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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.
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Wearable sensors, Human–computer interaction, Social in-
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I. INTRODUCTION

THE 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)
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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.

II. 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

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 AI, 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.

III. 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. Participants

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.
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Fig. 2. Overview of the methodological pipeline. The process includes data preprocessing and synchronization, followed by interaction-level
labeling. Similarity-based analyses are then applied to extract features for classifying levels of interpersonal synchrony. Subsequently, thresholds
for real synchrony are identified and used to generate multiple forms of visualizations that illustrate interaction dynamics.

C. Sessions
Data were collected from ASC children during drama

lessons at both SEN schools. Three teachers were present to
support ASCy group, while one was present for ASCo group.
Data were collected from NT children at the mainstream
school as part of the after-school club. Two research scientist
led the session, which incorporated age-appropriate party
games. Sessions collected from 8 different days (summarized
in Table I) were used in this study, which includes 3 for ASCy
group, 3 for ASCo group and 2 for NT group. The sessions
for ASCy incorporate music, dance, props, free play, and an
interactive whiteboard. Drama games such as wink murder and
charades, as well as written exercises, were included in ASCo
sessions. Data were collected from NT children from part of
the after-school club. The research team led the session, which
incorporated age-appropriate party games, such as parachute
games, Grandmother’s Footsteps and Simon Says. Two RAs
helped with all the sessions and were in charge of observing
children and keeping records of any unintended interactions
with the sensors, e.g., if children played with or removed
the sensors or if children left the room. Such interruptions
accounted for an average of 2% (maximum 9%) of recorded
time per interrupted participant per session, confirming that
data quality was not materially affected.

IV. METHODS

The step-by-step framework for developing automatic tools
to quantify and visualize interpersonal synchrony is illustrated
in Figure 2, with each step described in detail below.

A. Data preprocessing and synchronisation
Kinetic synchronisation actions are taken before and after

each session to generate an easily identifiable pattern in
acceleration. Real-world synchronization errors between the
sensors are corrected by aligning kinetic events in the data
using interpolation technique [26]. The Euclidean norm of the
3-axis acceleration and angular rate is computed, which creates

a single orientation-invariant signal |S| =
√
x2 + y2 + z2 for

each participant. High-frequency noise is then filtered out us-
ing a 4th-order Butterworth filter with 10Hz cutoff frequency.
An approximately 1% temporal discrepancy was observed be-
tween the acceleration signals and the video recordings due to
differences in the internal timing systems of the GoPro camera
and the mBient sensors. This discrepancy was estimated by
comparing the duration between two synchronized actions
visible in the video with the corresponding synchronization
pattern in the sensor data. To correct for this mismatch, linear
scaling was applied to the sensor timestamps to align them
with the video time. Following this adjustment, alignment was
verified by confirming that the durations between synchroniza-
tion actions, as well as the timing of other clearly identifiable
activities during the sessions, were consistent across the two
data streams.

B. Similarity Analysis

Windowed CC and DTW: CC measures the similarity be-
tween a signal and shifted versions of another signal. The CC
is computed for all possible lags up to a maximum lag as
selected, and the final CC value is chosen as the maximum
correlation across all lags.

DTW measures the distance between two time series, invari-
ant to temporal distortions [53]. It aligns signal x(t) and y(t)
by computing the warping path W , a sequence of grid points
wk = (i, j)k on a |X| × |Y | grid, representing the alignment
of xi and yj . The optimal warping path minimizes the total
distance while follow some criteria set to limit the search space
[54]. DTW reduces the influence of temporal shifts compared
to Euclidean distance (ED) (when the warping window is set
to zero) in finding similarity [55].

CC and DTW are both applied using a sliding window
approach to determine pairwise similarity between sensor
signals in windows. The signals are segmented into successive
temporal windows, each shifted by a specified step size. The
similarity values are obtained (using either DTW or CC) for
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each window. We choose step size of half window, since
overlapping windows are used, the final similarity

is calculated by averaging successive similarity values in
the overlapped area. A window size of 5 seconds was chosen
based on previous studies showing that social behaviours can
be reliably identified in ’thin slices’ of 5 seconds [56].

Cross Wavelet Analysis (XWA): XWA includes cross-wavelet
transform (XWT) and wavelet coherence transform (WCT).
Firstly, continuous wavelet transform (CWT) is applied sep-
arately to two signals x(t) and y(t) to obtain wavelet coef-
ficients Wx,ϕ(τ, s) and Wy,ϕ(τ, s). The wavelet coefficients
from the two signals are then combined in two different
ways: Cross wavelet transform (XWT) and Wavelet coherence
transform (WCT). The XWT reveals scales with high common
power [57]:

Wxy(τ, s) = Wx,ϕ(τ, s)Wy,ϕ(τ, s)
∗ (1)

Where ∗ denotes complex conjugate. The XWT power is
further defined as |Wxy(τ,s)|. WCT finds common frequencies
regardless of power in two signals, by normalizing the XWT
power according to the signals’ individual power [57]:

R2
xy(τ, s) =

|s−1S(Wxy(τ, s))|2

s−1S(|Wx,ϕ(τ, s)|2)s−1S(|W ∗
y,ϕ(τ, s)|2)

(2)

where S is a smoothing operator(see [58] for details)
After obtaining the XWT/WCT power from the two signals,

weights of coefficients at different scales can be selected,
which is equivalent to setting the importance of the period
(frequency) range of activities to be focused. In our study, all
scales have equal weights, which is equivalent to calculating
the average power of XWT and WCT across selected fre-
quency range (we select scale from 0.5s to 15s in this study).
This choice was made to avoid introducing assumptions about
the relative importance of different frequency bands in in-
terpersonal movement coordination. Because the interaction
dynamics in the classroom setting may occur across multiple
temporal scales, treating the scales equally provides a neutral
representation of movement synchrony.

C. Data labelling
Manual coding methods were designed to score the video

clips according to motor coordination on a 1-5 Likert scale.
Motor coordination was selected as the coding criterion as it
provides an observable and operationalizable behavioral proxy
for IS. Since IS is widely recognised as a key indicator of
social interaction but cannot be directly observed or measured,
motor coordination coding from video serves as the closest
available ground truth for interaction level. A subset of video
clips was selected for scoring, as full video labeling is beyond
our team’s capacity. An equal distribution of child-child and
child-adult pairs was chosen from each session, resulting in
a total of 76 pairs for analysis. Pre-analysis is performed on
acceleration data using three algorithms, XWT high-frequency,
WCT high-frequency and low-frequency, where potential time
points of three relatively high interactions and relatively low
interactions are extracted from each algorithm for each pair.
This selection of video for labeling aims to balance the number
of clips with high and low interactions to avoid highly skewed

TABLE I
SUMMARY OF SESSION DETAILS AND LABEL DISTRIBUTION

ORGANIZED BY FOLDS IN LSOCV IN THE SOCSENSOR DATASET.

Fold Groups Session Dyads Labels
High Low Total

1 NT day 1 13 76 156 232
2 NT day 2 12 53 154 207

3 ASCy day 1 5 41 229 270ASCo day 1 10

4 ASCy day 3 11 55 243 298ASCo day 2 9

5 ASCy day 2 7 38 228 266ASCo day 3 9
Total count 76 263 1010 1273

interaction levels. Time points in which children engaged in
unintended interactions with sensors, as recorded by the RAs,
were excluded. Additionally, any two selected points from the
same participants and algorithms were required to have at
least a 2-minute gap between them. 1273 time points were
ultimately selected for 76 pairs across 8 sessions.

Based on the 1273 time points, corresponding video clips
were extracted for scoring. These video clips were then sent
to 3 assistants who were blind to the algorithms and coding
methods used. To assess inter-rater reliability, 10% of the clips
were double-scored. Cohen’s Kappa values were calculated
at 0.56, 0.61, and 0.59 for raters 1&2, 2&3, and 1&3,
respectively.

D. Interaction classification
The motor coordination video scores were categorized into

two classes based on manually coded motor scores: ’high
interaction’ (Class 1) for scores exceeding two and ’low
interaction’ (Class 0) for scores of 1 and 2, as labels for
model training. The effectiveness of two distinct feature sets
was compared in predicting interaction levels, including (1)
five similarity measures and (2) twelve statistical features (6
for each individual in a pair) extracted from raw data in
each 5-second window. The similarity features include XWT,
WCT, CC, DTW and ED. The statistical features encompass
mean, standard deviation, variance, median, skewness, and
kurtosis of the signals, serving as a less complex feature set
for comparison.

Ensemble bagged trees were selected as the final classifi-
cation model because they are well suited for datasets with
heterogeneous features and relatively small sample sizes. The
bagging approach reduces variance by aggregating predictions
across multiple decision trees and is robust to noisy features,
which is beneficial for sensor-based datasets. A prelimi-
nary comparison of model performance across several super-
vised learning algorithms, showed that the ensemble bagged
trees achieved better performance. Therefore, this model was
adopted for the final pipeline, while logistic regression (LR)
was retained as a baseline model for comparison.

To completely avoid the possibility of overfitting and make
use of all the data in our limited dataset, a Leave-session(s)-out
cross-validation (LSOCV) approach is employed to evaluate
the performance. The ground truth data is partitioned into
5 folds, with each fold containing one or two sessions and
approximately the same number of samples as shown in Table
I. The number of scores categorized by label types for each
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fold is also summarized in Table I. Performance is assessed on
one fold after training on the data points from the remaining
folds. This session-independent evaluation process is repeated
5 times, once for each fold. The final performance is evaluated
by mean and standard deviation of the Accuracy, F1-score,
and Area Under the Curve (AUC) for the Receiver Operating
Characteristic (ROC) curve and Precision-Recall curve across
5 folds.

E. Identify pseudosynchrony

A critical aspect of our approach is the determination
of optimal thresholds that avoiding pseudosynchrony being
captured as real synchrony output. We used two approach ML
and SDA and compare their performance of finding threshold
according to ground truth data.

1) ML approach: Utilising the ground truth score as a
reference, classification labels can be established in ML (1
for pseudo synchrony, >1 for actual synchrony) to detect
real synchrony among individuals. Then, the ML model is
trained based on these ground truth labels to predict real and
pseudosynchrony.

2) SDA: Firstly, the pseudo acceleration data is generated
based on the real acceleration data. The method for generating
pseudo data are selected according to the characteristics of
different similarity analyses. Then, for each pair of individuals,
the similarity analyses are applied to both real and pseudo
acceleration signal pairs to calculate the level of interactions
before obtaining real interaction power and pseudo interaction
power. The power where 95% of points in pseudo interaction
power exceed is selected as the cut-off power [59]. Instances
in real interaction power that exceed this 95% cutoff pseudo
power are identified as real coherence. This method establishes
a baseline to avoid random coordination that is identified as
significant.

Generate pseudo data: Time shuffling is one of the methods
used to generate pseudo data, which is suitable for algorithms
like CC, DTW, and ED that are used for finding temporal
patterns. Among the various time shuffling techniques, data
sliding is chosen due to its computational efficiency, which
involves cutting a continuous time series at a random point
and repositioning the segment that follows the cut to the start
of the time series [41]. A cutting point at around 60% of the
data is suggested in the literature [47] and set in our study.

In contrast to CC and DTW, XWA incorporates complex
phase information in the time-frequency domain. So, phase
scrambling technique is introduced to generate the pseudo
data. The real signal is initially transformed into the frequency
domain, then phase information is shuffled randomly, while
the amplitude information remains unchanged. The signal is
subsequently transformed back into the time domain using this
new phase information.

Combining threshold: Since different similarity analyses
are introduced with different ways to generate pseudo data,
combining pseudo powers obtained from different similarity
analyses is only valid for algorithms employing the same
pseudo-data generation methods, e.g. XWT and WCT (both
using phase scrambling). The pseudo powers are combined

by using the weight generated from multiple linear regres-
sion. At each time instance, the pseudo-interaction power for
algorithms that need to be combined is weighted and summed
to obtain a combined pseudo power before the 95% threshold
is found.

F. Generate Visualizations
After the pseudosynchrony is identified, the binary output

could be generated to represent the either the synchrony is
real or not. By using these, we have introduced three key
graphical representations: temporal tiger plots, network plots,
and connected graphs with centrality analysis. The temporal
tiger plots display whether people are interacting among
timelines, aiming to capture the evolution of IS over time.
The interaction matrices are designed to visualise group-level
synchrony structures, displaying the strength of interaction for
each pair on a colour scale. Lastly, the connected graphs with
centrality analysis reveal the relative importance or influence
of each participant within the interaction network, offering
insight into the roles and engagement levels of individuals in
group dynamics.

Four types of centrality mechanisms are used to analyze the
interaction between people in the connected graph: degree,
closeness, betweenness, and Eigenvector centrality. Degree
centrality shows a node’s ability to communicate directly with
other nodes in the network, closeness centrality measures how
near a node is to all others in the network, calculated as the
reciprocal of the mean shortest path distance from that node
to every other node and the betweenness centrality measures
the number of shortest paths that pass through a certain node
[60]. Finally, Eigenvector Centrality measures a proportional
value to the sum of the score of its neighbours. Eigenvector
centrality evaluates a node’s influence by considering not just
its connections but also the importance of its neighbours [61].

V. RESULT

A. Classification of Interaction Levels
We evaluated the effectiveness of different feature sets for

classifying interaction levels using LSOCV strategy. As sum-
marised in Table II, the ensemble bagged tree model trained

TABLE II
PERFORMANCE COMPARISON OF MODEL AND FEATURE SETS

COMBINATIONS TO CLASSIFY INTERACTION LEVELS ACROSS LSOCV.

Model LR + sim EnT + stat EnT + sim
Accuracy 86.3 (± 4.8 ) 85.8 (± 4.0 ) 87.7 (± 3.8 )
Macro F1 63.6 (± 7.7 ) 63.0 (± 7.7 ) 68.0 (± 9.0 )
ROC AUC 0.79 (± 0.08 ) 0.75 (± 0.08 ) 0.82 (± 0.07 )
PR AUC 0.40 (± 0.18 ) 0.40 (± 0.22 ) 0.47 (± 0.22 )

TABLE III
PERFORMANCE OF THE ENSEMBLE TREE MODEL USING SIMILARITY

FEATURES, EVALUATED SEPARATELY ON NT AND ASC GROUPS.

Group NT ASC
Interaction low high low high
Accuracy 84.1 (± 3.5 ) 90.1 (± 1.3 )
Precision 87.5 (± 0.2 ) 68.5 (± 20.4 ) 92.4 (± 1.5 ) 46.3 (± 11.6 )
Recall 90.2 (± 2.2 ) 58.2 (± 9.8 ) 97.0 (± 1.3 ) 27.1 (± 16.9 )
Macro F1 74.2 (± 6.0 ) 63.9 (± 9.0 )
ROC AUC 0.87 (± 0.03 ) 0.78 (± 0.06 )
PR AUC 0.67 (± 0.09 ) 0.33 (± 0.13 )
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TABLE IV

RESULTS OF ML (IN BOLD) AND SDA (NON-BOLD) METHODS FOR DETERMINING THRESHOLDS TO PREDICT REAL SYNCHRONY ON NT DAY 1.

Feature XWT WCT CC DTW ED XWT & WCT All5
Accuracy 70.7 78.2 66.8 80.9 67.7 79.5 67.7 78.2 65.5 81.2 53.5 48.1 78.0 N/A
F1-score 60.9 67.5 57.0 61.6 58.1 69.1 57.6 46.7 53.5 48.1 63.7 65.4 69.8 N/A

Fig. 3. Performance analysis of different threshold methods according to labelled classroom activities as the weak ground truths in a NT session.
(a) displays the timeline of events, (b) shows the number of interaction pairs with R3 using either SDA or ML methods across time.

with similarity features (EnT + sim) achieved the highest
performance across all evaluation metrics, outperforming both
the statistical feature set using the same model ((EnT + stat)
and the logistic regression model using same feature set (LR
+ sim). Further analysis was conducted to examine model
performance across two participant groups using similarity
features and ensemble tree models. Overall performance is
higher in the NT group, with greater Macro F1 (74.2% vs.
63.9%), ROC AUC (0.87 vs. 0.78), and PR AUC (0.67 vs.
0.33). Classwise results highlight some disparity between NT
and ASC group. In the NT group, the model achieves relatively
balanced precision and recall across both interaction levels,
including the minority “high interaction” class (precision:
68.5%, recall: 58.2%). In contrast, performance in the ASC
group is markedly lower for the “high interaction” class (preci-
sion: 46.3%, recall: 27.1%), despite high recall for the majority
“low interaction” class (97.0%). These findings suggest that,
under class imbalance, the model tends to favor the majority
class in the ASC group, leading to reduced sensitivity to the
minority class.

B. Comparison of pseudosynchrony finding methods

By using video coding and weak ground truth data, the
accuracy between the SDA and the ML methods is compared
to find thresholds using a session with neurotypical children.

1) Performance comparison based on evaluation metrics:
The performance of various methods is assessed using real
ground truth with evaluation metrics as illustrated in Table
IV. The ML method unsurprisingly shows that combining
features significantly enhances performance metrics than sin-
gle similarity features. Among the SDA methods, XWT, CC,
and the combination of XWT & WCT exhibit relatively
high performance; the overall F1 scores are competitive with
those of the top-performing ML approach. SDA using fewer
features, in particular XWT, WCT, CC and XWT & WCT
can reach higher performance than the ML approach using the
same features. The advantage of ML approach tend to improve

when more features and data are available for training, while
the SDA are more robust for using single or smaller numbers
of features.

2) Performance comparison based on event codings: Figure
3 (b) depicts the total number of people interacting with a
Researcher detected during this session with Figure 3 (a)
presents the main events. Using the video data, increased phys-
ical synchrony was observed in handshake, parachute games,
running, and dancing activities between the researcher and
others in the classroom. Further validated the results shown
in the evaluation metric, by using a single similarity measure,
the ML method does not distinctly capture the variations of
different synchrony levels in various activities, as the SDA.

If assessed using a combination of XWT and WCT, both
ML and SDA methods achieve a more reasonable prediction
than using a single similarity measure. The ML method shows
clearer differences in synchrony between activities, while the
SDA method successfully captures synchrony in the second
parachute game, which was initially detected by WCT but not
by the rest of the similarity measures, likely due to lower
hand movement intensity compared to other high synchrony
activities.
C. Visualisation Tools

The combination of all five features with the machine
learning model achieved the highest performance, we selected
this method for pseudosynchrony identification and applied it
to generate visualizations for one NT and one ASC session.

1) Tiger Plot: Identify interactions over time: The interaction
plot over time during one of the NT sessions between children
M12 and all the other individuals in the classroom is displayed
in Figure 4. The interactions in this NT session are classified
into real and pseudosynchrony levels, with real interactions
indicated in yellow in the tiger plots shown in Figure 4 (b).
Researchers R3 and R4 lead different activities, which is
evident in the pairwise interaction plot, where M12 and R4
have shown more IS during the Parachute Game, while M12
and R4 have shown more IS during the running and dancing.
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Fig. 4. Visualisation of group pairwise interactions for NT session. (a) Event coding from video. (b) Tiger plots show the interaction patterns of child
M12 with all the other individuals in the classroom (d) Interaction matrix shows the percentage of interaction during the whole session for each pair.

Fig. 5. Visualisation of interactions for an ASC session. (a) Event
coding. (b) Tiger plot showing instances where individual interacts with
other participants. (c) Total number of individuals interacting over time.

A corresponding visualisation for an ASC session is pre-
sented in Figure 5. The tiger plot in (b) represents the overall
interaction of a selected individual, defined as any instance
where the individual engages with another participant. As
shown in (c), a higher number of interactions is observed
during physically engaging activities such as the standing ball
game, whereas fewer interactions occur during more structured
teaching sessions (e.g., drama and writing tasks), where stu-
dents are primarily working independently and interaction is
largely limited to teacher-led communication.

2) Interaction Matrice: Identify pairwise interaction: The per-
centage of time that two individuals spend interacting in a
session can be calculated, representing the proportion of time
predicted as real interactions (yellow area) within Figure 4 (b).
The percentage time of real interaction (PTI) is subsequently
utilized to construct group interaction plots called interaction
matrices, which can clearly show the dynamics of pairwise
interactions during a predefined period of time as shown
in Figure 4 (d). It is clear that all the children (M1-M12)
interact more with children since they play games throughout
the sessions. Researchers R3 and R4 lead different sections
in the after-school club and show medium connections with
various students. R2 and R1 show a relatively low percentage
of interaction with people in the classroom since their main
job is recording, and they are not involved much in the class.
M2 is the least engaged in class, exhibiting low IS with almost

everyone in the classroom.
3) Connected graph and graphic analysis: The Connected

graph is generated with each node representing an individual
and using distances between nodes to indicate the strength of
pairwise PTI as shown in Figure 6. The PTI of less than 0.02
is set to 0. This visualization effectively highlights clusters of
strong interaction patterns (students) and isolated individuals
(R1 and R2). The lower the degree centrality value (e.g. R1-
R4) have fewer direct connections within the network. In
contrast, nodes with higher degrees (e.g. most of student nodes
shown in light yellow) have more direct interactions, reflecting
stronger local connectivity in the network. The higher value
of betweenness (e.g M3) shows a higher presence of nodes
in many high PTI in the network, which indicates that M3
occupies a structurally central position connecting different
parts of the network. Similar pattern is shown in eigenvector
centrality, M3 likely to have a prominent position within the
overall interaction structure in the network as it connects
to other high PTI nodes. In addition, the highest closeness
centrality scores observed for M3 and M12 indicate that they
are, on average, have highest PTI with all others in the
network.

VI. DISCUSSION

In the NT day 1 example, we see that using the combi-
nation of all 5 similarity features considerable improve the
IS classifacation performance compared to single similarity
feature. There is an evident improvement in ML model per-
formance using LSOCV when incorporating similarity features
compared to the baseline LR model and the same model using
simpler statistical features, proving that similarity measures
are useful features for discriminating interaction levels and
combining them would make more benefits. In many real-
world applications, as seen in our study, different facets of
coordination exist in real interactions. Therefore, an integration
of different similarity algorithms will better capture the various
movement coordination patterns in interactions.

We also compared SDA and ML techniques to estab-
lish thresholds that distinguish real synchrony from chance
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Fig. 6. Connected graph with network analysis in an after- school session for NT children using (a) Degree centrality, (b) closeness centrality (c)
betweenness centrality and (d) Eigenvector centrality measures.

synchrony. With clearly labelled data for real and pseudo-
synchrony, ML models can be trained to classify interactions
effectively. ML is particularly useful when extensive ground
truth data are available, offering a data-driven way to automate
the detection of genuine synchrony. Another advantage of the
ML method is its ability to combine any algorithm, unlike
the SDA, which is restricted to combining algorithms using
the same SDA method in this study. Although acquiring sub-
stantial and reliable ground truth data is both challenging and
costly, the accuracy of performance evaluations is expected
to improve as more ground truth data becomes available. In
scenarios with limited or no ground truth, using SDA methods
is a viable strategy for establishing thresholds. Also, it is
a straightforward way to implement, though it takes time
to repeat the generation of pseudo data to establish valid
thresholds. One of the limitations is that the SDA methods
make use of all data points in the original data to establish
thresholds and some of the date points in the original data
will be used for performance estimation. This introduces a
risk of data leakage and could lead to an optimistic bias in
the estimated performance. While transforming the original
data before analysis may mitigate some of this risk, caution is
warranted. It is important to note that the comparison between
SDA and ML presented here is illustrative rather than defini-
tive, and performance rankings should not be overinterpreted.
This study used only a single session as an example; future
work should validate both approaches across multiple inde-
pendent sessions to provide a more robust assessment of their
relative strengths and limitations before drawing definitive
conclusions. Various visualisations have been developed based
on excluding pseudosynchrony. The tiger plot can be used
to monitor how interactions change over time and interaction
matrix are useful for spotting interaction pairs. The network
plot with centrality analysis further identify the key influence
people, and people who are further away in the network. These
visualisation representations are particularly useful for interac-
tion analysis in large groups where it may be challenging for
researchers and educators to discern the level of interactions
visually.

However, the classification performance metrics are gener-
ally low, especially for the autistic group. One contributing
factor is bias in the manually coded video labels used as
ground truth. In this study, video annotations were treated
as ground truth for supervised learning; however, the inter-
rater reliability between coders was moderate (Cohen’s Kappa
values: 0.56–0.61), indicating that these labels should be
considered weak ground truth rather than perfectly reliable

references. Scoring the video data was challenging, even for
trained raters, as the recordings captured a large classroom
environment in which children frequently moved simultane-
ously and often occluded one another. Label uncertainty of this
kind can directly affect both model training and performance
evaluation. When the supervisory labels contain ambiguity
or disagreement, the model may learn patterns that partially
reflect annotation noise rather than true behavioural signals,
which in turn limits the achievable classification performance.
This challenge highlights the difficulty of relying solely on
manual video coding in complex real-world environments
and underscores the value of developing automated sensing
approaches that complement or support human observation. In
addition, the video clips used for annotation were pre-selected
based on similarity measures derived from the same algo-
rithms (e.g., XWT and WCT) that were later used as model
features. While human raters assigned the final labels, this
pre-selection process may introduce a sampling bias toward
interaction segments that are more easily detectable by these
algorithms. As a result, the reported performance may be more
representative of “algorithm-detectable” interaction moments
and may not fully generalise to randomly sampled or more
ambiguous cases. The performance is particularly low for the
classification of low interaction, which is probably due to the
imbalanced nature of the data. Although we have already tried
to select an equal number of high and low interaction points,
as mentioned in Section IV, such imbalance reflects the real-
world scenario, where interactions among autistic children are
less frequent. Also, the overall sample size of the dataset are
relatively small. Future investigations should consider adding
more samples and more high interaction data points, although
this process is labour-intensive and time-intensive. This would
benifit model training and provide more robust evaluation of
interaction prediction.

Thirdly, the evaluation of our session-independent cross-
validation shows a relatively large difference between folds,
and the performance for ASC groups is much lower than for
NT groups. One factor contributing to this disparity relates
to the greater heterogeneity of motor behaviour observed in
autistic children. During the drama sessions, many early-
year ASC participants frequently engaged in solitary actions
involving large or idiosyncratic movements rather than coordi-
nated or reciprocal interactions with peers. Such behavioural
variability may reduce the consistency of movement patterns
associated with interpersonal motor coordination, which the
automated approach relies on for detection. In contrast, motor
actions among NT children and older ASC participants were
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often more synchronized and socially oriented, which can
produce more stable movement signatures that are easier
for the algorithm to detect. Previous studies have similarly
reported delays and variability in both gross and fine mo-
tor development in autistic children [62], [63], as well as
atypical interpersonal movement coordination [9]. Another
contributing factor is that younger autistic children are more
likely to remove or manipulate wrist-worn devices and may
play with wristbands more frequently [64]. These behaviours
create challenges not only for data collection but also for
data analysis. Interactions with the devices may introduce
additional noise into the accelerometer signals and reduce
the consistency of the recorded motion data, which may
further affect model performance. In addition to behavioural
differences, a key limitation of this study lies in the differences
in data collection contexts between ASC and NT groups. The
two groups were recorded under different activity settings
and facilitation styles, which may influence movement dy-
namics and synchrony structure. Specifically, ASC data were
collected during drama-based classroom activities, whereas
NT data were collected during structured after-school games
led by different facilitators and in different environments.
These variations introduce a potential confound, as inter-
personal synchrony measures are sensitive to task structure,
interaction dynamics, and facilitation style. As a result, the
observed differences in model performance between groups
may reflect contextual and activity-related factors rather than
purely in intrinsic differences associated with autism. This
limits the interpretability of direct ASC–NT comparisons and
reduces the extent to which conclusions can be attributed to
group characteristics alone. Future work should aim to collect
data under more controlled and comparable conditions across
groups, or to include larger datasets that enable robust within-
context validation. This would allow clearer disentanglement
of activity effects from group-specific interaction patterns.
In addition, we collected data from both accelerometers and
gyroscopes and examined the correlation between video-coded
motor scores and the similarity measures derived from both the
acceleration and angular velocity magnitudes. While we found
that the acceleration magnitude is a more efficient indicator,
three-axis acceleration data could be leveraged as additional
features to assess whether it would help with the accuracy.

Despite these limitations, this paper presents a step-by-step
framework for studying IS for human interactions, from data
collection to signal processing and visualization. Our findings
demonstrate that using wearable sensors, automated coding
methods, and visualization tools offers a promising approach
to quantifying IS between groups of people, including autistic
and non-autistic children. Wearable sensors present several
advantages over traditional methods, such as video analysis,
including cost-effectiveness and enhanced privacy. They are
also highly suitable for real-world data collection, as they
do not suffer from the line-of-sight issues that can arise
with cameras. Therefore, wearable sensors are recognized for
their excellent ecological validity and are widely accepted
in almost any context. Automated coding methods, utilising
different similarity measures and ML, can effectively capture
the synchrony between individuals.

Automated coding methods can more efficiently and ob-
jectively analyse larger datasets, potentially enabling the dis-
covery of subtle patterns of synchrony that might be missed
by human observers. The visualization tools developed in
this study provide clear visual representations of interaction
dynamics at specific intervals and simplify the display of
complex social relationships within large groups.

Our approach establishes a robust way to track and under-
stand social interactions among groups. The detailed visual-
ization figures can assist researchers and educators in iden-
tifying specific activities that promote group synchrony and
understanding the interaction between different individuals.
These insights can be particularly valuable in developing tar-
geted strategies to enhance social interaction and collaborative
learning within educational settings, especially beneficial for
children with autism, where tailored interventions can lead
to significant improvements in social integration and learning
outcomes. This approach could be easily adapted to study IS
across larger groups and contexts. Although our validation
was limited to small cohorts of children and adults, there is
potential for broader interdisciplinary applications, including
activities with multiple people in the same space.

We have made the code for the tools in this study publicly
available in Github1 and the synchronized data available in
OFS2, providing researchers with accessible resources to adapt
to their unique systems and study requirements easily.

VII. CONCLUSION

This paper presents a comprehensive framework for quan-
tifying IS as an indicator of social interactions among diverse
groups, evaluated using data collected from autistic and non-
autistic children in an educational context. By extracting
multiple time-series similarity measures and using them as
features in machine learning models, we demonstrate the
feasibility of quantifying motor synchronization from wearable
sensor data. Within the scope of the present dataset, similarity-
based features consistently outperformed baseline models and
simpler statistical features in predicting interaction levels,
and combining multiple similarity measures further improved
performance. We further compared traditional SDA method
with ML-based approach for identifying pseudosynchrony,
which is a critical step prior to generating interpretable vi-
sualizations. Multiple forms of visualization are developed,
which efficiently show the interaction dynamics at specific in-
tervals and simplify the display of complex social relationships
within large groups. Overall, the results validate the proposed
framework as a scalable and automated pipeline for studying
IS using wearable sensors, time-series similarity measures,
and visualization tools. While the findings are based on a
limited number of participants and sessions, the framework
provides a reproducible methodology and practical guidelines
for researchers investigating social interaction dynamics in
comparable settings. Future work with larger and more diverse
datasets will be essential to further assess generalisability and
to explore broader applications of the approach.

1https://github.com/khorinaj/SocSensor-Interpersonal-Synchrony-Analysis
2https://osf.io/498up

https://github.com/khorinaj/SocSensor-Interpersonal-Synchrony-Analysis
https://osf.io/498up/?view_only=f57a9915ce86429d885e901db98fae13
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