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Abstract
The number of autism spectrum disorder individuals is dramatically increasing. For them, it is difficult to get an early diagnosis
or to intervene for preventing challenging behaviors, which may be the cause of social isolation and economic loss for all their
family. This SLR aims at understanding and summarizing the current research work on this topic and analyze the limitations
and open challenges to address future work.We consider papers published between 2015 and the beginning of 2021. The initial
selection included about 2140 papers. 11 of them respected our selection criteria. The papers have been analyzed by mainly
considering: (1) the kind of action taken on the autistic individual, (2) the considered wearables, (3) the machine learning
approaches, and (4) the evaluation strategies. Results revealed that the topic is very relevant, but there are many limitations in
the considered studies, such as reduced number of participants, absence of datasets and experimentation in real contexts, need
for considering privacy issues, and the adoption of appropriate validation approaches. The issues highlighted in this analysis
may be useful for improving machine learning techniques and highlighting areas of interest in which experimenting with the
use of different noninvasive sensors.
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Introduction

Autism spectrum disorder (ASD) is a neurodevelopmental
disturb characterized by social communication deficits, dif-
ficulty in speech, and repetitive and unusual sensory’motor
behaviors [27]. The term “spectrum” indicates that there
exists a different level of severity. Generally, all ASD individ-
uals, including the less severe, need support during their life.
The number of ASD individuals is dramatically increasing:
in 2018, 1 in 59 children received an ASD diagnosis in the
United States. On four autistic individuals, three are males.
Most of them received the diagnosis after 4 years, although it
can be detected as early as two years. Some ASD individuals
are diagnosed later, whether they are [3]. It is estimated that
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10–33% of autistic adults have an intellectual disability and
require continuous support [5].

One of the problems of the ASD population is the hyper-
hypo sensitiveness to sensory stimuli, such as bright lights or
noisy sounds [1]. As an example, they rarely tolerate crowded
places, due to the alteration in information processing that
compromises their cognitive and social responses. All the
family suffers from this lifelong problem. In addition, an
autistic individual becomes a frightening cost for his family
for the care he needs and the lost earning of the caregivers
that often cannot work at all.

At the present, the ASD cause is unknown. ASD indi-
viduals cannot be cured, and they will be ASD for all their
life, but when early detected (from 6months to 3 years) many
deficits may be reduced, and communication and social skills
may be improved. The control of repetitive behavior may be
enhanced too.

Nowadays, wearables and mobile technologies are both
economically accessible and provided adequate process-
ing power and memory to support screening activities and
improve the ASD individual life, together with the care-
givers’ one. Many research works are based on the use of
videos in detecting or monitoring ASD people, but when
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examining the accuracy of these systems, many false pos-
itives have been detected. They are caused by noise or
a limited view, or by caregiver interferences [12]. Sys-
tems based on data acquired through wearables, such as
accelerometers or biometric sensors, can overcome the lim-
itations of nonwearable devices and obtain results with
appropriate accuracy. They are a better solution when ASD
individuals move in unstructured spaces, such as at school or
home [46].

In recent years, the efficacy of Machine Learning in pre-
dicting/monitoring different types of diseases in the medical
[22,39] and clinical psychology domain or in performing sen-
sor data classification [11] has been largely demonstrated in
the literature and in the practical clinical [24]. The com-
bination of wearables and Machine Learning techniques
may be useful to detect particular patterns of movements
or physiological signals of ASD individuals too complex to
be recognized/assessed by traditional clinical methods [8],
which are very expensive and time-consuming.

This paper proposes a systematic literature review (SLR)
on the combined use of machine learning techniques and
wearable sensors for detection–intervention onASD individ-
uals. Due to the rapid technological evolution, we consider
papers published between 2015 and February 2021. The aim
of the paper is twofold:

• understanding and summarizing the current research
work related to the adoption of Machine Learning and
wearable for supporting ASD detection and interven-
tions;

• analyzing the limitations and open challenges to address
future work.

More specifically, we aim at investigating (1) the types of
actions conducted on ASD individuals by machine learning
and wearables, (2) the types of wearable adopted in previous
work, (3) the types ofMachineLearning techniques exploited
by researchers, and (4) the adopted evaluation approaches.
These objectives are expressed in detail by the research ques-
tions reported in Table 1.

Related work

The use of wearable technology to support autism screen-
ing and intervention has been largely investigated. Previous
research works have been devoted to the analysis of the lit-
erature. In particular, the SLR conducted in [21] considered
research papers on wearable and mobile technologies from
2000 to 2017. Many other papers are available until January
2021. They initially identified 4722 papers, and only 83 of
them passed the selection. Besides, the authors did not give
specific attention to ML techniques.

Hosseinzade et al. [16] focused their attention on IoT
devices and ML techniques to support ASD diagnosis. The
papers ranged from 2014 to the beginning of 2020. Unlike
them, we consider both screening and intervention and con-
duct a deeper analysis by examining other factors, such as
the target of the intervention (e.g., children, adults, and care-
givers), the datasets, and the assessment of the Machine
Learning techniques. They examined 28 research studies,
some of them concerning the use of mobile devices or toys
for collecting data.

Williams and Gilbert [44] performed an SLR focusing on
the support offered by wearable for supporting autonomy
and self-determination in autistic people. The paper range
is 2010–2018 and the SLR is not specifically focused on
Machine Learning techniques.

Hyde et al. [17] conducted a review by considering 45
studies adopting supervised machine learning in ASD.

In this paper, we consider both wearables and Machine
Learning adopted in diagnosis and intervention on ASD
people in a more recent period (2015–beginning 2021) and
focus on different aspects, such as the kind of end-users, the
machine learning algorithms, and their validation and evalu-
ation techniques.

Contribution

The contribution of this SLRmay be summarized as follows:

• We select a set of 11 studies that adopted wearables and
Machine Learning techniques to conduct actions to sup-
port ASD individuals. These studies may be considered
for extending the knowledge on this subject.

• We analyze the identified research works w.r.t. (1) the
considered wearables, (2) the adoptedMachine Learning
techniques, and (3) the validation and performance of the
ML models.

This work is structured as follows: the section “Methodol-
ogy” presents the methodology adopted to conduct the SLR,
while the section “Results” reports our findings. The section
“Discussion and implication” discusses the obtained results
and the section “Threat to validity” highlights the threats
to validity. Finally, the section “Conclusion” concludes the
paper with final remarks.

Methodology

As first step, we identified the paper goal, defined using the
Goal-Question-Metric approach (GQM) [41]:

Characterize and evaluate (Purpose) the primary domains
of inquiry and inquiry gaps (Issue) inwearables andMachine
Learning technology research applied to ASD detection and
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Table 1 Research questions
investigated by our systematic
literature review

Research question Motivation

RQ1—action RQ1: Which kind of action can be
currently performed on ASD patients by using
machine learning techniques with the support of
IoT Healthcare

To explore the current state-of-the-art of autism
intervention using machine learning and IoT
Healthcare

RQ2—autistic traits RQ2: What Type of autistic
traits and problems does the action refer to?

To explore the current state-of-art autistic traits
considered in the action

RQ3—wearable device RQ3: Which kind of
IoT/wearable devices have been adopted?

To explore the current state-of-the-art of
IoT/wearable devices for support intervention in
autism

RQ4—machine learning approaches RQ4: What
machine learning algorithms have been used to
support intervention?

To analyze the machine learning approaches adopted
by previous work to help researchers in the
selection of the machine learning approaches for
ASD detection and treatment with wearable
computing

RQ5—evaluation RQ5: How has the evaluation
been conducted and measured in these studies?

To study the methodologies exploited to measure
and validate the proposed machine learning
approaches, and to assess the ASD people
improvements

intervention (Object) from a critical disability studies per-
spective (Viewpoint).

To characterize the papers related to wearables and
Machine Learning technology research applied to ASD
detection and intervention, we formulated the research ques-
tions in Table 1. In particular, we aimed at analyzing the
kind of action addressed in the paper (RQ1), e.g., detection
of ASD; the kind of autistic traits considered in the action,
e.g., non-verbal ASD people (RQ2); the kind of wearable
device (e.g., accelerometer or EEG); and Machine Learning
model experimented (e.g., SVM or CNN), RQ3 and RQ4,
respectively. We also examined how the evaluation of the
experiment has been conducted and measured (RQ4). The
research questions addressed in this study are summarized in
Table 1.

Search strategy

To conduct our SLR, we followed the guidelines proposed
by [19], largely adopted in the literature.

To collect the papers which are relevant for our study, we
first defined the search terms, and then the source of infor-
mation to be searched, the search process, and the criteria
adopted for selecting the relevant papers.

Search approach

To define the search terms, we performed five steps [19]:

1. We determined the relevant terms from the research
questions by identifying population, intervention, and
outcome as follows:

• population: autism;
• intervention: Machine Learning Techniques and wear-
able technologies;

• outcome: type of action.

As an example, the research questionRQ1maybe formulated
as follows with the above classification:

RQ1: Which [kind of action] OUTCOMES
can be currently performed for [autism]
[POPULATION]
using [Machine Learning techniques and
wearable devices]? [INTERVENTION]

2. For all selected terms, we identified the synonyms. In
particular, we considered the following:

• autism (“autism” OR “autistic people” OR “ASD” OR
“Autism Spectrum Disorder” OR “Autistic disorder”);

• Wearable (“Wearable” OR “IoT” OR “Wireless Body
Area Network” OR “WBAN” OR “sensors”);

• Machine Learning (“machine learning” OR “super-
vised learning” OR “classification” OR “regression” OR
“‘unsupervised learning”);

3. We analyzed the keywords in each considered research
work;

4. We formulated the search queries using Boolean opera-
tors when allowed, such as OR operator for alternative
synonyms whereas the AND when for concatenating the
terms;
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((autis◦ OR "ASD" OR "Autism Spectrum Disor-
der") AND ("IoT" OR "wearable" OR "Wireless Body
Area Network" OR "WBAN" OR "sensors") AND
("machine learning" OR "Deep Learning" OR "neu-
ral network"))

5. We integrated the search string into a summarized form
when the number of Boolean operators is limited, as an
example in the ScienceDirect digital library.

( (autis* OR "ASD" OR "Autism Spectrum Disorder")
AND ("IoT" OR "wearable" ) AND ("machine learn-
ing” OR "Deep Learning" OR "neural network"))

Searched resources

In an SLR, the selection of the resources to inquiry to search
the relevant papers proposed in the literature has a determin-
ing role. To answer our research questions, we selected the
following sources.

• ACM digital library (https://dl.acm.org)
• IEEE Xplore digital library (http://ieeexplore.ieee.org)
• ScienceDirect (http://www.sciencedirect.com)
• Scopus (https://www.scopus.com)
• SpringerLink (https://link.springer.com)
• PubMed (https://pubmed.ncbi.nlm.nih.gov)

We selected these resources, because they are the most
relevant in the Computer Science field and contain a very
large amount of documents and are largely adopted in most
SLRs [4].

Article selection process

The selection of the relevant papers to answer our research
questions has been conducted by following the process
depicted in Fig. 1.

We submitted the search queries described in the previous
section in the search bar of the selected databases and fur-
ther inspected the references of the papers (snowballing) and
manually search other papers.

The number of total papers we retrieved from the dig-
ital library and from manual search was 2137. Then, we
applied the Exclusion/Inclusion criteria, and detailed in the
section “Inclusion and exclusion criteria”. The first author
of the paper examined the title, abstract, and keywords of
the retrieved papers and performed an initial selection. It
remained 126 papers that were assessed by both the authors
by applying the inclusion criteria from the ones selected from
the digital libraries. Successively, we applied the Inclusion

and Exclusion criteria and we got 11 papers. Starting from
these papers, we performed backward and forward snowball
search, where the former consists in examining the papers
referenced by the selected ones, and the latter in including
the paper referencing the selected ones. We applied to these
additional papers inclusion and exclusion criteria, but none
of them passed the selection. The quality of the remaining 11
papers were also assessed according to the criteria exposed in
the section “Quality assessment”, aiming at verifying that all
the considered paperswere suitable to answer all our research
questions. It is worth mentioning that the second author of
the paper controlled all the phases of the selection. After
discussion, it remained 11 papers.

Inclusion and exclusion criteria

We defined the following criteria for establishing if a paper
may be useful for our research.
Exclusion criteria

• research not related to autism;
• research not related to wearable or IOT devices;
• research not exploiting Machine Learning techniques;
• research written in a language different from English;
• research not in peer-reviewed journals or conferences,
books, and lecture notes;

• papers written before 2015.

Inclusion criteria

• English papers (short or full) which exploit Machine
Learning techniques and wearable technology to support
autism screening/intervention (Table 2).

Quality assessment

The final step of the selection process consists in examining
the survived papers in detail, by answering the following
questions:

• Q1: Is the action clearly defined?
• Q2: Is the technological solution specified in detail?
• Q3: Is the machine learning technique clearly defined?
• Q4: Are the evaluation strategies and metrics explicitly
reported?

• Q5: Does the intervention has been experimented on a
real setting?

The answer to each question is scored “Yes” = 1, “Partially
= 0.5”, or “No = 0”. For each selected paper, the score is
computed by summing the score of the four questions related
to it. Thus, the maximum score a paper may obtain is 5. We
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Table 2 Databases and search
results

Database name Total documents Initial selection Final selection

ACM digital library 375 20 1

IEEE Xplore digital library 31 17 4

ScienceDirect 240 12 0

Scopus 776 38 1

Springerlink 316 8 1

Wiley 226 2 1

PubMed 23 11 2

Manual search 150 18 1

Total 2137 126 11

Snawball 3 0 0

Grand total 2140 126 11

Fig. 1 The adopted paper selection process
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classified the paper quality as High (score ≥ 4), Medium (3
≤ score < 4), and Low (score < 3) [4].

Both the authors of the paper jointly assessed each docu-
ment. The papers which reached a medium/high score were
selected. The final selection was passed by 11 studies.

Data extraction

The final papers which passed the selection were analyzed
for answering the research questions. To this aim, for each
paper, the form in Table 3 was filled in by the first author of
this paper.

Results

Many works have been discarded, because either they used
wearables and did not adopt machine learning techniques, or
used other information sources different by sensors, such as
videos. All of the three variables of this research—Autism,
wearable, and Machine Learning techniques—were found
together in the selected studies. In this section, we report
the results we obtained for answering the proposed research
questions.

Demographics

The selected papers are reported in Table 4. For each paper,
we specify its reference, title, authors, publication year, and
the publication type. The barchart in Fig. 2 summarizes the
publication types of the selected papers. In particular, all the
selected papers got a medium or high score and appeared on
Journals or Conferences, except paper [40], which is a very
well-written technical report treating a very relevant topic
and satisfying the quality requirements. The distribution of
the publication years of the selected papers is depicted in
Fig. 3. As it is possible to see, there is growing interest in
this topic and the published works are still few. Therefore,
there is space for new research in this area.

RQ1—types of actions

Screening

The screening procedure for detecting autism is a very long
and expensive process, in the UK, it may require 3 years
and a half to get an ASD diagnosis. An ASD diagnosis is
formulated after a series of explicit qualitative and quanti-
tative evaluations conducted through the direct observation
of the individual, while he performs semi-structured behav-
ioral tasks. The clinician assesses and scores the individual’s
reactions to specific situations. Also, the familiars are inter-
viewed.

ManyASDpeople remainwithout a diagnosis or receive it
when they are adults, with dramatic consequences, because
early detection is fundamental to get the best results. The
diagnosis is difficult, because autism is a spectrum, with var-
ied symptoms and behaviors. While the diagnostic process
is enough standardized for children, in the case of the adults,
currently there are no standard criteria. They may have only
some symptoms thatmake daily life difficult. Othersmay feel
or behave differently or others may consider them different.
All of this hardly impacts their life.

Among the various symptoms of ASD, the ability to imi-
tate or copy others’ movements is also damaged. This may
heavily impact the person’s social life, learning, and language
[10]. Many research confirmed that autistic adults are char-
acterized by a lower movement imitation precision w.r.t. to
non-autistic individuals.

Vabalas et al. [40] investigated whether simple imitation
tasks may be adopted to recognize an autistic person. To
analyze the attention to the movement performed on the
screen, they adopted an eye tracker to collect eye movement;
a motion tracker was used for kinematic data collection.

The various ASD diagnosis approaches, such as DSM,
ICD, ADOS, and ADIR, do not take into account the bio-
logical bases of the disorder. Many studies have highlighted
the relationship between sensory dysfunction in ASD and
electrodermal activity (EDA). EDA is related to the skin elec-
trical proprieties, influenced by the variations in sweating,
skin conductance, heart rate, and blood flow to muscles [34].
It varies when the person is subject to external or internal
stimuli and may be useful in the ASD diagnosis.

Virtual Reality (VR) is increasingly adopted in Neuro-
sciences because of the possibility of creating a replica of
natural phenomena and social interactions, by providing an
immersive experience solicitingmanyhuman senses. It offers
the advantage that the stimulimay be provided in a controlled
way and that the data may get with high accuracy. Alcaniz et
al. [1] proposed to adopt Virtual Reality (VR) in conjunction
with electrodermal activity to study the individual response
to different and repeatable situations in a controlled way, in
a context that simulates real situations. They used VR and
EDA reactions to detect ASD. Olfactive stimuli have also
been provided to the experiment participants by exploiting
the Olorama Technology,1 for producing the required scents.

Emotion classification and communication

Autistic people generally suffer of degradation of emotional
abilities. They have difficulty in both the expression of their
emotions and the recognition of the emotions of their inter-
locutors.

1 http://www.olorama.com.
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Table 3 Data extraction module

Dimension Description

Type of action What type of action is proposed?

Autistic threat What type of autistic threat does the intervention refer to (e.g., non-verbal people)?

Behavior What type of autistic threat does the intervention refer to? (e.g., self-injury)

Target Which is the target of the intervention?

Sensor and platforms What sensors and platforms are used?

ML techniques What ML models have been adopted?

dataset What dataset is adopted?

Validation What validation techniques of the ML approach have been adopted ?

Evaluation What metrics have been collected for evaluating the ML approach?

ASD improvement measures How the improvement of the target people have been evaluated?

Results What are the evaluation results?

Table 4 Selected papers

References Title Authors Year Publication type

[40] Applying machine learning to kinematic and eye
movement features of a movement imitation task to
predict autism diagnosis

Vabalas et al. 2020 Sc. Report

[1] Application of Supervised Machine Learning for
Behavioral Biomarkers of Autism Spectrum
Disorder Based on Electrodermal Activity and
Virtual Reality

Alcaniz et al. 2020 Journal

[6] EEG-based emotion recognition system for special
children

Bairavi et al. 2018 Conference

[2] An On-Chip Processor for Chronic Neurological
Disorders Assistance Using Negative Affectivity
Classification

Aslam et al. 2020 Journal

[29] M-Health and autism: recognizing stress and anxiety
with machine learning and wearables data

Masino et al. 2019 Conference

[46] A Predictive Multimodal Framework to Alert
Caregivers of Problem Behaviors for Children with
ASD (PreMAC)

Zheng et al. 2021 Journal

[7] Detecting and classifying self-injurious behavior in
autism spectrum disorder using machine learning
techniques

Cantin-Garside et al 2020 Journal

[14] Predicting aggression to others in youth with autism
using a wearable biosensor

Goodwin et al. 2019 Journal

[31] Applying deep learning to stereotypical motor
movement detection in autism spectrum disorders

Rad and Furlanello 2016 Conference

[28] AutiLife: A Healthcare Monitoring System for
Autism Center in 5G Cellular Network using
Machine Learning Approach

Mamun et al. 2019 Conference

[36] A novel deep learning approach for recognizing
stereotypical motor movements within and across
subjects on the autism spectrum disorder

Sadouk et al. 2018 Journal
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Fig. 2 Publication types of the
selected studies

Fig. 3 Publication years of the
selected studies

Table 5 Distribution of the individuated studies by action types

Action Count Studies

Screening

Imitation 1 [40]

Electrodermal activity 1 [1]

Intervention

Emotion communication 3 [2,6]

Challenging behavior prediction 1 [29,46]

Stereotypical motor movements 2 [30,36]

Self-injury behavior 1 [7]

Aggression to others 1 [14]

Healthcare monitoring 1 [28]

Autistic people suffer from the moment of crisis due to
their incapability of controlling their emotions. These man-
ifestations, called meltdowns, may have consequences very
dangerous for them in case of self-injuring behaviors or for
other people, in case of aggressive behaviors. Thus, under-
standing their emotions may help the caregivers prevent an
episode of crisis.

The recognition of the internal emotion may be conducted
by analyzing physical signals, such as facial expression,
speech, and movements, or physiological signals, such as
electroencephalogram (EEG), electrocardiogram (ECG), and
temperature [2]. Facial expressions can be intentionally
manipulated, while this does not happen with physiological
signals which provide a more realistic emotion representa-
tion. In [6], an approach of children emotion recognition is
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proposed by exploiting EEG sensor. The emotion classifi-
cation has been conducted by exploiting Machine Learning
techniques and on a sample of 18 children.

Aslam and Altaf [2] designed an ad-hoc processor for
emotion recognition based on a scalp EEG. They considered
a set of four emotions, including sad, angry, relaxed, and
happy, one for each quadrant of the Circumflex model of
Russel [35].

Challenging behavior prediction

ASD children often experience challenging behaviors, which
dramatically impact all their family and are the main reason
for hospitalization [23]. They include:2

• Physically challenging behaviors. They occur whenASD
individuals are aggressive towards others, (e.g., pulling
hair).

• Emotionally challenging behaviors. They occur when
ASD individuals shout or use offensive language.

• Self-injurious behavior (SIB). They occur when ASD
individuals’ aggressive behavior is directed towards
themselves (e.g., head-banging).

• Property disruption challenging behaviors. They occur
whenASD individuals are aggressive towards theobjects.

Many studies demonstrated that the Applied Behavior
Analysis (ABA) therapeutic methodology may reduce these
challenging behaviors [9]. It is based on the individuation of
the antecedents, that is of the situations which may cause the
behavior. Many studies are devoted to predicting that such
behavior is going to occur.

Wearable devicesmay detect the signal of an initial state of
stress and anxiety and be adopted for supporting caregivers in
intervening before the challenging behaviors explosion [23].
Masino et al. [29] proposed an approach to detect challenging
behavior based on Heart Rate (HR) and beat to beat (RR).

Zheng et al. [46] proposed a predictive framework named
PreMAC to alert caregivers of the insurgence of challenging
behaviors. It is based on Random Forest and collects multi-
modal signals.

SIB is one of the main causes of hospitalization of ASD
individuals [18]. Indeed, they may provoke to themselves
physical damns such as abrasions, lacerations, and con-
tusions. Generally, ASD individuals subject to SIB have
reduced verbal or cognitive abilities. Often, these actions are
triggered when the ASD fails in communicating his needs,
or it may be a mean to get social attention. They often are
not able to communicate their pain, such as a head-hake or
if they reach very high-level anxiety, they may adopt self-
injury to decrease their arousal level. The absence of verbal

2 https://www.ambitiousaboutautism.org.uk/.

communication makes it difficult to get explanations on the
reason for such behaviors.

Cantin et al. [7] adoptedwearable accelerometers to detect
SIB. Due to the difficulty of acceptance of the sensors by
children, sensors have to be discrete and enable a flexible
placement. They are placed in different places, such aswrists,
waist, and/or ankles, or within pant pockets, depending on
the acceptance of the child. Also, thematerials (e.g., cotton or
fleece) are added to the sensors according to his acceptance.

One of the most serious challenging problems is aggres-
sive behavior. It is unpredictable and may cause serious
consequences both to other people and to the ASD individual
and his family. This kind of behavior makes it difficult for
the autistic person to access therapeutic services and also to
have medical support. It hardly impacts the isolation of the
family, because stressful environments such as restaurants or
cinemasmaycause sudden aggression.Often supportingpeo-
ple, such as educators, therapists, or personal assistants, may
abandon their job or require payments for their damage. In
this way, the abandoned state of the family increases. Often,
the final solution for the ASD person is residential living
placement, which results in a poor quality of life for him and
high costs for the sanitary system. It has been assessed that
physiological arousal is associated with aggressive behavior
[25]. Goodwin et al. [14] aimed at verifyingwhether it is pos-
sible to predict aggressive behaviors by analyzing changes
in physiological arousal.

Alleviating stereotypical motor movements

Stereotypies are activities involving specific repetitive pur-
poseless movements or behaviors, such as rocking and hand
flapping or waving or covering ears, fixing an object [37].
They dramatically impact learning and social interactions.
In stressful situations, they increase and may cause a melt-
down.

The identification of Stereotypical Motor Movements
(SMMs) is very relevant to improve the life of ASD people
not only for identifying ASD but also for evaluating the inter-
vention they are receiving, such as drugs or therapy. Indeed, if
the intervention is effective, SMM should reduce. The causes
triggering these movements could also be detected, includ-
ing environmental factors or sensory perceptions.Monitoring
SMMmay be very useful to reduce their frequency and dura-
tion and to determine an adequate therapy [26].

For these reasons, it is very relevant to detect SSM.Gener-
ally, SMM detection consists of manually extracting features
by observing the accelerometer signals.

Rad et al. [30] proposed an approach based on Convolu-
tional Neural Network for discriminating features for SMM
detection by exploiting an accelerometer.

Saduk et al. [36] analyzed in detail the problem related to
the detection of SSM. When using an accelerometer, there
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is the need of determining the main features characterizing
SSM and of considering two types of variance: intrasubject
intensity variance, due to the intensity variance of SSM in
the same individual, and intersubject intensity variance due
to the variance in intensity occurring between different indi-
viduals. Convolutional Neural Networks have been adopted
for identifying SMM within subjects, while transfer learn-
ing and an SVM classifier have been adopted to deal with
intersubject classification.

Emergency handling

ASD individuals in addition to challenging behaviors may
have other health problems, such as epilepsy or heart attack.
There exist autism centers aiming at supporting autistic peo-
ple, but often ASD individuals are not able to communicate
and ask for help. They may have a fever, but they are not
able to tell it and their disease can get worse. To manage this
aspect together with challenging behaviors, Mamun et al.
[28] proposed AutiLife, a healthcare monitoring system for
autism center based on the 5G cellular network. Wearable
devices are adopted to measure blood pressure, heart rate,
body temperature, motion for body movements, and capture
speech signals.All this information is transferred to the server
which exploits ML techniques to detect health issues and to
perform appropriate actions. The system is not fully imple-
mented. We decided to select this paper, because it faces a
very relevant issue for ASD individuals.

Summary for RQ1: screening, emotion detec-
tion, challenging behavior predictions, Stereo-
typical Motor Movements identification, and
healthcare monitoring are the main actions pro-
posed by the selected papers with the support of
wearables and Machine Learning techniques.

RQ2—autistic traits

ASD individuals exteriorly look like other people, but they
have some traits which may hardly impact on their life and
let them be dangerous for themselves and others. Some of the
considered research described the traits of the ASD individ-
uals involved in the experiment. To the experiment proposed
by Goodwin et al. [14], participants were minimally verbal
and/or with intellectual disability. Cantin-Garside et al.’s [7]
participants were non-verbal or with repetitive behavior and
manifested aggressive behavior. Vabalas et al. [40] focused
on the lack of attention that causes the failure of an imitation
task. ASD sensory dysfunction is revealed when solicited in
a Virtual Reality environment through the EDA analysis [1].
Mamun et al. [28] refer to individuals having an incapac-
ity to communicate because of non-verbal or incapable of

Table 6 Distribution of the individuated researches by wearable device
types

Wearable device Count Study

EEG 3 [2,2,6]

Heart Rate 2 [28,29]

RR 1 [29]

Accelerometer 5 [1,7,14,30,36,46]

Motion tracker 1 [40]

Eye tracker 1 [40]

BVP 2 [1,14,46]

EDA 2 [1,14,46]

Body temperature 2 [1,28,46]

declaring their illness. This also holds for Aslam and Atlaf
[2]. Others [32] adopted the datasets published by Goodwin
et al. in a previous work [13] considered participants with
repetitive behavior.

Summary for RQ2: ML techniques and wear-
ables have been proposed for actions that con-
sider the following traits: repetitive behaviors,
lack of attention, sensory dysfunction, non-
verbal, or communication deficit.

RQ3—wearable devices

Many different types of devices have been exploited. The
Neurosky Mindwave Mobile Headband equipped with an
EEG sensor has been adopted by [6] for emotion commu-
nication and shown in Fig. 4. Heart rate and beat to beat
(RR) were adopted by Masino et al. [29]

Themotion tracker adopted by [40] was Polhemus Fastrak
equipped by a motion sensor to put on the index finger, while
the EyeLink 1000 Plus eye tracker was selected to capture
eye movements.

An efficient on-chip implementation of the EEG-based
emotion detection has been proposed in [2], using a 180nm
CMOS process with validation on multiple benchmark EEG
datasets for real-time emotion classification. Cantin et al. [7]
adopted Tri-axial accelerometers (ActiGraph GT9X Link3)
to register ASD children movements.

For predicting challenging behavior, Zheng et al. [46]
adopted Microsoft Kinect for the analysis of the facial
expressions and head movements; the Empatica E44 wrist-
band collects data concerning blood volume pulse (BVP),
electrodermal activity (EDA), body temperature, and an
accelerometer. The body movements are collected by an ad-

3 http://www.actigraphcorp.com.
4 http://www.empatica.com.
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Fig. 4 Neurosky mindwave mobile headband [6]

Table 7 Distribution of the individuated studies by ML approaches

Approach Count Study

Random forest 2 [6,46]

SVM 8 [1,2,28–30,36,40]

LSVM 1 [2]

CNN 2 [30,36]

kNN 1 [7]

hoc developed device named Wings, see Fig. 5. The device
has been designed to be noninvasive (the weight is 232 g).
The left part of Fig. 5 shows the device when it is worn. The
cloth chosen is one of the most preferred by children. Also,
[1,14] adopted Empatica E4 for biosignal collections in their
experiments.

Summary for RQ3: To collect ASD sensory
data, most approaches use an accelerometer;
specifically, Empatica E4 wristband that also
collects Blood Volume Puls (BVP) and Elec-
trodermal Activity (EDA). But also EEG, Heart
Rate, and Body Temperature have been experi-
mented.

RQ4—machine learning approaches

Different machine learning approaches have been considered
in the selected studies.

Their distribution is reported in Table 7. Some of them
compare the performance of different algorithms for select-
ing the one that performs better.

Cantin et al. [7] aimed at detecting self-injury behaviors.
They selected SVN which performed better than Decision
Trees in the detection. They also aimed at classifying the dif-
ferent types of behaviors. In this case, performance varies in
dependency of the kind of movements. The movements of
more active participants were more difficult to detect w.r.t.
the quieter ones. They experimented with the application of a
different number of sensors, based on the participant accep-
tance.

Zheng et al. [46] compared different ML techniques. Bet-
ter accuracy was reached by Random Forest (RF), k Nearest
Neighbors (kNN), Decision Tree (DT), and Neural Network
(NN), while Support Vector Machine (SVM), Discriminant
Analysis (DA), andNaĩve Bayes (NB) performedworst. Bet-
ter results in terms of accuracy were reached by Random
Forest, 98, 51% on an individual level. They also analyzed
the contribution of the single source of data and of their com-
bination.

Saduk et al. [36] adopted CNNs for SMMdetectionwithin
subjects, while for SMM detection across subjects, they pro-
posed a knowledge transfer platform associatedwith an SVM
classifier. They also apply cross-domain transfer learning to
be able to detect SMMs of any atypical person.

Summary for RQ4: Support Vector Machine
(SVM) is the preferred classification approach.

RQ5—evaluation

To answer this question, several aspects have to be con-
sidered, such as the datasets adopted in the evaluation, the
evaluation metrics used for the ML models, the validation
techniques, and the obtained performances. Besides, it is rel-
evant to verify whether the improvement of ASD individuals
is evaluated and how. In the following, we examine how these
aspects have been addressed by the selected papers.

Datasets

Ad-hoc datasets are generally adopted, as in the case of [30],
which collected accelerometer signals from 6 subjects with
autism. In particular, Vabalas et al. [40] adopted an ad-hoc
created dataset collecting data from 15 autistic and 15 non-
autistic adults for the training set, and from 7 autistic and 7
non-autistic participants for the testing set.

The data of 11 children were collected by [7] for SIB
prevision. More than 200 episodes of SIB were observed.

Alcaniz et al. [1] performed two experiments for investi-
gating whether sensory processing can discriminate between
ASD and not ASD individuals using electrodermal activity in
two multimodal virtual environments. Participants were 54
and 40 children, respectively. Goodwin et al.’s [14] dataset
was composed of the data collected by 20 ASD individuals
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Fig. 5 The Wings device [46]

Table 8 Distribution of the individuated studies by ML evaluation
approaches

Evaluation approach Count Study

Accuracy 7 [2,6,7,29,36,40,46]

ROC 1 [29]

Sensitivity 3 [2,29]

Specificity 2 [2,7]

Precision 2 [2,29]

F-measure 3 [7,30,36]

Feature selection stability (KI) 1 [40]

tolerating E4. They in a previous work [13] published the
data and the code related to their experiment.5 It contains the
accelerometer data of 6 ASD participants collected in lab-
oratory and classroom. This dataset has been also used by
[30,36]. The latter also adopted the HAR (Human Activity
Recognition) dataset collecting data related to basic activi-
ties for typical people. The dataset of Sadouk et al. and the
code are also available.6

Aslam et al. [2] adopted two publicly available datasets
for emotion recognition: DEAP [20] and SEED [45], con-
taining physiological and EEG signal, respectively. They are
not specific for ASD people.

Summary—Datasets The datasets created in
the selected papers for evaluating the proposed
approaches were not published. Three papers
adopted the dataset produced by Goodwin et al.
in [13]. The number of participants in the exper-
iments is restricted.

5 https://bitbucket.org/mhealthresearchgroup/
stereotypypublicdataset-sourcecodes/downloads/.
6 https://github.com/lsadouk/code_SMMs.

Evaluation metrics

Table 8 reports the distribution of the metrics adopted in the
selected study. Accuracy is preferred.

Classifiers of screening approaches labeled their data
(ASD, no ASD) based on diagnoses and this avoids the
threshold bias problem that often occurs in classification
tasks. In the intervention approaches, the phenomena to be
detected are analyzed by an expert and labeled.

Summary—Evaluation metrics Accuracy is
preferred. We note the absence of evaluation of
the acceptance of the sensors by the ASD indi-
viduals.

Validation techniques

The validation techniques adopted in the considered research
work are reported in Table 9.

Three of the selected papers [1,36,46] adopted k-fold
cross-validation [33]. According to this strategy, the dataset
is divided into k subsets of the same size. One of them is
selected as test set, and the other k−1 composed the training
set. Each set becomes a test set for one time, and thus, this
process is repeated k times. According to [15], the size of
the dataset is too big and the causality may be invalidated.
For this reason, the size of k should be at list 100. Besides,
Tantithamthavorn et al. [38] proved that this technique is not
reliable. Cross-validation may be biased by the choice of the
hyperparameters. This problem is overcome by adopting the
nested cross-validation technique which trains a model in
which hyperparameters also are optimized. It is applied in
two of the selected papers. The other three papers applied
the most reliable cross-validation techniques, nested Leave-
One-Out [42], and composed of an outer evaluation loop and
an inner hyperparameter selection and training loop. In par-
ticular, Zheng et al. adopted both k-fold cross-validation and
LOO in two different contexts.
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Table 9 Distribution of the individuated studies of validation tech-
niques

Validation technique Count Study

Leave-one-out (LOO) 2 [2,29,46]

k-fold cross-validation 1 [1,36,46]

Nested cross-validation 3 [40]

Vanbalas [40] used nested cross-validation and separated
model development and independent model testing datasets.

Summary—validation techniques 54% of
papers adopted validation techniques. Of them, 3
papers (27%) adopted unbiased validation tech-
niques.

Performances

The support offered by the selected approaches strictly
depends on the classification performances. It is difficult to
compare the performances of the considered studies, because
the datasets have different sizes and the objectives of the
classifications are different. Besides, different metrics and
validation techniques have been adopted.

Concerning the screening approaches, Vabaldas et al. [40]
detected ASD individuals with 73% of accuracy using sen-
sors and 70% accuracy in analyzing eye movements. When
combining the two techniques, 78% of accuracy is reached
with nested cross-validation. The combined use of EDA and
virtual environments to detect ASD individuals in [1] in the
final confirmatory test set (n = 20 participants) achieved 85%
accuracy.

For the intervention support, emotion recognition tech-
niques [6] reached 82% of accuracy with Random Forest.
Aslam etAltaf [2] examined the accuracy of their EEG-based
approach w.r.t. the two considered datasets. They reached the
best accuracy in the DEAP dataset for valence and arousal
85% and 82.5%, respectively, while 100% for valence with
the SEED dataset.

In the detection of stress conditions, Masino et al. [29]
reached 93% of accuracy. Their dataset was created by col-
lecting heart rate and RR interval measurements during rest
and during activities generating stress. Participants were 22
ASD and 16 non-ASD individuals.

For the prevention of challenging problems, Random For-
est [46] reached 98.5% of accuracy with the multimodal
model. Zheng adopted Nested Cross-Validation techniques
on a dataset different from the training one.

Summary—performances The performances
related to ASD screening have to be improved,
while the detection of challenging behaviors,
stress conditions, and negative affective states
seems to have good results.

ASD improvements

Summary—ASD improvementsNo evaluation
on the advantages of the adopted technologies in
real contests and of the possible improvements
of the ASD individual life due to the adoption of
the proposed technologies have been conducted.

Discussion and implication

From the analysis of the selected papers which combine
wearables and Machine Learning techniques in the screen-
ing and intervention on ASD individuals, it emerged that the
use of these technologies is promising, but it is only in its
pioneering phase.

The selected papers proposed very useful solutions to
detection and intervention in challenging and dangerous sit-
uations, but many further aspects have to be considered.
In particular, ASD individuals may have problems when
equipped with sensors. Therefore, as considered by Cantin
[7], the sensor configuration has to be accurately handled,
because it could be changed depending on the individ-
ual’s acceptance. Generally, all the work provided enough
technical details on the adopted sensors, but not on their
acceptance.

The performance of the Machine Learning techniques is
assessed. The experimentation is conducted in lab sessions.
Further validations are needed in a real context. It seems very
critical the creation of sensory datasets useful for researchers
to experiment with Machine Learning techniques. The num-
ber of participants is very reduced, probably due to the
difficulty of involving ASD individuals in the experimenta-
tion. Besides, in many cases, they should also have the same
autistic traits.

In some cases, results were not tested with independent
data. Thus, there is the need for further experimentation on
wider samples, with different sociodemographic characteris-
tics [1].Best results should be reachedby combiningdifferent
biomarkers, such as eye-tracking, body movement analysis,
EDA, and EEG.

When conducting research on ASD people together with
the technological aspects also the understanding and the
respect for disability and autism as identity should be
considered [43]. Indeed, ASD individuals’ cognitive and
communication deficits may increase their risk of vio-
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lation of their human rights concerning their privacy of
information. Many families do not participate in the exper-
iments because of the fear that their data could get into
the wrong hands, exposing them to stigma or discrimina-
tion.7 The considered works did not examine data privacy
issues, while ethical concerns have been considered by
[1,7,40].

One of the main issues is the lacking of public datasets
of sensory-based data useful to the researchers to compare
the various Machine Learning techniques. The improve-
ments in the ASD individual life due to the adoption of
the proposed technologies have not been assessed yet. By
evaluating the reduced number of papers, the increasing
number of ASD individuals, and the increasing need for
this kind of application, we can deduce that there is still
a large margin of new research contribution in this hot
topic.

Threats to validity

The selection process of the papers to analyze represents
the main threat to the validity of this study. By examin-
ing the process, the first threat is the completeness of the
search terms adopted to formulate the queries. We tried to
mitigate this threat by adding to the search query all the
synonyms of each term and verifying their presence in the
selected papers. The paper selection step has been conducted
by both the authors, for a deeper verification. Moreover, in
addition to the papers found on the selected databases, snow-
balling has been conducted to search other papers andmanual
search on other databases such as Google Scholar has been
performed. Exclusion and inclusion criteria were rigorously
followed.

For assessing the quality of the selected papers, we pro-
vided five questions to be answered for each paper and only
the papers with an adequate score were considered. For each
paper that passed the quality assessment, a form was filled
to collect all the details useful to answer our research ques-
tions.

It is possible that while screening 2140 papers, someone
of interest could have been excluded. The limited year range
(papers only after 2015) may also exclude some relevant
papers.

Conclusion

In this paper, we reported the results of a Systematic Lit-
erature Review on the adoption of wearables and Machine

7 https://www.spectrumnews.org/features/deep-dive/how-scientists-
secure-the-data-driving-autism-research/.

Learning techniques for detection and intervention on ASD
individuals. We addressed our analysis on the follow-
ing aspects: (1) what kind of actions on ASD individu-
als have been proposed, (2) what kind of autistic traits
have been considered, (3) what kind of sensors have
been adopted, (4) which Machine Learning algorithms
have been selected, and (5) how they have been evalu-
ated.

We selected the papers in the 2015–February 2021 range.
The initial population was 2140 papers. From them, we
extracted 11 papers with the required quality where Machine
Learning techniques and wearable sensors were consid-
ered.

From the analysis, it emerged on one side the great rel-
evance of the topic, on the other side that there exist some
limitations in the considered studies and that there is still
room and need of new research in this area. We hope that
this study will be useful for conducting new high-quality
studies aiming at supporting ASD individuals and their care-
givers.

Author Contributions Both the authors contributed to the manuscript
equally.

Funding Not applicable.

Data Availability Not applicable.

Declarations

Conflict of interest On behalf of all authors, the corresponding author
states that there is no conflict of interest.

Code availability Not applicable.

Ethics approval Not applicable.

Consent to participate Not applicable.

Consent for publication Not applicable.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indi-
cate if changes were made. The images or other third party material
in this article are included in the article’s Creative Commons licence,
unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the
permitted use, youwill need to obtain permission directly from the copy-
right holder. To view a copy of this licence, visit http://creativecomm
ons.org/licenses/by/4.0/.

123

https://www.spectrumnews.org/features/deep-dive/how-scientists-secure-the-data-driving-autism-research/
https://www.spectrumnews.org/features/deep-dive/how-scientists-secure-the-data-driving-autism-research/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Complex & Intelligent Systems (2022) 8:3659–3674 3673

References

1. Alcañiz Raya M, Chicchi Giglioli IA, Marín-Morales J, Higuera-
Trujillo JL, Olmos E,MinissiME, Teruel Garcia G, SireraM,Abad
L (2020)Application of supervisedmachine learning for behavioral
biomarkers of autism spectrum disorder based on electrodermal
activity and virtual reality. Front Hum Neurosci 14:90

2. Aslam AR, Altaf MAB (2020) An on-chip processor for chronic
neurological disorders assistance using negative affectivity classi-
fication. IEEE Trans Biomed Circuits Syst 14(4):838–851

3. Autism and health: a special report by autism speaks. https://
www.autismspeaks.org/science-news/autism-and-health-special-
report-autism-speaks. Accessed 20 Mar 2020

4. Azeem MI, Palomba F, Shi L, Wang Q (2019) Machine learning
techniques for code smell detection: a systematic literature review
and meta-analysis. Inf Softw Technol 108:115–138

5. Baio J (2014) Prevalence of autism spectrum disorder among
children aged 8 years-autism and developmental disabilities mon-
itoring network, 11 sites, united states, 2010

6. Bairavi K, Sundhara KK (2018) Eeg based emotion recognition
system for special children. In: Proceedings of the 2018 interna-
tional conference on communication engineering and technology,
pp 1–4

7. Cantin-Garside KD, Kong Z,White SW,Antezana L, Kim S, Nuss-
baumMA (2020) Detecting and classifying self-injurious behavior
in autism spectrum disorder using machine learning techniques. J
Autism Dev Disord 50(11):4039–4052

8. Dedgaonkar S, Sachdeva-Bedi RK, Kothari K, Loya R, Godbole
S (2020) Role of iot and ml for autistic people. Int J Future Gen
Commun Netw 13(3s):773–781

9. Doehring P, Reichow B, Palka T, Phillips C, Hagopian L (2014)
Behavioral approaches to managing severe problem behaviors in
children with autism spectrum and related developmental disor-
ders: a descriptive analysis. ChildAdolesc PsychiatrClin 23(1):25–
40

10. Edwards LA (2014) A meta-analysis of imitation abilities in indi-
viduals with autism spectrum disorders. Autism Res 7(3):363–380

11. Francese R, Risi M, Tortora G (2020) A user-centered approach
for detecting emotions with low-cost sensors. Multimedia Tools
Appl 79(47):35885–35907. https://doi.org/10.1007/s11042-020-
09576-0

12. Gonçalves N, Rodrigues JL, Costa S, Soares F Preliminary study
on determining stereotypical motor movements. In: 2012 Annual
international conference of the ieee engineering in medicine and
biology society. IEEE, pp 1598–1601 (2012)

13. Goodwin MS, Haghighi M, Tang Q, Akcakaya M, Erdogmus D,
Intille S (2014) Moving towards a real-time system for automati-
cally recognizing stereotypical motor movements in individuals on
the autism spectrum using wireless accelerometry. In: Proceedings
of the 2014 ACM international joint conference on pervasive and
ubiquitous computing, pp 861–872

14. Goodwin MS, Mazefsky CA, Ioannidis S, Erdogmus D, Siegel M
(2019) Predicting aggression to others in youth with autism using
a wearable biosensor. Autism Res 12(8):1286–1296

15. Hall T, Beecham S, Bowes D, Gray D, Counsell S (2011) Develop-
ing fault-prediction models: what the research can show industry.
IEEE Softw 28(6):96–99

16. Hosseinzadeh M, Koohpayehzadeh J, Bali AO, Rad FA, Souri A,
Mazaherinezhad A, Rezapour A, Bohlouli M (2020) A review on
diagnostic autism spectrum disorder approaches based on the inter-
net of things and machine learning. J Supercomputi:1–19

17. Hyde KK, Novack MN, LaHaye N, Parlett-Pelleriti C, Anden R,
Dixon DR, Linstead E (2019) Applications of supervised machine
learning in autism spectrum disorder research: a review. Rev J
Autism Dev Disord 6(2):128–146

18. Kalb LG,VasaRA,Ballard ED,Woods S, GoldsteinM,WilcoxHC
(2016) Epidemiology of injury-related emergency department vis-
its in the us among youth with autism spectrum disorder. J Autism
Dev Disord 46(8):2756–2763

19. Keele S et al (2007)Guidelines for performing systematic literature
reviews in software engineering. Tech. rep., Technical report, Ver.
2.3 EBSE Technical Report. EBSE

20. Koelstra S, Muhl C, Soleymani M, Lee JS, Yazdani A, Ebrahimi
T, Pun T, Nijholt A, Patras I (2011) Deap: a database for emotion
analysis; using physiological signals. IEEE Trans Affect Comput
3(1):18–31

21. Koumpouros Y, Kafazis T (2019) Wearables and mobile tech-
nologies in autism spectrum disorder interventions: a systematic
literature review. Res Autism Spectr Disord 66:101405

22. Kourou K, Exarchos TP, Exarchos KP, Karamouzis MV, Fotiadis
DI (2015) Machine learning applications in cancer prognosis and
prediction. Comput Struct Biotechnol J 13:8–17

23. Lecavalier L, Leone S, Wiltz J (2006) The impact of behaviour
problems on caregiver stress in young people with autism spectrum
disorders. J Intellect Disabil Res 50(3):172–183

24. Lin E, Lin CH, Lane HY (2020) Precision psychiatry applications
with pharmacogenomics: artificial intelligence and machine learn-
ing approaches. Int J Mol Sci 21(3):969

25. Lindsay JJ, Anderson CA (2000) From antecedent conditions to
violent actions: a general affective aggressionmodel. Pers Soc Psy-
chol Bull 26(5):533–547

26. Loftin RL, Odom SL, Lantz JF (2008) Social interaction and repet-
itive motor behaviors. J Autism Dev Disord 38(6):1124–1135

27. Lord C, Elsabbagh M, Baird G, Veenstra-Vanderweele J (2018)
Autism spectrum disorder. Lancet 392(10146):508–520

28. Mamun MI, Rahman A, Khaleque MA, Hamid MA, Mridha MF
(2019) Autilife: a healthcare monitoring system for autism cen-
ter in 5g cellular network using machine learning approach. In:
2019 IEEE 17th international conference on industrial informatics
(INDIN), vol. 1. IEEE, pp 1501–1506

29. Masino AJ, Forsyth D, Nuske H, Herrington J, Pennington J,
Kushleyeva Y, Bonafide CP (2019)M-health and autism: recogniz-
ing stress and anxiety with machine learning and wearables data.
In: 2019 IEEE 32nd international symposium on computer-based
medical systems (CBMS). IEEE, pp 714–719

30. Rad NM, Bizzego A, Kia SM, Jurman G, Venuti P, Furlanello C
(2015)Convolutional neural network for stereotypicalmotormove-
ment detection in autism. arXiv preprint arXiv:1511.01865

31. Rad NM, Furlanello C (2016) Applying deep learning to stereo-
typical motor movement detection in autism spectrum disorders.
In: 2016 IEEE 16th international conference on data mining work-
shops (ICDMW). IEEE, pp 1235–1242

32. Rad NM, Kia SM, Zarbo C, Jurman G, Venuti P, Furlanello C
(2016) Stereotypicalmotormovement detection in dynamic feature
space. In: 2016 IEEE 16th international conference on data mining
workshops (ICDMW). IEEE, pp 487–494

33. Rodriguez JD, Perez A, Lozano JA (2009) Sensitivity analysis of
k-fold cross validation in prediction error estimation. IEEE Trans
Pattern Anal Mach Intell 32(3):569–575

34. Roy JC, Boucsein W, Fowles DC, Gruzelier J (2012) Progress in
electrodermal research, 249th edn. Springer, Berlin

35. Russell JA (1980)A circumplexmodel of affect. J Pers Soc Psychol
39(6):1161

36. Sadouk L, Gadi T, Essoufi EH (2018) A novel deep learning
approach for recognizing stereotypical motor movements within
and across subjects on the autism spectrum disorder. Comput Intell
Neurosci

37. Singer HS (2009) Motor stereotypies. Seminars in pediatric neu-
rology, vol 16. Elsevier, Oxford, pp 77–81

123

https://www.autismspeaks.org/science-news/autism-and-health-special-report-autism-speaks
https://www.autismspeaks.org/science-news/autism-and-health-special-report-autism-speaks
https://www.autismspeaks.org/science-news/autism-and-health-special-report-autism-speaks
https://doi.org/10.1007/s11042-020-09576-0
https://doi.org/10.1007/s11042-020-09576-0
http://arxiv.org/abs/1511.01865


3674 Complex & Intelligent Systems (2022) 8:3659–3674

38. TantithamthavornC,McIntosh S,HassanAE,MatsumotoK (2016)
An empirical comparison of model validation techniques for defect
prediction models. IEEE Trans Softw Eng 43(1):1–18

39. Tanveer M, Richhariya B, Khan R, Rashid A, Khanna P, Prasad
M, Lin C (2020) Machine learning techniques for the diagnosis
of alzheimer’s disease: a review. ACM Trans Multimedia Comput
Commun Appl (TOMM) 16(1s):1–35

40. Vabalas A, Gowen E, Poliakoff E, Casson AJ (2020) Applying
machine learning to kinematic and eye movement features of a
movement imitation task to predict autism diagnosis. Sci Rep
10(1):1–13

41. Van Solingen R, Basili, V., Caldiera, G., Rombach HD (2002) Goal
question metric (gqm) approach. Encycl Softw Eng

42. Vehtari A, Gelman A, Gabry J (2017) Practical bayesian model
evaluation using leave-one-out cross-validation and waic. Stat
Comput 27(5):1413–1432

43. Williams RM, Gilbert JE (2019) Nothing about us without us:
transforming participatory research and ethics in human systems
engineering. In: Advancing diversity, inclusion, and social justice
through human systems engineering, p 9

44. Williams RM, Gilbert JE (2020) Perseverations of the academy: a
survey of wearable technologies applied to autism intervention. Int
J Hum Comput Stud 143:102485

45. Zheng WL, Lu BL (2015) Investigating critical frequency bands
and channels for eeg-based emotion recognition with deep neural
networks. IEEE Trans Auton Ment Dev 7(3):162–175

46. Zheng ZK, Staubitz JE, Weitlauf AS, Staubitz J, Pollack M, Shi-
bley L, Hopton M, Martin W, Swanson A, Juárez P et al (2021)
A predictive multimodal framework to alert caregivers of problem
behaviors for children with asd (premac). Sensors 21(2):370

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

123


	Supporting autism spectrum disorder screening and intervention with machine learning and wearables: a systematic literature review
	Abstract
	Introduction
	Related work
	Contribution

	Methodology
	Search strategy
	Search approach
	Searched resources

	Article selection process
	Inclusion and exclusion criteria
	Quality assessment
	Data extraction


	Results
	Demographics
	RQ1—types of actions 
	Screening
	Emotion classification and communication
	Challenging behavior prediction
	Alleviating stereotypical motor movements
	Emergency handling

	RQ2—autistic traits
	RQ3—wearable devices
	RQ4—machine learning approaches
	RQ5—evaluation
	Datasets
	Evaluation metrics
	Validation techniques

	Performances
	ASD improvements

	Discussion and implication
	Threats to validity
	Conclusion
	References




