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Abstract: Children with autism face challenges in various skills (e.g., communication and social) and
they exhibit challenging behaviours. These challenging behaviours represent a challenge to their
families, therapists, and caregivers, especially during therapy sessions. In this study, we have investi-
gated several machine learning techniques and data modalities acquired using wearable sensors from
children with autism during their interactions with social robots and toys in their potential to detect
challenging behaviours. Each child wore a wearable device that collected data. Video annotations of
the sessions were used to identify the occurrence of challenging behaviours. Extracted time features
(i.e., mean, standard deviation, min, and max) in conjunction with four machine learning techniques
were considered to detect challenging behaviors. The heart rate variability (HRV) changes have
also been investigated in this study. The XGBoost algorithm has achieved the best performance
(i.e., an accuracy of 99%). Additionally, physiological features outperformed the kinetic ones, with
the heart rate being the main contributing feature in the prediction performance. One HRV parameter
(i.e., RMSSD) was found to correlate with the occurrence of challenging behaviours. This work
highlights the importance of developing the tools and methods to detect challenging behaviors
among children with autism during aided sessions with social robots.
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1. Introduction

Autism Spectrum Disorder (ASD) is a developmental and neurological disorder that
causes impairments characterised by difficulties in social communication and restricted
behaviours [1]. Children with ASD exhibit challenging behaviours frequently at varying
intensities and in different forms, such as meltdowns, tantrums, property destruction,
and aggression [2—4]. The prevalence rate of challenging behaviours and aggression among
children with ASD is high [5-7]. It is reported by the Autism Society of Minnesota that
one in every 68 people have ASD [8]. Individuals with ASD exhibit recurrent challenging
behaviours, and these constitute a source of concern for parents and caregivers due to their
sudden occurrences. Challenging behaviours vary in frequency, intensity, duration, and
may put the child or others in an unsafe situation. These behaviours may appear in many
forms, which include [9]:

*  Withdrawal: The child may zone out, gaze into space, or performs repetitive actions.
*  Outward distress: This includes crying in an uncontrolled manner, stomping, scream-
ing, or curling up into a ball.
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¢  Physical and verbal aggression: Destruction of surrounding objects, outbursts, and
self-damaging. These aggressive behaviours include scratching their faces or hands
and pulling their own hair, as well as with skin pinching.

Many children with autism experience distress prior to meltdown. This period that
precedes the meltdown is called the rumble stage [10,11]. Specific behaviours, such as
challenging behaviours, appear at this stage just before a meltdown. These lead to actions
such as head banging (e.g., against an object or using their hands), hand flapping, kicking,
throwing objects, hand biting, screams, and others [5,12]. Being frustrated and the pres-
ence of new stimuli are some of the contributing factors that increase the occurrence of
challenging behaviours [13].

Early intervention can help in managing challenging behaviours [14,15]. The advances
in technology are being integrated in the screening of ASD and in therapy sessions to
improve the outcomes [16,17]. Social robots are examples of adopted technologies in
therapy that have reported positive outcomes (e.g., improved communication, motor,
and social skills) among children with autism [18-20].

A social robot represents a new stimulus into a child’s environment that might trigger
an unwanted behaviour. Hence, investigating the perception of a social robot is essen-
tial [21,22]. The occurrence of aggression toward social robots was reported during interac-
tion sessions [23,24]. Potential harm could occur due to the manifestation of challenging
behaviours, for example, due to the throwing of a social robot [25]. Improved safer designs
and hardware optimisations approaches are needed to mitigate any potential harms [26-28].
Furthermore, solutions based on machine learning techniques, especially personalised, are
needed to anticipate such behaviours and to provide reactions through a therapist or the
companion social robots [9,29-32].

Physiological changes of the human body can provide indicators about health and
the current emotional state using wearable devices and machine learning techniques.
A previous study found that challenging behaviours are influenced by the physiological
arousal of children with autism [33]. Another study reported a difference in the heart rate
between adults with ASD and normal adults during public speaking [34]. Research that
detects challenging behaviours among children with autism during interactions with social
robots is still limited [9,35,36].

To notify parents or caregivers to the occurrence of these behaviours, the vital signs
and physiological changes should be investigated accordingly to assist in the detection of
challenging behaviours. One approach is to measure the child’s vital signs using wearable
sensors while leveraging machine learning and deep learning algorithms to construct an
accurate detection model. In this study, we conduct experiments using data acquired from
five children with ASD and machine learning techniques to detect challenging behaviours
during interaction sessions with toys and social robots. The contributions of this work are
summarised as follows:

1.  Integration of machine learning techniques and wearable sensors to detect challeng-
ing behaviours.

2. Evaluation of physiological and kinetic features in identifying challenging behaviors.

3. Analysis on the HR and HRV roles in supporting the detection.

This paper is organised as follows. Section 2 presents the background. Section 3
describes the methods used. Section 4 presents the results, while Section 5 provides the
discussion. Section 6 concludes the study.

2. Background

Prior studies investigated the possibility of integrating wearable sensors and machine
learning techniques to interpret the physiological and kinematic properties of the human
body to predict or detect specific affective patterns of emotions or behaviours [37-40].
The considered modalities and detection objectives using wearables and machine learning
techniques in autism research have varied. Some of the sensors and modalities considered
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were photoplethysmogram, electrodermal activity or the galvanic skin response, heart
rate, temperature, acceleration, and skin conductance level. There is a growing interest in
incorporating wearable sensors in autism therapy. For example, Fazana et al. presented a
framework that incorporates a set of existing programs for augmentative and alternative
communication with wearable sensors to improve the communication skills, enhance
behaviours, and promote health monitoring of children with autism [41].

Goodwin et al. [42] investigated the detection of stereotypical motor movements
in children with autism using three-axis accelerometers worn on different parts of the
body (i.e., wrists and torso). The data were collected from six individuals with autism.
The recognition performance of the two employed classifiers (i.e., decision tree and support
vector machines) achieved accuracies ranging from 81.2% to 99.1%. Rad et al. [43] used
the same datasets to implement a convolutional neural network and long short-term
memory algorithms. Their results demonstrated that applying deep learning techniques on
the acceleration data would improve the detection of stereotypical motor movements in
real-time conditions. Another work also used accelerometer data to classify challenging
behaviors based on simulated behaviours by a specialist [44]. When tested on a child with
autism, their best machine learning model achieved an accuracy of 69.7%. Another study
explored techniques to detect common motor movements for children diagnosed with
autism [45]. The study investigated the impact of these motor movements on learning and
social interactions using deep learning approaches.

Pollreisz et al. [46] established an emotion recognition system using an Empatica E4
watch to collect electrodermal activity, heart rate, and temperature values from ten young
adults. The reported success rate for emotion recognition was 65% using a decision tree
algorithm. Another study investigated the different emotions encountered throughout
meltdowns to develop an emotion recognition system using machine learning methods [47].
The study concluded that the random forest performed the best (91.27%) when feature
selection techniques were employed. Heart rate variability parameters were also consid-
ered (Table 1). Lee et al. [48] measured both the heart rate variability and galvanic skin
response to identify emotions using neural networks. They analyzed the data collected
from participants in the frequency and time domains. They found that changes in some
of the HRV parameters (i.e., RMSSD and SDNN) might lead to elevated activity in the
sympathetic nervous system, which could be interpreted as a sign of fear. Their reported
accuracy of the best trained model was 80.2%.

Table 1. Some of the common heart rate variability (HRV) parameters that were previously considered
in autism research [49].

Parameters Units Domain Description

RMSSD ms Time Square root of the mean squared differences be-
tween successive RR intervals

SDNN ms Time Standard deviation of NN intervals

LF Hz Frequency Peak in low frequency range (0.04 to 0.15 Hz)

HF Hz Frequency Peak in high frequency range (0.15 to 0.4 Hz)

Yap et al. [50] investigated the impact of listening to music on the heart rate and
anxiety levels of children with autism to identify which music genre could calm the
children. They devised a mobile application that was connected wirelessly to a pulse sensor
to measure the heart rate. The goal of their application was to improve communication
and learning skills, support emotion regulation, and monitor the heart rate while listening
to music. Lydon et al. [51] focused on investigating the correlation between the heart
rate and challenging behaviours experienced by children with autism. They analyzed the
heart rate data before, during, and after the instances of challenging behaviours in three
children with ASD. They found that such behaviours might increase arousal for some
children with autism. The prediction of challenging behaviours has also been proposed by
J. Nuske et al. [52]. They investigated the possibility of applying the heart rate to predict
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such behaviours in children with autism based on the statistical analysis for the acquired
data. Forty-one children diagnosed with autism were recruited in their experiments.
The participants wore an electrocardiograph monitor and low-level stress was stimulated.
Considering the intrusive nature of the device and to avoid pulling the ECG electrodes,
vests with pockets were used to house the device while placing the electrodes on the backs
of the children. Their results demonstrated that heart rate changes could be an early sign
for the occurrence of challenging behaviours.

3. Materials and Methods
3.1. Participants

Five male children with autism, with ages ranging between 7 and 10 years old, par-
ticipated in this study. The participants attended a local centre for special needs in Doha,
Qatar. Parental consent was obtained by the centre. The sessions were conducted with
each child individually with the supervision and assistance of a teacher or their caregiver.
The procedures for this work did not include invasive or potentially hazardous meth-
ods and were in accordance with the Code of Ethics of the World Medical Association
(Declaration of Helsinki).

3.2. Stimuli

Social robots and regular children’s toys were used as stimuli in this study. The social
robots were the humanoid Nao robot (SoftBank Robotics, Tokyo, Japan) and a white furred
robotic seal (PARP robots, Itasca, IL, United States). These social robots are shown in
(Figure 1b). The toys consisted of a squishy green rubber ball, multi-colour train, brass
cymbals, and wooden letter blocks that are placed on a toy truck. Further details regarding
the stimuli used can be found in [23].
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Figure 1. An overview of the adopted methodology in this study. (a) The Empatica E4 wearable
device. (b) One of the children interacting with the social robots (see https://youtu.be/sGNsIV2Yuks
(accessed on 20 March 2023)). (c) A sample of the acquired data using the wearable device.

3.3. Wearable Device

A wristband wearable sensor (Empatica E4, Milano, Italy) was used to obtain the data
readings from the children during the experiments (Figure 1a). The E4 wearable sensor
contains a real-time clock and it is capable of recording physiological data signals to an
internal memory (Figure 1c). The physiological signals considered are as follows:

1. Acceleration (ACC): measures wrist’s motion changes in terms of the acceleration
changes in the X, y, and z directions.

2. Electrodermal Activity (EDA): determines the change in skin conductance and the
skin’s electrical properties.

3.  Temperature (TEMP): determines the temperature of the skin.
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4.  Heart Rate (HR): the number of beats per minute.
5. Blood Volume Pulse (BVP): determines the changes in the blood volume.

3.4. Algorithms

The considered supervised machine learning algorithms were as follows:

1. Support-Vector Machine (SVM): non-probabilistic binary linear supervised learning
model that can solve and classify both linear and non-linear problems.

2. Multilayer Perceptron (MLP): learning technique inspired by the biological brain that
consists of layers of artificial neurons that can learn from data.

3. Decision Tree (DT): an algorithm that predicts the output by moving through the
different discrete decision options that are represented in a tree-like structure until a
conclusion is reached.

4.  Extreme Gradient Boosting (XGBoost): an ensemble supervised machine learning
technique which utilises regularised gradient boosted decision trees to improve the
performance and classification speed.

3.5. Procedures
3.5.1. Annotation

Manual annotation was carried out for each of the five children’s behaviours. This
was conducted with the help of a free annotation software (BORIS, v. 7.10.2, Torino, Italy).
The behaviours were annotated as either ‘Challenging” or ‘Non-challenging’. A challenging
behaviour is considered to be any action that is interfering, repetitive, stimming, and might
inflict harm on oneself or others. Challenging behaviours also included head banging, arm
flapping, ear pulling, kicking, and scratching. The total number of challenging behaviour
instances in all the sessions was 17. The respective percentage of challenging behaviours in
each session was in the range of 1.74% to 18.21%.

3.5.2. Data Preprocessing

To ensure consistency, the data acquired from the wearable device were preprocessed
and the sampling frequency of every acquired data signal was set to 64 Hz. This is crucial
since the different sensors obtain data at different sampling rates. The preprocessing
stage included the outliers’ removal and resampling the training data to ensure that the
classes are equally balanced. A portion equal to thirty percent of the original dataset was
used as the unseen testing set. The initial experiments with the dataset indicated that the
extracted features produced a better performance as compared to the raw features alone.
For this reason, only the time-domain extracted features (i.e., mean, standard deviation,
min, and max) were considered throughout this study.

4. Results
4.1. Machine Learning Models

Four machine learning algorithms were examined based on the evaluation metrics
and prediction speed (Table 2). In the results, challenging behaviors were considered to be
the positive class. The models were developed using Python libraries (i.e., Sklearn [53] and
XGBoost [54]). The depth of the DT algorithm was set to dynamic and the Gini function was
used for the splitting criteria. SVM used a radial basis function kernal with a regularisation
parameter of 0.1, and a gamma parameter was set to the scale. As for the MLP, it contained
one hidden layer that consisted of 100 neurons with weights adjusted using a stochastic
gradient descent at a 0.0001 L2 regularisation. The XGBoost was trained with the logistic
objective and a max depth of 6, with a aplha equal to 1, learning rate of 0.3, and 100 estimators.
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Table 2. The evaluation metric scores for the four algorithms and their test times (in seconds) needed

to evaluate the test samples.

Precision Recall F1-Score Accuracy Testing Time (s)
XGBoost 0.88 0.99 0.93 0.99 0.24
MLP 0.67 0.98 0.80 0.97 0.36
SVM 0.24 0.91 0.38 0.85 248
DT 0.87 0.92 0.89 0.98 0.29

XGBoost showed a better overall performance compared to other classifiers in terms of
precision (0.88), recall (0.99), F1-Score (0.93), and accuracy (0.99). Additionally, it achieved
the fastest time (i.e., 0.24 s) to predict the test samples. The second best performing
algorithm was DT followed by MLP. SVM achieved the lowest performance and took the
longest time to predict the test samples, which was around 2.5 s. Due to its performance,
the XGBoost has been considered in the upcoming experiments.

4.2. Feature Effects

To measure the contribution of each sensor to the prediction performance, sensor
features were added gradually to the overall feature vector and the results were compared
for the individualised models and combined model (Table 3). With the ACC alone, the per-
sonalized models performed poorly in all five participants and so their combined model.
Set 2 considered the effect of adding the HR sensor reading to the feature vector that has
led to a large increase in performance for all participants individually and their combined
model. As for Set 3, adding BVP had little effect on all the models. Adding TEMP improved
the performance of the individual personalised models and their combined model slightly.
Finally, adding EDA in Set 5 has led to a further increase in the overall performance for
most of the models.

Table 3. A summary of the results showing the precision, recall, and F1 scores for the experiments
considering the impact of adding each feature to the feature set for the personalised models of each
participant and their combined generalised model.

Set 1 2 3 4 5
Feature ACC Set1+ HR Set 2 + BVP Set 3 + TEMP Set4 + EDA
Metric Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

Child1 035 0.87 050 0.63 1 078 062 1 077 079 097 0.87 079 097 0.87
Child2 053 0.89 067 072 1 0.84 071 097 082 077 099 086 092 1 0.96
Child3 051 075 061 0.69 090 078 0.69 0.89 0.78 0.96 099 097 096 099 0.98
Child4 037 072 049 075 098 085 075 098 0.85 1 098 099 1 098 0.99
Child5 026 0.64 037 043 091 058 058 097 073 054 1 070 057 1 0.73
All 036 066 046 0.62 086 072 0.63 0.86 0.72 0.82 098 0.89 0.88 0.99 0.93

4.3. Kinetic vs. Physiological

To understand which category of features are most significant, the kinetic, physio-
logical, and a combination of the two were investigated. The evaluation metrics results
for the two categories and their combined features are depicted in Figure 2. The results
demonstrated that kinetic features alone performed poorly with respect to the physiological
and combined features. The physiological features were found to perform similarly to the
combined features. In spite of this, the overall best performance comes from using the
combined features.

To further investigate how each individual feature contributes to the performance
of the machine learning model, the importance of each individual feature with respect
to the F-score were plotted using the built-in XGBoost tool [54]. The individual plots for
each participant revealed a discrepancy between the importance of each features (Figure 3).
However, HR appears to be the most important factor for the majority of the participants,
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followed by either EDA or TEMP. The combined plot for the generalised model revealed
that the most important feature was HR then followed by EDA, TEMP, ACC, and BVP

(Figure 4).
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Figure 2. The evaluation metrics results for the three categories using the best performing algorithm
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Figure 4. The contributing features on the performance of the best prediction algorithm (i.e., XGBoost)
for the combined model.

4.4. HRV and Challenging Behaviours

To further investigate the importance of heart rate parameters, the heart rate variability
(HRV) based on calculating the RMSSD was considered. The RMSSD was derived from
the interbeat interval signal of the wearable device using a sampling frequency of 64 Hz.
The HRV changes for one of the children during different states were investigated (Figure 5).
The HRV values appear to be highest during a rest state while the lowest during the
occurrence of a challenging behaviour (Figure 5c).

(a) 8:57:41  (Stimulatingstate) (b) 8:58:30 (Rest state) (C) 9:00:49 (Challengingstate)
g . T [ : : T

HRV

8:57:00 8:57:30 8:58:00 8:58:30 8:59:00 8:59:30 9:00:00 9:00:30 9:01:00

Figure 5. The changes in the HRV (i.e., RMSSD) corresponding to different states. (a) The child is
overwhelmed and stimulated by the bubble gun toy. (b) The child is in a rest state. (c) The child
experiences a challenging behaviour.

A machine learning model was trained that contained an additional feature, called
HRV. The results demonstrated that the importance of HRV for a child that exhibited
more challenging behaviours (Figure 6a) is higher compared to a child that exhibited less
instances of challenging behaviours (Figure 6b). Furthermore, the contribution of HRV
outweighed that of HR in the child exhibiting challenging behaviours and vice versa in
the child experiencing less challenging behaviours. Hence, the detection of challenging
behaviours appears to depend on the changes in HRV.
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Figure 6. The importance of HRV in the performance of the machine learning model (i.e., XGBoost).
(a) Represents the feature importance for one of the participants whose challenging behaviours were
more frequent and intense. (b) The feature importance for another participant who displayed less
challenging behaviours.

5. Discussion

To properly understand the occurrence of challenging behaviour, it is vital to analyze
the interactions of the participants throughout their sessions. The children displayed differ-
ent levels of engagement with the presented stimuli. The participants showed fascination
in the colourful train that produced bubbles, which encouraged their engagement. The fas-
cination and interaction came in various forms that included both facial expressions and
physical movements. Most of the participants did not prefer the white robotic seal, which
could be due to its animal-like appearance. Hence, that might have led to participants
exhibiting challenging behaviours. Furthermore, the robotic humanoid caused confusion
and curiosity as some of the sudden movements produced by it have led to negative
reactions by some of the participants.

In this paper, we investigated the detection of challenging behaviours among children
with autism using wearable sensors to acquire data and machine learning techniques.
While there are many machine learning approaches, not all are suitable to be considered
in such an application. In addition to the prediction accuracy, a system must also make
predictions fast enough for the timely intervention. In our evaluations, the XGBoost
algorithm fulfilled these two criteria. This promising performance and robustness of
XGBoost could be attributed to its ability in recognizing intricate data patterns, identifying
subtle physiological changes, dealing with outliers, handling overfitting, and supporting
parallel processing.

The findings demonstrated that the heart rate (HR) was the most significant contribut-
ing feature on the performance of the classifying model for almost all the participants. Our
interpretation is that challenging behaviours are usually accompanied by higher stress
levels, which lead to an increase in the HR above the baseline [55]. Studying the contribu-
tions of both kinetic and physiological features in behavioural classification helped us to
better understand the nature of challenging behaviours. More precisely, it was observed
that most challenging behaviours tend to involve some sort of specific hand movements.
And these hand movements were distinguished from regular hand motions through the
accelerometer. Considering HR along with other modalities can offer a valuable decision
support during moment-to-moment treatment planning for individuals with autism.

Another experiment was conducted to elucidate the relationship between the heart
rate variability (HRV) and challenging behaviours. We found that HRV decreased during
stress and stimulating episodes and increased during rest states. With the exception of
one participant, the HRV analysis for the participants demonstrated a strong correlation
between the fluctuations of HRV and the occurrence of challenging behaviours. A possible
explanation for these disparate findings is that children with autism may not have a
stable system for regulating emotions [52]. The children initially interacted with the social
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robots with fear at different levels and intensities. This variation in emotions has led to
distinct representations of the HRV signal. Hence, HRV can be used as an indicator for the
occurrence of challenging behaviours when it is associated with high reactive interactions
in children with autism. Nonetheless, further research is required on a larger number of
participants to outline the psychological and physiological changes during the exhibition
of challenging behaviours.

Employing wearable sensors allows for lower costs, non-invasive, and less restraining
methods in tracking motor movements and physiological stress for children with autism.
Based on the findings, it is promising to derive HRV parameters from the wearable sensors
to acquire extra information. Dedicated warning techniques that are activated due to an
increase in challenging behaviour episodes would provide a valuable support for children
with autism. The benefits of such systems are magnified for nonverbal individuals who
have restricted means to express their stress to their parents or caregivers [56]. Hence,
parents or caregivers, or even a social robot could intervene early to remove the stimuli
causing that challenging behaviour [9].

One of the main limitations in this study was the low frequency of the observed
challenging behaviours compared to non-challenging ones. While resampling techniques
to balance the challenging and non-challenging behaviours can be used during the train-
ing phase, collecting more data that contain more instances of challenging behaviours is
essential to capture the full spectrum of such behaviours. The differences due to gender
was not investigated in this study. Future work will explore ways to collect more data,
including, but not limited to a longer observation period and larger and more diverse
participants’ pool. Another limitation was that data collection was restricted to utilizing a
wrist wearable device within controlled environmental conditions. Children with autism
might not tolerate the wrist wearable device. Hence, they might attempt to remove it,
throw it, or even hurt themselves with it (e.g., in head banging). Future work should
investigate different body locations that are less intrusive to place one or multiple wearable
devices that can recognize different patterns of behaviours at the same time. Additionally,
acquiring data should be conducted under less controlled conditions that are closer to their
daily living scenarios to generalize the observed challenging behaviours in children with
autism throughout the day.

6. Conclusions

The advances in technology can be exploited to help target challenging behaviours
among children with ASD. The combination of wearable sensors to detect behaviours
and social robots to respond have a great impact on the outcomes of therapy sessions.
In this study, we have conducted several investigations using wearable sensors and ma-
chine learning techniques to detect challenging behaviours among children with autism.
The wearable sensors acquired different physiological and kinetics signals from five chil-
dren. Annotated video sessions and time-extracted features were considered to evaluate
the detection models. Four machine learning techniques were evaluated and the best,
based on XGBoost, was considered in further tests. Of all the evaluated machine learning
modes, the XGBoost showed better precision (0.88), recall (0.99), F1-Score (0.93), accuracy
(0.99), and achieved the lowest (i.e., best) time (i.e., 0.24 s) in predicting the test samples.
Features tests were conducted to evaluate the effects of adding each feature to the existing
pool of features. In terms of feature importance, heart rate (i.e., importance score = 405),
followed by electrodermal activity (i.e., importance score = 265), and temperature (i.e.,
importance score = 238) were found to be the most affecting features on the performance of
the prediction model. Testing the categories of features revealed that physiological-based
features provided more useful information to the machine learning model as compared to
kinetic features, hence, improving its performance considerably. The heart rate variability
changes based on the RMSSD parameter was also derived and investigated. This parameter
was found to correlate with challenging behaviours and to be a major contributor to the
prediction performance.
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The outcomes of this work pave the way toward the development of methods and
tools based on machine learning techniques and wearables technologies that can be used to
detect challenging behaviours and be integrated into social robot-aided sessions.
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