, Z.Pseudo = pseudosynchrony
data$diff <- data$Z - data$Z.Pseudo

# 5. Test normality of difference scores

shapiro_result <- shapiro.test(data$diff)
print(shapiro_result)

# 6. Paired t-test (parametric)
t result <- t.test(data$Z, data$Z.Pseudo, paired = TRUE)

print(t_result)
# 7. Wilcoxon signed-rank test (non-parametric)

wilcox_result <- wilcox.test(data$Z, data$Z.Pseudo, paired = TRUE)
print(wilcox_result)

# 8. Compute Cohen's d (dependent samples)

cohen_d result <- cohen.d(data$Z, data$Z.Pseudo, paired = TRUE)
print(cohen_d_result)

# Optional: Save all results to a CSV

results <- data.frame(
Shapiro W = shapiro_resultS$statistic,
Shapiro_p = shapiro_result$p.value,
T test t=t resultS$statistic,
T test df =t result$parameter,
T test p=t result$p.value,
Wilcox_V = wilcox_result$statistic,
Wilcox p = wilcox_result$p.value,
Cohens d = cohen d result§estimate

write.csv(results, "Synchrony vs Pseudosynchrony results.csv", row.names = FALSE+
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