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Abstract—Despite the growing incidence and costs of autism,
little has been done to apply technology advancements to the
challenges faced by autistic individuals. The recent
introduction of digital data collection to track the progress of
treatment interventions has been an important contribution,
but there are many other opportunities for technology to
facilitate the development of autistic children and to assist the
clinical staff who work with them. The realization of wearable
devices to identify and track behaviors would significantly
reduce the manual input of data into digital devices, and
wireless physiological monitoring has the potential to provide
predictors of unwanted behaviors. The development of such
tools would change the intervention paradigms that currently
exist.
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1. INTRODUCTION

Recent data from the Centers for Disease Control and
Prevention estimate that the prevalence of autism spectrum
disorder (ASD) is one in 88 children in the United States [1].
In 2007, Ganz estimated the annual cost of autism in this
country at $35B [2]. Mandell and Knapp placed the annual
cost closer to $137B [3]. Despite the growing incidence and
cost of autism, little has been done to apply technology
advancements to the challenges of individuals with autism
beyond the use of augmentative communication devices [4],
iPads and their associated applications [5], and socially
assistive robots in therapeutic learning environments [6].

Autistic children often have difficulty with social
interaction and communication, supplemented by a tendency
towards repetitive behaviors. More severe cases may include
an absence of verbal communication, poor self-help skills,
and/or self-injurious or aggressive behaviors. These children
are most often educated in specialized classrooms or
occasionally in residential programs with highly trained
intensive staffing. Intervention strategies are typically
evidence-based practices that are primarily behavioral
approaches, which require extensive data collection to assure
that each approach is having the desired effect [7].
Traditionally, these data have been collected via paper and
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pencil, aggregated, entered into a spreadsheet, graphed, and
returned to treatment teams for analysis and decision-making.
Only recently has this process been streamlined with apps
written for smart phones or iPods [8]. Past and current data
collection processes are illustrated in Figure 1.

II. OPPORTUNITIES

A. Wearable Devices for Behavior Identification

Though the digitization of the data collection process has
been tremendously beneficial, more could be done to make
the data gathering process seamless and less of a burden on
staff who work with challenging students. The rapid
evolution of body-worn sensors and devices can help to
automate the identification of many behaviors that are being
manually counted on digital devices. Figure 2 depicts this
data collection and processing approach to aid children with
severe disabilities and the staff that support their progress.
For example, some children with autism will engage in self-
injurious behaviors such as hitting their head. Sensors that
can detect hand movement to the head and can differentiate
between an unwanted behavior and a normal behavior, then
upload the information to the database, would eliminate the
need for human data entry into an iPod. Similarly, other
behaviors such as hand or finger flapping, hand banging,
rocking, dropping, jumping, climbing, tantrums, elopement,
or loud vocal sounds may be better monitored by wearable
sensors [9, 10]. Beyond relieving the staff of the data
collection burden, the reliability of the data would be
significantly enhanced. Table 1 offers a more comprehensive
list of behaviors that are of interest.

B. Wireless Sensor Networks for Behavior Prediction

Wireless sensor networks have been used to monitor the
activity levels and physiological well-being of patients in the
hospital and in their homes [11]. A recent review of wearable
sensors and systems discussed their application in the areas
of medical and safety monitoring, home rehabilitation,
evaluation of treatment efficacy, and early detection of
disorders. Sensors are now available that monitor body
temperature, position, heart rate, respiratory rate, blood
oxygen saturation, electrocardiographic activity, and galvanic
skin response [12]. Initial research with children with autism
has measured heart rate, temperature, and galvanic skin
response in an effort to detect changes in the autonomic
nervous system that may predict subsequent behaviors [13].
The development of algorithms based on physiological data
that would alert staff to the increased potential for
maladaptive behaviors would significantly change the
intervention strategy from responding to a behavior to
avoiding the behavior altogether (see Figure 3).
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Figure 2. Potential future data collection process.

Table 1. Current behaviors tracked for the severely disabled children at Heartspring (most to least common).

1.

R

Aggression
Self-injurious
behavior
Property
destruction
Tantrum
Elopement
Dropping
Perseveration

8.
9.

10.

11.

12.
13.

14.

Food Stealing
PICA
Inappropriate
Touch
Inappropriate
Talk

Restraint
Interfering with
others
Intimidation

15.
16.
17.
18.
19.

20.
21.

Stripping/disrobing
BM accident

UR accident
Smearing

Invading Personal
Space

Time out room
Non-cooperation /
non-compliance

22.

23.
24.

25.
26.
27.
28.

Loud vocal
sounds
Stalling

Motor
movement tics
Hands in pants
Lying

Spitting
Rumination

29.
30.
31.
32.

33.
34.

35.

Crying

Hand banging
Picking
Public
masturbation
Hoarding
Self-
stimulatory
behavior
Climbing
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Figure 3: Wireless physiological monitoring toward the development of algorithms predictive of behaviors.

C. Location Tracking Tools

An additional area of opportunity is the development of
resources that provide location tracking of students and staff
with a resolution measured within inches. Since students with
the most severe challenges of autism are intensively staffed
one-to-one, tracking tools would help to archive student
location versus time as well as identify nearby staff and other
students, given that these and other factors can contribute to
the onset of behaviors. Such a system would also facilitate
the optimization of staff assignments, quantify student
independence, and find wandering students.

III. DESIGN CONSTRAINTS

Applicable sensor-based devices need to be durable and
unobtrusive. Children with autism may be sensitive to new
stimuli that are introduced into their environment and
particularly to devices that might be worn [14]. An increased
probability of destructive behavior would exist should such
devices prove to be irritating [15]. Simplicity in design and
processing of information is important, as staff working with
autistic children often have minimal technical proficiency.

IV. CONCLUSION

The applications discussed are straightforward in concept,
but each offers implementation challenges in the areas of
signal  processing and hardware design, device
robustness/comfort, acceptance by students/staff, and the
analysis and interpretation of large quantities of data.
However, successful implementation of any of these systems
has the potential to make a real difference in the lives of
children and in how services are provided for them.
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