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Quantification and Visualisation of Interpersonal
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Study on Autistic and Neurotypical Children
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Abstract— Interpersonal synchrony (IS), a key indicator
of social interactions, is traditionally assessed through
video data and manual coding methods, a process that
is time-consuming and subjective. This study presents an
automated sensor-based framework for quantifying and vi-
sualizing IS using time series data collected from wearable
sensors, demonstrated through a case study of interactions
between autistic and neurotypical children in classroom
settings. We evaluated time series similarity measures,
including Cross-correlation (CC), Dynamic Time Warping
(DTW), and Cross-Wavelet Analysis (XWA), as features for
machine learning (ML) models that classify interaction lev-
els, where ground truth labels are derived from video-coded
motor coordination as a behavioral proxy for IS. Results
show that these similarity-based features outperform con-
ventional statistical features in distinguishing high and low
IS using ensemble classifiers. We further compare two
approaches for identifying pseudosynchrony: a surrogate
data analysis for threshold estimation and a supervised
learning approach for direct prediction, providing a sys-
tematic evaluation of their methodological trade-offs that
has been largely overlooked in prior synchrony research.
The developed visualization tools enable dynamic tracking
of interaction patterns while filtering out pseudosynchrony.
The proposed workflow offers a scalable, objective, and
reproducible alternative to manual coding, addressing a
key gap in the current literature and supporting broader
applications in social, developmental, and rehabilitation
research.

Index Terms— Machine learning, Time series analysis,
Wearable sensors, Human—-computer interaction, Social in-
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I. INTRODUCTION

HE evaluation of synchrony in social interactions has

attracted multidisciplinary attention because of its role
in social signal processing, computational neuroscience, devel-
opmental psychology, and child psychiatry [1]. Interpersonal
synchrony (IS), a measure of behavioural coordination, the
tendency of individuals to align their actions and behaviours
temporally during interaction, is a crucial feature of social
interactions [2].

High levels of synchrony are linked to positive outcomes
such as social bonding [3], relationship intimacy [4], negotia-
tion success [5], therapeutic efficacy [6], and enhanced class-
room learning. Conversely, reduced synchrony is associated
with social isolation, loneliness, and adverse mental health
outcomes [7]. In particular, reduced social coordination is
reported in individuals with autism [8], [9], a population that
has difficulty responding to social cues and understanding
people’s emotions, significantly influences their ability for
social interaction and communication [10].

Quantifying interpersonal synchrony has the potential not
only to advance our understanding of social interaction but also
to support assessment, monitoring, and hypothesis generation,
particularly in neurodevelopmental conditions such as autism.
However, the subtlety and complexity of synchrony pose sig-
nificant challenges for measurement and analysis due to lack
of analytical tools. Traditionally, IS has been studied through
manual coding methods, which involve trained observers
scoring video recordings of interactions based on predefined
criteria [11]. While this method offers rich qualitative insights,
it is time-consuming, labour-intensive, and subject to human
bias and error [1].

Recent advances have led to automated approaches, which
aim to provide more scalable and objective analyses. Among
this, Video-based tools have become popular for data collec-
tion [12], [13], but face line-of-sight issues and may raise sig-
nificant privacy concerns. Alternatively, wearable technology,
particularly Inertial measurement unit sensors (IMU) sensors,
have emerged as particularly promising tools for capturing
movement data [14]-[16]. To analyze these signals, time series
similarity measures such as Cross-correlation (CC), Dynamic
Time Warping (DTW) and Cross-wavelet Analysis (XWA)



are used for capturing different types of synchrony, including
in-phase and out-of-phase synchrony [17]. Furthermore, the
use of machine learning (ML) techniques has enhanced the
accuracy and scalability of behavioral classification tasks in
this context [18]. Despite these advancements, the lack of ac-
cessible, generalizable automatic tools has limited exploration
in IS research [1].

This paper proposes an automated framework for quantify-
ing and visualizing interaction dynamics using accelerometer
data, specifically through a real-world dataset that includes di-
verse interactions between teachers, children with and without
autism in the classroom. The main contributions include:

We propose an integrated framework that combines time-
series similarity and machine learning (ML) models to
automatically estimate levels of interpersonal synchrony
from wearable sensor data, offering a scalable alternative
to manual video coding.

To our knowledge, this is the one of the first studies
to systematically compare surrogate data analysis (SDA)
and ML-based methods for pseudosynchrony detection,
highlighting the methodological trade-offs between sta-
tistical thresholding and data-driven prediction.

We develop an interactive visualization suite to track
synchrony dynamics across time and participant pairs,
incorporating automated exclusion of pseudosynchrony
for clearer interpretation of genuine social coordination.
We present a complete, replicable pipeline, from data
acquisition to feature extraction, classification, and vi-
sualization, demonstrated on real-world classroom data
involving children with and without autism. This work-
flow offers a reusable methodological foundation for
future research on interpersonal synchrony in comparable
settings.

[I. RELATED WORK

A. Wearable Sensors and Automated Coding Methods
for Quantifying Interaction

In combination with automated coding methods, wearable
sensors offer a promising solution for conducting more effi-
cient, objective, and scalable analysis of interaction dynamics.
Time-series analyses like Cross-correlation (CC) and Dynamic
Time Warping (DTW) and time-frequency spectral analyses
such as Cross-wavelet Analysis (XWA), are popular automatic
coding approach for studying IS.

Windowed CC analysis offers a simple approach to quantify
the dynamic change in synchrony [19]. This method has been
applied to physiological signals, such as heart rate and skin
conductance, capturing the dynamics of social interactions
between dyads [20]. However, the method’s effectiveness
depends on the selecting parameters such as window size,
maximum lag, and window step [21].

DTW has been applied in investigating behavioural syn-
chrony in speech and language patterns within clinical inter-
actions [22] and to study how gestures kinematically relate to
each other within ensembles during discourse [23]. XWA is
applied to elbow angles to identify whether interpersonal mo-
tor coordination emerges between two participants when they
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intentionally do not coordinate their movements between each
other [24]. It is also utilised to find the correlation between
coordinate points of body joints to explore nonverbal syn-
chrony [25]. XWA has also been applied to head accelerations
between actors and audience members in theatre performance,
successfully capturing interactions across various frequencies
[26]. Interactions can occur when individuals move at the same
frequency but in different phases [27]. This indicates that the
analyses with the properties for finding similarities with a time
lag to study IS is particularly advantageous.

B. Importance in Studying Synchrony in Autism

The symptoms Autism spectrum condition (ASC) often
emerge during early development that ASC children are slower
to grasp social signals and fail to imitate movements during
interactions with people compared with neurotypical children
[28]. Several studies have also found that atypical movement
coordinations are shown between autistic participants in differ-
ent age groups [8], [9], [29]. Early interventions, which include
parent-mediated, therapist-delivered interventions and school-
based strategies [30], can be critical for autistic children.
Improved interpersonal coordination in autistic children has
been linked to a reduction in repetitive behaviours [31] and
an increase in social competence [32], [33]. Therefore, it
is valuable to develop a quantitative measurement tool to
quantify behavioural coordination and understand the symp-
toms of autism, which could help the intervention procedures.
Our previous work successfully demonstrates the feasibility
of identifying subtle moments of social coordination between
actors and autistic children using wearable sensors from a lab-
based environment [34]. This direction is further supported by
the broader landscape of sensor-based ASC research, a recent
systematic review highlights how Al IoT, and wearable sensor
technologies are increasingly applied to capture behavioural
and motor markers of ASC across diverse real-world settings,
underscoring their potential for more accurate and scalable
assessment [35]. Here, we studied groups of autistic and
neurotypical children in the real-world classroom study, rep-
resenting a particularly challenging scenario for measurement
of social interaction.

C. Using ML to Study Social Interaction

Advances in ML techniques have enabled researchers to
study patterns of motor behaviour with higher accuracy [18].
Researchers have used ML models to discern modes of syn-
chrony in hand movements, as captured by 3D depth cameras
during mimicry exercises [36]. A particularly compelling
application of these techniques is in autism research, where
ML models have utilised features related to IS to predict
autism with significant accuracy. Measures of IS derived
from naturalistic video recordings have been used to classify
whether individuals are autistic or neurotypical [37]. Coor-
dination features extracted from hand and body movements
during conversations have been utilised in predicting autism
with an accuracy of 75.9% [38]. Comparisons among various
ML models using features derived from multimodal sensors
for ASD diagnosis have yielded the highest accuracy of
88.42%, demonstrating performance comparable to top-level
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Fig. 1.

Data collection contexts, wristbands and sensors, and sample data. A. The data collection contexts included a large hall in a primary school

and two classrooms. B. Every participant wore a wristband (three types) with an mBient sensor which tracks wrist acceleration.

human experts [39]. To date, most studies employing ML in
synchrony have focused on distinguishing between types of
participants (e.g., autistic vs. non-autistic) or different forms
of synchrony. The application of ML in the assessment of IS
remains relatively limited [36].

D. Distinguish pseudosynchrony

A critical challenge in the study of IS, lies in determining
the threshold that separates significant synchrony from coin-
cidental or chance synchrony [1]. Researchers have developed
various techniques, many of which involve establishing a
baseline based on surrogate or pseudo-data to compare with
real interactions. The synchrony analysis applied on the sur-
rogate dataset successfully constructs a threshold for judging
the dyad’s coordination in various studies [40]-[43], which
we called the surrogate data analysis (SDA) method in this
paper. Bernieri and Rosenthal introduced an early approach
to generate a baseline, where video images of interaction
dyads were isolated and recombined in random pairings [44].
The concept of shuffling participants or or randomizing the
original time series has been developed to be part of automatic
computational methods. Fourier transform-based methods ran-
domize the phase information in the data while keeping
the amplitude spectrum unchanged [45], and permutation-
based methods involve randomly shuffling segments of the
original data to alter the time structure [46]. Moulder el
at. introduces multiple permutation-based methods, including
data shuffling, segment shuffling, and data sliding [47]. By
setting a minimum threshold based on the analysis of pseudo-
data, the real synchrony measure exceeding this threshold is
considered significant [47], [48]. Using this SDA technique to
avoid capturing pseudo synchrony, a positive correlation was
found between eye contact and the engagement ratings of the
conversation partners [49].

E. The Need for Visualisation Tools

Tools for accurately quantifying IS can be used for research
on different psychiatric and developmental conditions that
affect social interaction. Linear-time diagram are used to
display groups as well as one-to-one personal interactions
over time [50]. The intensity of pairwise interaction have
been shown in the form of heatmap called interaction matrix
[34]. Graph centrality measures have been used for network
analysis [51], [52], which could potentially be used to identify
key individuals who serve as interaction hubs within the
network. However, there are currently very few tools capable
of achieving this in an automated way, and the lack of efficient
and accessible tools has limited the wider exploration of IS
[1]. The availability of user-friendly and accessible tools can
reduce the barrier to entry for researchers and practitioners

interested in studying IS and has the potential to facilitate more
efficient, objective, and reproducible research in this field.

I1l. EXPERIMENT SETUP

The Socsensor dataset has been collected from children and
teachers engaging in classroom activities using IMU, which
provides a rich context for examining behavioural coordination
of both neurotypical (NT) and autistic (ASC) children.

A. Farticipants

Participants in this study were from 3 distinct groups of
children at 3 different schools. The young ASC group (ASCy)
include 4 children aged 5-6 years from special educational
needs (SEN) primary schools, whose verbal skills are rated
by teachers below the level expected at 24 months of age.
7 ASC children in the older ASC group (ASCo) aged 12-17
years, attending an SEN unit within a mainstream secondary
school, have verbal abilities within a secondary age range. The
early years’ NT group have 12 children aged 4-5 years from a
mainstream primary school. There are 3 teachers, 2 teaching
assistants (RA), and 2 researchers involved in this study as
adult participants. The Ethics was approved by the UCL
Research Ethics Committee (approval on 5975/004). Written
informed consent was obtained from parents or legal guardians
of all participants. Video recordings from this study were used
solely for the purpose of manual coordination coding and were
stored on a password-protected institutional server with access
restricted to authorised members of the research team.

B. Data collection

RAs arrived at the children’s school prior to each data col-
lection session to prepare the classroom. Two GoPro cameras
were set up to record the room in different directions. Figure
1 A shows the recording from three sessions of different
groups. The sensors used in this study are MetaMotionR from
MBIENTLAB as shown in Figure 1 B, which were controlled
using an iPad to start recording before they were synced.
The accelerometer and gyroscope are set to record at a 25Hz
sampling rate. The data is logged and saved to the onboard
memory, then downloaded to an iPad after each session.

All the sensors were put in a specially designed box
and dropped together on a table once before and after the
session to generate kinetic events that could be used later for
data synchronisation [26]. Sensors were then fixed into the
wristbands, and RA helped the children wear the wristbands
properly. There are three types of wristbands, as shown in
Figure 1 B; wearers chose according to their preferences.






	Introduction
	Related Work
	Wearable Sensors and Automated Coding Methods for Quantifying Interaction
	Importance in Studying Synchrony in Autism
	Using ML to Study Social Interaction
	Distinguish pseudosynchrony
	The Need for Visualisation Tools

	Experiment setup
	Participants
	Data collection
	Sessions

	Methods
	Data preprocessing and synchronisation
	Similarity Analysis
	Data labelling
	Interaction classification
	Identify pseudosynchrony
	ML approach
	SDA

	Generate Visualizations

	Result
	Classification of Interaction Levels
	Comparison of pseudosynchrony finding methods
	Performance comparison based on evaluation metrics
	Performance comparison based on event codings

	Visualisation Tools
	Tiger Plot: Identify interactions over time
	Interaction Matrice: Identify pairwise interaction
	Connected graph and graphic analysis


	Discussion
	Conclusion
	References

