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ABSTRACT
LANGUAGE DATA FROM CHILDREN WITH AUTISM SPECTRUM DISORDER:
MEASUREMENT, RELIABILITY, AND APPLICATION
By
Moon Young Savana Bak

Many interventions based on the principles of applied behavior analysis (ABA) have
been regarded as evidence-based practices that are effective for children with autism spectrum
disorder (ASD). Interventions based on ABA typically rely on the observation and measurement
of human behavior for implementation and analysis. Thus, the strength and validity of the ABA
intervention is reliant on the accurate and reliable collection of data. However, ABA researchers
traditionally collect behavioral data through human observation, and this can increase the
potential for error such as bias. Recent developments in technology have introduced various
automated data collection apparatus that can efficiently collect reliable and more accurate data.
Although other fields such as health, business, and policy have utilized automated data collection
apparatus, the field of ABA has yet to fully incorporate these apparatuses to aid research.
Utilizing automated data collection in ABA interventions may increase potency and inform
current interventions and provide ideas for new interventions. Therefore, the current dissertation
investigated the use of automated data collection in ABA research, the reliability of using an
automated data collection apparatus for children with ASD, and the application of an automated
data collection apparatus for language research in children with ASD in three separate but related
chapters (Chapter 2, 3, and 4).

Chapter 2 investigated the current use of automated data collection apparatus in ABA

research between 2010 to 2018 in a systematic literature review. A hand-search of selected ABA



journals revealed that only 149 studies out of 1466 total published studies used an automated
data collection apparatus. The results provided support that ABA research may not be fully
utilizing technology that can possibly increase accuracy and efficiency in measurement and data
collection. Benefits and implications of using an automated data collection apparatus in the field
of ABA are also discussed.

Chapter 3 provided a reliability analysis for the Language Environment Analysis
(LENA®) system for children with ASD. The LENA system is an automated data collection
apparatus developed in language studies involving typically developing children. Although many
researchers use the LENA system for language research in children with ASD there has not been
a stand-alone reliability analysis for this population. The primary investigator assessed the
reliability of the LENA system measures by calculating the intraclass correlation coefficient
(ICC) between the LENA system and the human coders. The results indicated that although the
mean ICC between human coders and the LENA system was high, researchers should exercise
caution when using some measures collected by the LENA system for some children with ASD.

Finally, Chapter 4 presents an exploratory analysis regarding the effects of environmental
variables on the quantity of language in children with ASD. The primary investigator used the
LENA system to investigate whether environmental variables such as location, instructional
grouping, intervention delivery method, and learning objectives affect the quantity of child
vocalization and conversational turns. Results indicated that children with ASD had a statistically
significant increase in vocalizations during inclusion, in group settings, and when the
intervention was delivered naturally. The implications of manipulating environmental variables
to increase language teaching and learning opportunities for children with ASD are also

discussed.
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CHAPTER 1
Introduction

Autism spectrum disorder (ASD) is a developmental disorder that affects approximately
one in 40 children in the United States (Kogen et al., 2018). This is a vast increase from the early
1980s when the prevalence rate was one in 5000 children (Barbaresi, Colligan, Weaver, &
Katusic, 2010). Individuals with ASD generally have difficulties in social communication and
functional skills, show repetitive behavior, and have restricted interests (American Psychiatric
Association, 2013). Without intervention, many of these difficulties continue throughout life,
negatively affecting the possibility of a meaningful independent life (Roux, Shattuck, Rast, Rava,
& Anderson, 2015). However, intervention can improve developmental outcomes for children
with ASD (National Research Council, 2001).
Applied Behavior Analysis Interventions

Comprehensive and focused interventions based on the principles of applied behavior
analysis (ABA) are most commonly used by practitioners and parents for children with ASD
(Green et al., 2006; Reichow & Wolery, 2009; Stahmer, Collings, and Palinkas, 2005). These
interventions involve systematic procedures to increase or decrease targeted behavior or skill
through the observation, measurement, and analysis of human behavior (Baer, Wolf, & Risley,
1968). Comprehensive interventions are a combined set of interventions that are delivered in
intensive doses (e.g., 25 hours a week) over a long period of time (e.g., a year) to target overall
developmental progress in individuals with ASD (Odom, Boyd, Hall, & Hume, 2010). Pivotal
response training (see Koegel, Koegel, Harrower, & Carter, 1999); the Early Start Denver Model
(see Estes et al., 2015); and the Young Autism Project Model (see Reichow & Wolery, 2009) are

some examples of ABA-based comprehensive interventions that have produced positive



developmental outcomes in children with ASD (Dawson et al., 2010; MacDonald, Parry-Cruwys,
Dupere, & Ahearn, 2014).

Unlike comprehensive interventions, focused interventions target specific behaviors or
skills and are delivered for a short period of time (Odom et al., 2010). Many focused
interventions based on behavior analytic principles for individuals with ASD are recognized as
evidence-based practices for children with ASD (Wong et al., 2015; also see National Autism
Center, 2015) and most of the comprehensive interventions are made up of several focused
interventions. These focused interventions include changing the antecedent or the consequence
of the target behavior for behavior change or skill acquisition. For example, antecedent
procedures such as using a visual schedule can facilitate transition (Dettmer, Simpson, Myles, &
Ganz, 2000) and reinforcement procedures such as the token reinforcement system can increase
motivation (Matson & Boisjoli, 2009) for children with ASD in educational environments.

Despite its wide-use and effectiveness for intervention in children with ASD, there is
room for improvement in the field of ABA. Applied behavior analysis involves the study of
human behavior and typically relies upon human data collectors to observe and measure
participant behavior (Cooper, Heron, & Heward, 2007). However, accuracy and reliability in
human data collection can be threatened by observer drift (i.e., data collectors changing the
predetermined definition of the target behavior over time), objectivity (e.g., data collectors may
be affected by their own preconceptions of the participant), and reactivity (i.e., participant
behavior affected by the presence of a human data collector; Cooper et al., 2007). Additionally,
researchers may minimize the number of research participants due to the financial and temporal
resources needed for data collection and analysis in using human data collection (Crowley-Koch

& Van Houten, 2013).



Automated Data Collection

In recent years, many scientific fields use microprocessor-powered automated data
collection apparatuses to collect and analyze data to facilitate and innovate research involving
human participants (Bates, Saria, Ohno-Machado, Shah, & Escobar, 2014; Shull, Jirattigalachote,
Hunt, Cutkosky, & Delp, 2014; Swan, 2013). Automated data collection can reduce potential
human data collection problems in reliability, validity, and fidelity (Crowley-Koch & Van
Houten, 2013). Additionally, automated data collection allows researchers to collect data
continuously without human administration or oversight. The data collection apparatus will also
strictly adhere to the calibrated software or algorithm without change over time. In addition,
using an apparatus for automated data collection can also address fidelity issues that can occur
with human data collectors who may inadvertently omit or change predetermined procedures
(Gast & Ledford, 2014). Furthermore, automated data collection can allow researchers to
conduct research involving a larger number of participants by reducing the resources needed for
collecting and analyzing larger amounts of data (Crowley-Koch & Van Houten, 2013).

Automated data collection is used in the medical, government, and business sectors for
research and implementation of various treatments and innovations regarding human behavior
(Chen & Zhang, 2014; Lowe & OLaighin, 2014; Lyons, Lewis, Mayrsohn, & Rowland, 2014).
Technological advances in accelerometers, global positioning systems, and electrocardiography
allow researchers to measure human behaviors that are difficult (e.g., running distance) or
impossible to see with human eyes (e.g., change in cardiovascular rhythm) using small wearable
devices such as the Fithit or the Apple watch (Lowe, & OLaighin, 2014). Researchers can also
collect data with minimal human presence through computer-collected data from websites or pre-

programmed software (Chen & Zhang, 2014).



Automated data collection has rarely been used or discussed in the field of ABA
(Crowley-Koch & Van Houten, 2013; Kelly, 1977). Crowley-Koch and Van Houten (2013)
published a conceptual review on automated measurement in ABA extending Kelly’s (1977)
literature review regarding studies published in the Journal of Applied Behavior Analysis that
used automated data collection. In their review, Crowley-Koch and Van Houten discussed
potential applications of automated data collection apparatuses that can address the limitations in
human data collection. Crowley-Koch and Van Houten’s review included examples such as using
an eye-tracking device for an early literacy research, using computerized software to collect
various data in academic content learning, using barcode scanner data from local grocery stores
to study food consumption, and using a speech recognition device such as the Language
Environment Analysis (LENA®) system in language research for children with ASD (Crowley-
Koch & Van Houten, 2013).

However, even after the publication of this conceptual review by Crowley-Koch & Van
Houten (2013), there has been very little empirical support for the use of automated data in ABA.
Considering ABA emerged from the experimental analysis of behavior, where automated data
collection was responsible for the establishment and progress of the field (see, Skinner, 1956;
Springer, Brown, & Duncan, 1981), a systematic review of the current use of automated data
collection may facilitate more automated data collection in ABA. Therefore, Chapter 2 of the
current dissertation presents a systematic literature review that investigated the extent to which
ABA research used automated data collection apparatuses.

Chapter 2 investigated whether the field of ABA utilized technological advances
available to increase validity and reliability in data collection. Based on the earlier conceptual

paper by Crowley-Koch & Van Houten (2013), the review evaluated behavior analytic studies



from selected ABA journals from 2010 to 2018 to identify studies that used automated data
collection. Studies were coded to analyze whether automated data collection has increased since
previous reviews, the automated data collection apparatus that were used, and how the apparatus
were used in applied research. Specifically, the systematic literature review asked the following
research questions:
1. What are the changes, if any, in the use of automated data collection over time in applied
behavior analytic research?
2. What is the extent to which automated data collection is used in applied behavior analytic
research?
3. What are some uses of automated data collection in applied behavior analytic research?
Automated Data Collection in Language Research

Given the evidence supporting ABA for children with ASD, utilizing automated data
collection in research and interventions for children with ASD may also have added benefits,
especially in areas such as language and social communication as repeated and continuous
collection of data is recommended in order to assess children with ASD’s language skills in the
natural setting for effective intervention (Kasari, Brady, Lord, & Tager-Flusberg, 2013).
Although symptoms and severity of ASD vary greatly between individuals, difficulty in language
and social communication is prevalent amongst individuals with ASD (American Psychiatric
Association, 2013). Furthermore, though evidence supports both focused and comprehensive
ABA-based language interventions for children with ASD (Boyd et al., 2014; Kane, Connell, &
Pellecchia, 2010; Peters-Scheffer, Didden, Korzilius, & Sturmey, 2011), researchers predict at
least 30% of individuals with ASD graduating from high school have minimal to little language

skills (Roux et al., 2015). Language is a significant predictor for social skills development,



academic success, reducing behavioral difficulties, and quality of life in adulthood (Pickles,
Anderson, & Lord, 2014; Roux et al., 2015). Consequently, the Interagency Autism Coordinating
Committee (IACC) has called for increased research in language for children with ASD to
decrease the number of children with ASD who have little to no language skills (IACC, 2014).

Effective and meaningful research requires valid and relevant data. Currently, many
researchers use direct assessment (e.g., standardized assessment) or anecdotal reports (e.g.,
parent survey) for language characteristics and language intervention studies regarding children
with ASD. However, direct assessments conducted during a short period of time may not be an
accurate measure of the child’s language skills (Luyster, Kadlec, Carter, & Tager-Flusberg, 2008;
Sandbank & Yoder, 2014). In addition, anecdotal reports can be subjective depending who the
reports come from (Luyster et al., 2008). Hence, researchers recommended collecting repeated
(e.g., more than twice) or prolonged (e.g., longer than 30 min) natural language samples to
supplement direct assessments and anecdotal reports in language studies regarding children with
ASD (Bak, Plavnick, & Byrne, 2019; Sandbank & Yoder, 2014; Tager-Flusberg et al., 2009). But
collecting repeated language samples requires increased time and human resources for recording
and analyzing the additional language data.

Thus, several researchers have used the LENA system for automated data collection of
language samples from children with ASD (e.g., Dykstra et al., 2012; Sanders et al., 2016;
Warren at al., 2010). The LENA system is comprised of a software that aggregates then analyzes
frequency and duration of language data, and a small (8.13 cm x 5.08 cm x 1.27 cm) digital
recording device (Ford, Baer, Xu, Yapanel, & Gray, 2008). Some benefits of using the LENA
system in language studies are automatic count of vocalization data for 16 hr in 5-min intervals

and the opportunity to collect repeated language samples with minimal interference to



participants, especially children with ASD. Though the LENA system facilitates automated data
collection of language in children with ASD, its original intention for use was for typically
developing children between 12 to 48 months of age. As a result, some researchers question the
reliability of using the LENA system for research in children with ASD with severe language
delays or children with ASD over the age of four (see Bak et al., 2019; also, Rankine et al.,
2017). Therefore Chapter 3 of the current dissertation investigated the reliability of the LENA
system to support its use in language research involving children with ASD.

Chapter 3 compared data collected and disaggregated by the LENA system with data
collected by human coders using natural language samples collected from children with ASD of
various ages and ASD symptom severity. A preliminary study demonstrated that the reliability
calculated with the intraclass correlation coefficient (ICC) between the LENA system and human
coders was excellent (Cicchetti, 1994) at .87 using language samples from elementary school
children with ASD (Bak et al., 2019). However, this preliminary study included a small sample
(i.e., 18 hr from nine participants) from children with ASD between the ages of 6 to 10.
Therefore, current study analyzed the reliability of the LENA system by calculating the ICC
between the LENA system and human coders on the frequency of child vocalizations and
conversation turns between the child and an adult from natural language samples randomly
selected from 40 participants between the ages of 3 to 9 years.

Finally, Chapter 4 presents an exploratory study that investigated possible environmental
effects on expressive language in young children with ASD using the LENA system. Previous
research suggested that manipulating environmental variables may that may positively affect on-
going interventions (Boyd et al., 2014; Kane et al., 2010). Therefore, Chapter 4 investigated

whether certain environmental variables could positively affect the quantity of child vocalization



and conversational turns in 21 young children with ASD in three EIBI centers. The LENA
system collected and aggregated the child vocalization and conversational turn counts. These
language measures were analyzed with time-matched environmental data that was collected by
32 behavior technicians in the EIBI center. The environmental variables that were of interest
pertained to the location, the grouping, the delivery method, and the objective of instruction. The
primary investigator conducted correlational analyses and linear mixed modeling (Raudenbush &
Bryk, 2002) to investigate differences in child vocalization and conversation turn counts in
children with ASD under different environmental variables within the EIBI centers. Specifically,
Chapter 4 asked the following research questions:

1. Is there a difference in the quantity of selected LENA system language measures under
different environmental variables?

2. Is there a correlation between selected LENA system language measures and different
environmental variables?

3. And if correlations are identified, are there statistically significant differences in the quantity

of selected LENA system language measures under different environmental variables?



CHAPTER 2
Systematic Literature Review
Recent advances in technology have introduced big data, various automated data
collection methods, and data analytics to many research disciplines and human service industries
(Bates, Saria, Ohno-Machado, Shah, & Escobar, 2014; Provost & Fawcett, 2013). In health care
and health care research, for example, data are collected and stored during direct interactions
between patient and doctor through electronic health records, but could also be automatically
collected by cell phones, wearables (e.g., Fitbits), and social media (Bates et al., 2014). These
streams of data can be useful at both the population and individual levels, and often, can include
direct measures of human behavior (e.g., Shull, Jirattigalachote, Hunt, Cutkosky, & Delp, 2014;
Swan, 2013). Such an approach should be of great interest to researchers and practitioners in
applied behavior analysis (ABA) as it may allow for targeted interventions to improve human
behavior with effective and efficient data collection (Crowley-Koch & Van Houten, 2013).
Precise measurement of observable behavior is a critical dimension of applied behavior
analytic research and practice (Baer, Wolf, & Risley, 1968). Although most ABA research
involves small sample sizes, behavioral research textbooks are clear that the unit of analysis, or
case, can involve a large-N, possibly as large as a state if one were interested in and could
reliably measure behavior at such a level (Gast & Ledford, 2014; Kazdin, 2011). It is also likely
that ABA can contribute to the uses of big data and data analytics as they involve predicting and
improving behavior yet are not equipped with the same behavior change tactics used in ABA
interventions. A first step toward utilizing technological development regarding data collection in
applied behavior analysis is to identify apparatus that can automatically collect some or all of the

data necessary to improve socially relevant behaviors.



Automated measurement in ABA is not a novel concept as the experimental branch of
behavior analysis was founded with the use of automated data collection (see Skinner, 1956).
When automated data collection systems are used, the participant’s behavior triggers the device
to record the instance of the behavior, without the need for a human observer to record an
instance of the event (Crowley-Koch & Van Houten, 2013; Repp & Felce, 1990). The cumulative
recorder may be the most well-known behavior analytic example of automated data collection;
experimental researchers tracked the lever pressing of rats or key pecks of pigeons around the
clock using a device connected to an operant chamber that was engineered to mark each event on
a scroll of paper each time a lever press or key peck occurred (see Skinner, 1956 for a
description). A similar process can be observed in more recent experimental research whereby
participants complete tasks on computers, with computer software tracking participant responses
under varied presentation of stimuli (e.g., Finn, Barnes-Holmes, Hussey, & Graddy, 2016). The
goal of these devices is to remove as much experimenter bias from the measurement process as
possible and to obtain highly precise recordings of human behavior under specific environmental
conditions (Crowley-Koch & Van Houten, 2013).

The importance of measurement in ABA is very similar to the experimental arm of
behavior analysis (Springer, Brown, & Duncan, 1981). However, experimental studies are often
interested in easily assessed and quantified behavior, such that measurement can be conducted
with automated devices. The applied branch of behavior analysis focuses on behavior change
that “enhance and improve people’s lives” and chooses behaviors that are “socially significant
for participants” (Cooper, Heron, & Heward, 2007, p. 16). Consequently, the complexity of
human behavior as a dependent variable in applied behavior analysis has historically required

human observation and has limited the extent to which variables could be automatically recorded
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(Kelly, 1977). An advantage of automated data collection, such as an operant chamber, is the
precision of measurement across smaller temporal units and for longer periods of time relative to
the capacity of human observers, thereby providing precision and detail that might not be
possible or financially feasible with human observation (Crowley-Koch & Van Houten, 2013).
For example, covert behaviors such as anxiety, fear, arousal have been traditionally measured
through human observation sometimes supplemented by participant surveys (Kazdin, 1979;
Romanczyk, Kent, Diament, & O’Leary, 1973). Advances in technology bring new potential to
automatic data collection in ABA and might offer opportunities to quantify variables that are
important to further the applied science.

Recent advances in microprocessor technology offer many opportunities for scientists to
study a wide range of human behavior in applied settings (Lowe, & OLaighin, 2014; Bonato,
2005; Lyons, Lewis, Mayrsohn, & Rowland, 2014). These advances present an opportunity for
applied behavior analytic researchers to collect more precise and comprehensive data on
dependent measures of interest (Crowley-Koch & Van Houten, 2013), which may expand the
reach of ABA within other areas of human behavioral science (e.g., education, health policy).

Kelly (1977) systematically evaluated the quality of data collection in applied behavior
analytic research by documenting the extent to which studies published during the first eight
years of the Journal of Applied Behavior Analysis (1968-1975) ensured reliability and validity of
measurement of the dependent variable. Among other variables, Kelly (1977) assessed the
number of applied studies in the journal that incorporated automated data collection within the
procedures. Kelly reported that 16% of studies published in the review timeframe used
automated data collection. At that time, the complexity of the dependent variable in ABA was

believed to necessitate human observation and limited the extent to which variables could be
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automatically recorded. In addition, applied environments were not readily turned into operant
chambers where subjects’ behavior could be automatically recorded by devices within that
environment.

Although modern technology has introduced numerous digital devices that expand the
behaviors and subjects to which automated data systems can be used, applied behavioral
researchers may not be taking advantage of the technology and the benefits of automated data
collection (Crowley-Koch & Van Houten, 2013). In the time since Kelly’s (1977) review, we
know of no systematic reviews of the extant literature evaluating the use of automated data
collections in applied behavior analytic research.

Crowley-Koch and Van Houten (2013) suggest the lack of emphasis on automated data is
a barrier to the widespread adoption of ABA. They provide an overview of potential devices that
automatically collect and extract data for a number of dependent variables that may be of interest
to behavior analysts (e.g., language, location, movement). Although their commentary provides
several potential systems for automatically collecting data in applied behavioral research,
Crowley-Koch and Van Houten (2013) only estimate the extent to which such applications are
currently in use.

An updated systematic review has potential to advance current data collection practices in
applied behavior analytic research by identifying devices that have been successfully used to
automatically collect data, as well as those that have potential for broader adoption. Therefore,
the current review evaluated the extent to which influential ABA journals published studies that
used automated data and the type of automated data collection apparatus these studies used for
the past nine years. This review aims to extend measurement practices in behavior analysis by

systematically evaluating the type and frequency of automated data collection and offers
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empirical support to the recommendations of Crowley-Koch and Van Houten (2013). As a
comparison, the current review also investigated the use of automated data collection during one
publication year in the Journal of the Experimental Analysis of Behavior (JEAB). This allowed
for a comparison of automated data collection in ABA research to current uses in the
experimental arm of behavior analysis. Specifically, the current review asks the following
research questions:
1. What are the changes, if any, in the use of automated data collection over time in applied
behavior analytic research?
2. What is the extent to which automated data collection is used in applied behavior analytic
research?
3. What are some uses of automated data collection in applied behavior analytic research?
Method

Journal inclusion and study selection. Journals were included in the present review if
the journal (a) was published in English, (b) was included in the Social Sciences Citation Index
Master Journal List from Clarivate Analytics (see http://mjl.clarivate.com/cgi-
bin/jrnlst/jloptions.cgi?PC=SS) and stated in their publication statement or overview that the
journal publishes studies based on applied behavior analysis or behavioral sciences at the time
the review was conducted, and (c) regularly published at least 50% of applied research
examining human behavior among all experimental articles during the most recent previous year
(i.e., 2017). The journal list from Clarivate Analytics was used as the database provided the
largest list of peer-reviewed journals compiled by a third-party (https:// clarivate.com). Journals
selected for this review according to these criteria were: Behavioral Interventions (BI), Behavior

Modification (BM), Journal of Applied Behavior Analysis (JABA), Child and Family Behavior
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Therapy, Journal of Behavioral Education (JBE), Journal of Organizational Behavior
Management (JOBM), and Journal of Positive Behavior Interventions.

From the included journals, research studies were selected using a two-step process. First,
the authors collected all articles from each of the journals listed above that included at least one
data-based study published between January 2010 and December 2018. This time period was
selected because it was the most current decade and because the proliferation of consumer-
products that measure biometric information happened during this decade. Data-based studies
were defined as research articles or brief reports that involved collection and analysis of
behavioral data. Literature reviews, conceptual articles, tributes, and book reviews were
excluded. In this initial collection, the authors also included all articles with at least one data-
based study from JEAB in 2015 to analyze possible differences and or similarities in the use of
automated-data collection between applied and experimental fields of behavior analysis.

The researchers then reviewed all articles to determine whether the initial articles met the
following criteria for final inclusion in the review: (a) the dependent variable was an output
collected and displayed by an automated data-collecting apparatus, (b) this apparatus operated on
a pre-calibrated or pre-programmed algorithm specific to the dependent variable, and (c) the data
displayed by the apparatus was in the same form as the data the researchers reported in the
manuscript. For example, office referrals collected and entered into a school wide behavior
intervention software did not meet criteria for automated data collection because the software
required participants or investigators to observe, assess, and code behavioral events and directly
enter data into the software (i.e., the apparatus in this case simply was used for organization and
management and not for automated data collection). Similarly, studies that used electronically

collected surveys were not included in the review because although the survey aggregated the
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results for the researchers, the participants had to manually input the answers into the survey.
However, if an apparatus was used to determine and numerically display the insulin levels of
participants, the study was coded as using automated data, as this apparatus operated on an
algorithm specific to collect insulin levels and investigators only had to retrieve the data from the
apparatus. If an article included multiple research studies, each study was assessed individually
for inclusion in the review. The review process produced 17 studies from BI, seven studies from
BM, 96 studies from JABA, four studies from JBE, and 26 studies from JOBM. Both Child and
Family Behavior Therapy and Journal of Positive Behavior Interventions did not have any
studies that used automated data collection within the timeframe (i.e., 2010 to 2018) for this
review. Additionally, the authors identified 54 studies from the 2015 issue of JEAB. A total of
204 studies were included for coding and analysis. A flowchart depicting the process of inclusion
and exclusion of studies is presented in Appendix A.

Coding. Studies that were included in the review were coded by the authors for the
following descriptive components of each study: apparatus, dependent variable, participant, and
setting. All coders were trained to 90% inter-rater reliability (IRR) with the second author on
articles from the 2009 volume of JABA prior to coding studies included in this review. Coders
received a training study, independently coded the study for each dependent variable, and
compared results with the second author. Disagreements were discussed, and coders completed
another training-study until reaching 90% IRR on a single study. The IRR percentage was
calculated by dividing by the sum of agreed variables by the total number of variables and
multiplying it by 100 to yield a percentage (Gast & Ledford, 2014).

Apparatus. The authors classified the apparatus used in each study within one of six

categories (described below). The type of apparatus included computer, wearable, sensor,
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counter, laser, custom-built, or other. Studies that used a computer running a specific software or
program to measure and collect the data were coded as, computer. However, a study that used a
computer only to control an externally connected apparatus that directly measured and collected
the dependent variable was coded according to the connected apparatus. For example, a barcode
reader that needed to be connected to a computer for calibration and data input/output was coded
as, laser (e.g., Sigurdsson, Larsen, & Gunnarsson, 2014). A wearable apparatus was defined as
any digital apparatus worn by a participant that recorded and displayed physical movement, such
as a Fitbit. Sensors included any apparatus that detected and measured an organic chemical
reaction brought on by physiological changes in participants such as breathalyzers that detect
alcohol or oxygen levels. Counters included any apparatus that tabulated the frequency of an
event or a behavior such as a pedometer. Laser was defined as an apparatus that incorporated
lasers to detect and measure the dependent variable such as barcode readers and speedometers.
Apparatuses that included any custom-built apparatus such as an operant chamber that could
track the response to a behavior of interest were coded as, custom-built (see Skinner, 1956).
Studies that used automated data collection with devices that did not fit into any of the above
categories were coded as other.

Dependent variable. Authors coded two dimensions of the dependent variable. First,
authors coded how the dependent variable was collected in each study. A study was coded as
apparatus only if the only measure of behavior in the study was collected solely by an apparatus.
If there were additional dependent variables collected for the study, and these were collected in-
part by humans, the study was coded as apparatus and human.

Participant and setting. The type of participant in each study was coded into one of the

following four categories: animal, university students, adult community members, and minor
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community members. Studies that used animals instead of human participants were coded as
animals. University students were defined as undergraduate or graduate students enrolled in a
higher education institution who volunteered or were recruited specifically for the study. A likely
representation of this group would be graduate or undergraduate students attending the university
where the study was conducted. Adult community members were defined as individuals above

18 years of age who participated in the study because they belonged to a specific community of
interest (e.g., medical diagnosis, occupation) to the study. Minor community members included
participants who were under 18 years old or were between grades pre-k to 12 to include
individuals with disabilities still receiving K-12 education even after reaching the age of 18.

For the setting variable, the authors referenced the method section of each study and
recorded the location where each study was conducted (i.e., the location where the apparatus for
data collection was used).

Applied vs. not-applied. Authors evaluated each study to code whether the data collection
apparatus was used for applied or experimental research. The rationale for coding the articles on
whether they were applied research, was to answer the research questions on the extent to which
automated data collection is used in applied research and to provide suggestions for the use of
automated data collection apparatus in ABA research. The authors referenced each study’s
research question and the coded results for participant and setting (explained above) to code for
this variable. In the scope of this review, for a study to be considered as applied research, the
research questions had to be socially valid (Cooper et al., 2007; Wolf, 1978) for the participants
of the study (e.g., gamblers in a gambling addition study but not undergraduate volunteers with
no gambling history in a gambling addiction study) and the participants had to have a “close

relationship” with the setting (e.g., individuals with gambling addiction in a casino but not
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undergraduate students with no gambling addiction history in a casino; Baer et al., 1968, p. 92).
If studies involving animals were collected, they were coded as either applied or not-applied
research with the same process. For example, a study that evaluated different training procedures
for police dogs to detect narcotics would be coded as applied, but a study that used rats to test
potential punishment strategies were coded as not-applied.

Inter-rater reliability. Independent reviewers assessed IRR on two levels. First, the first
author selected a year between 2010 and 2018 randomly for each journal using Google’s
random-number generator (i.e., BI=2015, BM =2017, JABA =2011, JBE = 2011, JOBM =
2016). The first author and an independent reviewer selected studies that met the inclusion
criteria for automated-data use from each journal volume. The planned IRR for article inclusion
was to be calculated using the intraclass correlation coefficient. However, the first author and
independent reviewer had identical selections for each journal volume.

Inter-rater reliability was also calculated for each of the dependent variables among the
included studies. IRR between the first author and four independent reviewers was assessed for
this part of the coding process. After meeting training criteria (i.e., 90% agreement), the
independent reviewers coded 33% of all included studies randomly selected across the different
journals. The studies included in the IRR process contained six articles from BI, three articles
from BM, 31 articles from JABA, one article from JBE, nine articles from JOBM, and 18 articles
from JEAB. The mean IRR for coding was calculated by dividing the number of agreements with
the sum of agreements and disagreements and by multiplying the result with 100 to derive a
percentage. The IRR was 99.08% for all included articles with a range of 75 to 100.

Results

Of the 1466 data-based articles published in BI, BM, JABA, JBE, and JOBM between
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2010 to 2018, 10.16% (n = 149) used an automated data collection apparatus. The Journal of
Organizational Behavior Management had the highest (i.e., 22.81%) and JBE had the lowest
(i.e., 2.4%) percentage of studies that used automated data collection during the nine years
included in this review. Conversely, 71.43% (n = 35) of data-based articles published in JEAB
during 2015 used an automated apparatus for data collection.

Figure 1. Time Series Graph of Percentage of Automated Data Collection Studies from 2010 to
2018
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Line graph depicting the percentage of studies that used an automated data collection device during each
year from all journals included in this review except JEAB.

Changes over time. Figure 1 represents a time series graph of the total percentage of
studies that used automated data collection in each year from 2010 to 2018. Upon visual
analysis, there were no notable increases or decreases in the percentage of published studies that
used automated data collection between 2010 to 2018. By year, the highest percentage of studies
that used automated data collection was in 2017 with 14.1% (n = 22 out of 156 studies) and the
lowest was in 2012 and 2018, both at 7.78% (n = 13 out of 167 studies). Furthermore, there was

no notable increase or decrease within each journal. Although BI published six studies that used
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automated data collection in 2018 (a three-fold increase from 2017), the journal had a decline in
the number of published studies that used automated data collection since 2010 (n = 3) with no
studies using automated data collection during both 2015 and 2016. Other journals showed a
similar pattern, where the numbers of published studies that used automated data collection
fluctuated throughout the years included in this review. Table 1 shows the number of studies that
used automated data collection in each journal by year.

Table 1. Number of Studies that Used Automated Data Collection in Journal by Year

BI BM JABA JBE JOBM Total
2010 3 0 14 0 3 20
2011 3 1 12 1 2 19
2012 1 0 8 0 4 13
2013 1 0 10 1 6 18
2014 1 1 10 0 2 14
2015 0 0 12 0 4 16
2016 0 1 11 1 1 14
2017 2 4 14 1 1 22
2018 6 0 4 0 3 13
Total 17 7 95 4 26 149

Note. Bl = Behavioral Interventions, BM = Behavior Modification, JABA = Journal of Applied Behavior Analysis,
JBE = Journal of Behavioral Education, JOBM = Journal of Organizational Behavior Management

Apparatus. Similar to the number of published studies that used automated data
collection from 2010 to 2018, there was no noticeable increase or decrease in the number of
apparatus used between the years. Among the different types of apparatus coded for this review,
researchers used the computer most often at 59.38% (n = 95). Studies that used computers
utilized programmable software such as Microsoft’s Visual Basic (e.g., Fineup, Covey, &

Critchfield, 2010; Fahmie, Macaskill, Kazemi, & Elmer, 2018), pre-programmed computer
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software to collect the dependent variable automatically (e.g., Grindle, Hughes, Saville, Huxley,
& Hastings, 2013; Schnell, Sidener, Debar, Vladescu, & Kang, 2018), or used computers as a
means to control microswitches or external mechanisms (e.g., Kelley, Liddon, Ribeiro, Grief, &
Podlesnik, 2015; Lancioni et al., 2017) . The second most used apparatus was wearable biometric
devices such as Fitbits at 10.63% (n = 17). The least used apparatus for automated data collection
was the laser (e.g., speed gun; Vanwagner, Van Houten, & Betts, 2011) and apparatus in the
“other” category, both at 3.13% (n = 5). All five studies that used apparatuses coded as “other”
used a scale to measure weight (e.g., Darling, Fahrenkamp, Wilson, Karazsia, & Sato, 2017;
Hankla, Kohn, & Normand, 2018; Napolitano, Lloyd-Richardson, Fava, & Marcus, 2011;

Penrod, Wallace, Reagon, Betz, & Higbee, 2010; Peterson, Piazza, & Volkert, 2016).

Table 2. Number of Specific Automated Apparatus Used for Data Collection by Journal

Computer Wearable Sensor Counter Laser Custom Other

BI 7 3 0 5 1 1 2
BM 3 2 3 1 0 1 2
JABA 63 11 8 9 2 5 1
JBE 3 1 0 0 0 0 0
JOBM 19 0 5 0 2 0 0
Total 95 17 16 15 5 7 5
JEAB 25 0 2 0 0 27 0

Note. BI = Behavioral Interventions, BM = Behavior Modification, JABA = Journal of Applied Behavior Analysis,
JBE = Journal of Behavioral Education, JOBM = Journal of Organizational Behavior Management; Total is the
number of studies from BI, BM, JABA, JBE, and JOBM

Dependent variable. Of the 149 studies collected in this review, 81.21% (n = 121)
collected their dependent variables solely with an automated data collection apparatus. The

remaining 18.8% (n = 28) used human data collectors to collect additional dependent variables in
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addition to the dependent variable collected by an automated apparatus. These included
standardized assessment results that would accompany the dependent variable collected through
an apparatus (e.g., Storey, McDowell, & Leslie, 2017); additional surveys and self-reports
collected from the participants (e.g., McLeish, Luberto, & O’ Bryan, 2016); and data from
certain participants that could not be collected solely from an automated apparatus (e.g., Saini,
Fisher, & Pisman, 2017). Similarly, 14.89% (n = 7) of articles coded from the 2015 issue of
JEAB used human data collectors to collect additional dependent variables.

Settings and participants in automated data collection. Researchers conducted
55.03% (n = 82) of the studies in a not-applied setting such as a university laboratory and
44.97% (n = 67) in an applied setting such as public schools (e.g., Plavnick, Thompson, Englert,
Mariage, & Johnson, 2016) and playgrounds (e.g., Galbraith & Normand, 2017); community
establishments such as bars (e.g., Kazbour & Bailey, 2010) and local grocery stores (e.g.,
Sigurdsson et al., 2014); and public areas such as roads (e.g., Dixon et al., 2014). One study did
not provide specific details to the setting but was coded as conducted in a not-applied setting
based on the methods presented in the article (see, Mahon, Lyddy, & Barnes-Holmes, 2010). The
majority of the studies (i.e., 62.42%; n = 93) recruited participants that were directly related to
the research question such as children with cochlear implants (e.g., Golfeto & de Souza, 2015),
adults with alcohol dependence (e.g., McDonell et al., 2012), and adults with Alzheimer’s (e.g.,
Steingrimsdottir & Arntzen, 2011). A few studies recruited large scale participants such as
shoppers at a local grocery store (e.g., Sigurdsson et al., 2014) or all households in a designated
area (e.g., Oliveira-Castro, Foxall, & Wells, 2010).

Applied studies. Based on the coding results from the setting and the participants

presented above, 30.77% (n = 68) studies were coded as being applied studies. Figure 2 depicts a
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line graph that shows the number of applied studies that used automated data collection over bars
that represent the number of all studies that used automated data collection that were published
in BI, BM, JABA, JBE, and JOBM. Similar to the change in the overall number of published
studies that used automated data collection, the numbers fluctuate between the years but there is
no noticeable increase or decrease throughout the nine years in the number of applied studies.
Per journal, 76.47% (n = 13) of studies that used automated data collection from BI were coded
as applied, followed by 75% (n = 3) from JBE, 57.14 % (n = 4) from BM. There were less
applied studies amongst those that used automated data collection in JABA at 42.1% (n = 40)
and JOBM at 30.77% (n = 8). Only one study (see Ribeiro, Miguel, & Goyos, 2015) from JEAB
was coded as an applied study of the 54 studies that used automated data collection in 2015.

Figure 2. Graph of Number of Applied Studies and All Automated Data Studies (Except JEAB)
from 2010 to 2018
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Bar graph represents the number of studies per year from all collected studies except JEAB that published research
that used an automated data collection device and the line graph represents the number of applied studies that used
automated data collection published each year from all collected studies except JEAB.

Although computers were still the most used automated data collection apparatus

amongst applied studies, only 36.11% (n = 26) of applied studies used computers compared to
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59.38% for all studies, both applied and not-applied. A larger ratio of sensors, wearables, and
counters were used in applied research compared to all studies, both applied and not-applied.
Sensors were used in 19.44% (n = 14) of applied studies compared to 10% for all studies,
wearables were used for automated data collection for 12.5% (n = 9) of the applied studies
compared to 10.63% for all studies, and counters were used in 15.28% (n = 11) of the applied
studies compared to 9.38% for all studies, both applied and not-applied.

Figure 3. Graph of Apparatus Used in Applied Studies and All Automated Data Studies (Except
JEAB) from 2010 to 2018
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A bar graph of the different automated data collection apparatus used by studies included in the review. The black
bars represent the percentage of each apparatus used in all automated data collection studies collected (except
JEAB) and the grey bars represent the percentage of each apparatus used in applied studies only.

Discussion

The current study reviewed the extent to which automated data collection is used in
studies published in behavioral research journals from 2010 to 2018. A total of 149 studies from
five journals (i.e., Bl, BM, JABA, JBE, and JOBM) that used automated data collection were
included in this review. Of all published data-based studies across the nine years from the five

journals, 10.16% collected data automatically with a range of 7.78% to 14.1% between journals.
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However, there was no noticeable change over time in the percentage of studies that used
automated data collection in all journals from 2010 to 2018.

Although researchers can collect data accurately, efficiently, and across a wider range of
human behavior in social science, health, medical, consumer analytics, and policy through the
development of technology (Bonato, 2005; Lyons et al., 2014), there was no increase in the
percentage of automated data collection reported from 2010 to 2018 in ABA based on the studies
collected for this review. The results of this review strongly support Crowley-Koch and Van
Houten’s (2013) view that the field of ABA is not thoroughly utilizing available technology that
can innovate data collection methods and increase efficiency and accuracy through automated
data collection. Moreover, a previous review conducted by Kelly (1977) reported 16% of studies
used automated data collection from one ABA journal (i.e., JABA) between 1968-1975. The
percentage of studies that used automated data collection published in JABA between 2010-2018
was 13.25%. Because the percentage of published studies that used an automated data collection
apparatus in JABA from 2010-2018 is smaller than Kelly’s 1977 review result, this may point to
a decrease in studies that use automated data collection apparatuses since the early years of ABA.
Also, the total number of published studies in JABA during the time period of the current review
is much higher than the number of published studies during the time period of Kelly’s (1977)
review. It is also worth noting that although the field grew and more research is conducted, the
ratio of automated data collection has not increased.

This lack of change is surprising considering the abundance of computers and devices
that offer wireless and microprocessor technology in the current decade (Lowe, & OLaighin,
2014; Bonato, 2005; Lyons, et al., 2014). The foremost benefit of utilizing an automated data

collection apparatus for applied behavior analytic research can be increased accuracy in
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measurement (Crowley-Koch & Van Houten, 2013). Although human observation of behavior
has been the traditional approach to data collection in ABA (Springer et al., 1981), human data
collection can result in unintended errors (Gast & Ledford, 2014). Human observers can be
affected by observer drift which require assessment in procedural fidelity and training. Human
observers can also be subjected to bias, and continued observation sessions with multiple
dependent variables or multiple participants can result in errors due to fatigue and stress (Gast &
Ledford, 2014; Kazdin, 2011). An automated data collection apparatus can offer researchers with
a data collection method of consistency and accuracy (Crowley-Koch & Van Houten, 2013).

For example, Yu, Moon, Oah, and Lee (2013) installed weight sensors in participants’
chairs to measure appropriate sitting postures during sedentary office work under different
feedback conditions. Had Yu and colleagues (2013) used human observers, the observers would
have had to record the shift in participants’ posture continuously to collect the dependent variable
and report the changes immediately to allow respective feedback conditions or provide feedback
accurately themselves. Yu and colleagues (2013) defined appropriate posture with definitions for
five different body parts in their study. Observing participants while remembering the definitions
for appropriate behavior, collecting data, and providing intervention would be a difficult task for
humans that can increase errors. However, by inserting several sensors into the chairs in the
participants’ natural work space, Yu and colleagues (2013) were able to not only collect accurate
data but also provide accurate feedback based on the parameters of the intervention (i.e.,
immediate vs delayed feedback).

With the advent of technology, various devices equipped with pre-programmed
algorithms to measure and regulate behavior have been available for mass consumption.

Researchers can use these devices as automated data collection apparatus to answer research
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questions in place of human observers. Wearable devices such as the Fitbit can provide
frequency or distance of movement for studies involving physical interventions (e.g.,
Washington, Banna, & Gibson, 2016) or heart rates for studies involving intensity of physical
activity (e.g., Larson, Normand, & Hustyi, 2011) or anxiety levels (e.g., Chok, Demanche,
Kennedy & Studer, 2010). Although some of these studies may have limitations regarding the
validity of the data (i.e., using number of steps for exercise or heart rates for anxiety levels), they
provide some preliminary ideas in ways an automated apparatus can increase accuracy in data
collection in applied settings compared to direct human observation.

In addition to providing a method for accurate and consistent data collection, automated
data collection can offer efficient and effective ways to collect behavioral data that could be
considered difficult to collect by human observation (Crowley-Koch & Van Houten, 2013). For
example, Reyes, Vollmer, and Hall (2011) used a penile strain gauge to discern sexual arousal
among sex offender participants with developmental disabilities. The penile plethysmograph
allowed Reyes and colleagues (2011) to collect data on sexual preferences through an ethical and
comprehensible method for the participants (all participants were deemed “incompetent for trial”
because of their disabilities) within the settings the participants were confined (i.e., a residential
treatment facility). As such, the results of Reyes and colleagues (2011) study could offer
solutions for intervention and treatment based on reliable, accurate data that may not have been
possible without the automated data collection apparatus.

Another example is Dallery, Raiff, and Grabinski’s (2013) study where 77 adult
participants recorded their own carbon-monoxide levels in their homes using a carbon-monoxide
monitor and transferred the data to the researchers via the internet for a study regarding the effect

of feedback methods on nicotine addiction. Dallery and colleagues’ (2013) use of an automated
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data collection apparatus possibly reduced errors (e.g., counting or reporting the number of
cigarettes consumed from 77 participants); logistical constraints (e.g., pre-setting a time of day
for observation for the large number of participants); and potential reactivity (e.g., smoking less
during the observation sessions) that could have existed with human observation (Crowley-Koch
& Van Houten, 2013).

Furthermore, technological development is increasingly offering smaller microprocessors
with enough processing power for continuous analysis of complex algorithms involving human
movement (see Lowe & OLaighin, 2014). In one example, Lancioni and colleagues (2011) used
camera-based microswitches to track facial movements in children with disabilities. This method
can be adapted and applied to the abundance of existing studies in ABA regarding children with
severe disabilities and social skill development such as eye-gaze and joint-attention. Where
researchers have traditionally used human observation whether in vivo or through videotaped
records to count instances of “eye contact” or facial expressions such as smiling, a programmed
microswitch connected to a camera can collect minute changes in facial expression with
consistent accuracy for as long as the researchers desire.

In another example, Saunders and Saunders (2012) programmed their microswitch for
adults with severe disabilities so they could learn to control devices such as digital music player
with their switches. The microswitch allowed the participants with severe disabilities to control
preferred reinforcement devices and also allowed the researchers to automatically collect the
frequency and duration of the participants’ microswitch usage (see Saunders & Saunders, 2012).
The microswitch used in Saunders and Saunders (2012) can be thought of as a modern-day
cumulative recorder (see Skinner, 1956) and a good example of how technology has progressed

automated measurement in ABA to allow precise data collection and intervention that would
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have been difficult with human observation.

Automated data collection can also allow ABA research to increase the number of
participants enrolled in studies. The precision of measurement and reliability in employing a
large number of human observers has sometimes limited implementation to a manageable sample
size (Gast & Ledford, 2014; Kazdin, 2011). Obviously, research involving individualized
instruction or those that target specific populations do not need a large sample such as
interventions that target self-injurious behavior in individuals with severe disabilities (see
Matson & LoVullo, 2008). However, using automated data collection apparatuses may allow
ABA researchers to conduct behavior change intervention research for a larger population.
Incorporating automated data collection to conduct studies with a larger sample may increase
collaboration with data analytic research conducted in other fields that may be familiar with
analyzing big data results (see Bates et al., 2014; also, Provost & Fawcett, 2013) but not
equipped with the effective behavior change interventions that ABA can offer (Crowley-Koch &
Van Houten, 2013).

Typically, behavioral studies relied on computers running programmed interfaces to
simulate applied settings or offer efficient data collection for a large number of participants (e.g.,
Fineup et al., 2010; Hirst, DiGennaro Reed, & Reed, 2013; Roose & Williams, 2018; Tanji &
Noro, 2011). As such, computers were the most used automated data collection apparatus in the
current review. Computers running program language such as Visual Basic (e.g., Roose &
Williams, 2018; Tanji & Noro, 2011), interactive software such as Adobe Captivate (e.g., Schnell
et al., 2018), or software developed for e-learning (e.g., Critchfield, 2014; Jamison et al., 2014)
can offer an advantage to researchers because it allows them to simulate applied settings or offer

efficient data collection from a large number of participants.

29



However, many of the studies that used a computer for automated data collection were
not considered as applied studies in the scope of the current review as they simulated
environments or used volunteers as participants (e.g., university students). One idea for
increasing the number of participants using automated data collection in applied settings is to use
apparatus that were already implemented by existing infrastructure to conduct studies intended
for a larger sample. Bekker and colleagues (2010) and Schultz, Kohn, and Musto (2017) used
electricity meters installed in university dorms to collect dependent variables for interventions on
energy conservation. In these studies, the researchers used data collected automatically by
existing apparatuses (i.e., electricity meters installed by power companies) instead of observing
changes in behavior such as turning off un-used devices or reducing the duration of a shower by
visiting participants’ residences for observation sessions (Bekker et al., 2010; Schultz et al.,
2017). Using this existing automated data collection apparatus, Bekker and colleagues (2010)
implemented their interventions on 326 participants and Schultz and colleagues (2017)
implemented their intervention on 99 participants. Similarly, Sigurdsson and colleagues (2014)
studied the effects of advertisement and in-store placement on changed purchasing habits by
using the data already collected from the stores through the installed barcode scanners for
checkout. With the existing apparatus, Sigurdsson and colleagues (2014) were able to enroll
100,000 participants in their alternating treatments design study.

Limitations and future research. Although this review presents quantified and
systematic support to Crowley-Koch and Van Houten’s (2013) review and extends Kelly’s (1977)
review, there are some limitations. First, we only used one journal index (i.e., Clarivate
Analytics) to provide parameters for the hand search. Although Clarivate Analytics is the largest

journal citation index (see https://clarivate.com/), we may have missed other behavioral journals
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that were not included in this index. Future studies should combine a hand search of relevant
journals with a database search with search terms related to ABA in order the expand the review.

Second, the current review was limited to studies published between 2010 to 2018. The
apparatuses collected in the current review are heavily concentrated on personal computers and
consumer biometric devices that became available for mass consumption during the current
decade. Including studies that were published in the late 1980s or the early 1990s may provide
innovative ideas of automated data collection that do not rely on high-technology consumer
products but rather required researchers to create custom-made devices that automatically
collected data — perhaps a device that bridges the cumulative recorder (see Skinner, 1956) and
the microprocessor (see Saunders & Saunders, 2012).

Finally, because we only collected articles from one year (i.e., 2015) of JEAB, the current
review was not able to provide a more thorough analysis of the difference in automated data
collection apparatus usage between the applied and the experimental arm of behavior analysis.
Future studies should include studies published throughout the years in JEAB and other
experimental behavior analysis journals. This would allow for a more comprehensive overview
on the automated data collection apparatuses used in not-applied studies that could lead to
automated data collection apparatuses and methods that can be adapted for applied research not

discussed in the current review.
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CHAPTER 3
Original Study

Language in Children with ASD

Atypical language development and difficulty in social communication are common
characteristics among individuals with autism spectrum disorder (American Psychiatric
Association, 2013). Language is an important skill that can help ameliorate problematic
behaviors (e.g., self-injurious behavior), increase social skills, and facilitate academic success
(Pickles, Anderson, & Lord, 2014). However, many children with autism spectrum disorder
(ASD) who do not acquire functional communication by age 5 may remain nonverbal throughout
their lifetime (Tager-Flusberg & Kasari, 2013). Thus, the characteristics of language
development and language skills among children with ASD are frequently examined in research
as they can inform more effective interventions that promote better developmental outcomes
(Sandbank et al., 2017). Despite the importance of precise measurement of language, there are
many barriers to obtaining reliable language measures of children with ASD.
Language Assessments for Children with ASD

Language assessments for children with ASD in research often involve direct
standardized assessments, parent report, or analysis of language samples (Luyster, Kadlec,
Carter, & Tager-Flusberg, 2008; Sandbank & Yoder, 2014). Direct standardized assessment
typically involves a trained assessor using manualized testing procedures to assess expressive
and receptive language. The Mullen Scales of Early Learning (MSEL; Mullen, 1995) and the
Preschool Language Scale (Zimmerman, Steiner, & Pond, 2002) are common direct standardized
assessments utilized by researchers to evaluate language skills in children with ASD (e.g., Baril

& Humphreys, 2017; Boyd et al., 2014; Weismer, Lord, & Esler, 2010). However, because
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standardized assessments are usually conducted on a single day, the resulting score may not
provide an accurate representation of a child with ASD’s language skills which can be affected
by the child’s physical condition at the time of assessment, and the familiarity of the assessor
and/or the assessment setting to the child (Sandbank & Yoder, 2014). In addition, for some
children with ASD, standardized assessments may not produce scores that can provide sensitive
results when the majority of the questions are too difficult for the child (Rankine et al., 2017).

Parent-reported language assessments are typically conducted with a survey or interview
by a trained assessor that proceeds with the manualized interview asking primary caretakers
questions regarding communicative intent, receptive and expressive language, and language use
in the home. The Vineland Adaptive Behavior Scale (Sparrow, Balla, & Cicchetti, 1984) and the
MacArthur-Bates Communicative Development Inventory (Fenson et al., 1993) are typically
used parent-report language assessments (e.g., Boyd et al., 2014; Fletcher-Watson &
McConachie, 2017; Weismer, et al., 2010). Although parent-reports can provide an overview of
the child’s expressive and receptive language skills in their natural environment (Tager-Flusberg
et al., 2009), parent reports may not be objective measures as parents are inclined to over-
estimate their children’s language skills, especially receptive language (Luyster et al., 2008).
Moreover, a potential communication barrier between the interviewer and the parent or caretaker
due to language or cultural background could affect the validity of the assessment (van
Widenfelt, Treffers, de Beurs, Siebelink, & Koudijs, 2005).

Despite frequent use of direct assessments and parent reports to measure language skill in
children with ASD, there are limitations for each approach (Luyster et al., 2008). Thus recently,
more researchers recommend assessing language skills of children with ASD through language

samples collected from the child with ASD in their natural setting (e.g., classroom or home;
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Kasari, Brady, Lord, & Tager-Flusberg, 2013). Typically, this involves recording an audio sample
from the child with ASD, transcribing the collected audio, and analyzing it according to the
research question (e.g., Burgess, Audet, & Harjusola-Webb, 2013; Tager-Flusberg et al., 2009).
However, collecting natural language samples can be costly in terms of resources. For example,
collecting and analyzing natural language samples requires high quality and quantity of human
coders. In addition, the data transfer, coding, and analysis process will take a considerable
amount of time.

The Language Environment Analysis System

Current advances in technology may provide a solution for some of the difficulties of
collecting language samples from children with ASD in a natural setting. The Language
Environment Analysis (LENA®) system is one data collection system that provides an efficient
way to collect and analyze natural language samples from children with ASD. The LENA system
was developed in 2006 to investigate language environments of young children (Gilkerson &
Richards, 2009). It consists of the LENA digital language processor (i.e., the audio recording
device; DLP) that collects and records audio data, and the LENA software (i.e., the analysis
software) that aggregates and analyzes the DLP-collected data (for more details, see
https://www.lena.org).

One benefit of using the LENA system, is that the LENA software automatically
produces frequency and duration data of child vocalizations, child conversations with an adult,
and other environmental sounds such as adult talk, other child vocalization, and sounds from
electronic devices (e.g., television). This automated process allows researchers to collect reliable
and precise data in small increments for durations and repetitions that may be impossible for

human data collectors. The automatic data output also eliminates preliminary human coding
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needed to analyze natural language data. Another benefit of using the LENA system is the
possible reduction in participant reactivity. The LENA DLP weighs less than 5.67 g and
measures at 8.13 cm x 5.08 cm x 1.27 cm. The weight and size of the LENA DLP allows
researchers to enclose the device in the pocket of the LENA t-shirt — a generic, round-neck t-shirt
with two snap-buttons (for more information, see https://www.lena.org). Thus, the LENA DLP
can be worn by the participants with minimal interference with the participant’s daily activities
ensuring stable and reliable collection of natural language data. Therefore, many researchers
have been using the LENA system to investigate language development and characteristics of
children with ASD using natural language data (e.g., Bak, Plavnick, & Byrne, 2019; Dykstra et
al., 2012; Rankine et al., 2017; Sanders et al., 2016; Warren et al., 2010; Yoder, Oller, Richards,
Gray, & Gilkerson, 2013).

Reliability of the LENA system. Although researchers have used the LENA system for
language studies across a diverse sampling of children (e.g., VanDam et al., 2015 for children
with hearing loss; Caskey, Stephens, Tucker, & Vohr, 2014 for infants and adults; Suskind et al.,
2016 for young children; Weisleder & Fernald, 2013 for Spanish-speaking children), there has
been little research devoted specifically to assess the reliability of the LENA system for children
with ASD. The LENA research foundation conducted a reliability study on the LENA system-
produced data for typically developing children by calculating «k coefficients between the LENA
system data and human secondary raters (Gilkerson, Coulter, & Richards, 2008). However,
language characteristics among children with ASD includes the presence of echolalic and
stereotypic vocalizations among children with ASD with a wide spectrum of language delays,
and manifests differently from peers with developmental delays and typically developing peers

(Kwok, Brown, Smyth, & Cardy, 2014; Weismer et al., 2010).
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One potential problem of using the LENA system in language studies for children with
ASD with moderate to severe expressive language delays is that the LENA software may have
difficulty accurately segmenting these prelinguistic vocalizations. Moreover, a child with ASD
may communicate with prelinguistic expressive language such as grunting and babbling
(Sterponi, de Kirby, & Shankey, 2015). This expressive language may be acknowledged as
vegetative (e.g., coughing; LENA Research Foundation, 2015) or fixed signals (e.g., crying) by
the LENA software, thus excluding prelinguistic vocalizations that are used as expressive
language from the vocalization count data. In addition, although a child with ASD may
demonstrate language within the appropriate developmental language age for the LENA system
(i.e., between 12 to 48 months in for typically developing children), the child with ASD may
exceed a chronological age of 48 months. As the LENA software separates child vocalization
from adult vocalization using algorithms based on vocal frequency levels (Xu, Yapanel, Gray,
2009), the vocalization of a child over 4 years of age could be counted as adult words.

Consequently, researchers have included some reliability analysis in studies that used the
LENA system for children with ASD (e.g., Bak et al., 2019; Rankine et al., 2017). In 2017,
Rankine and colleagues investigated the reliability of LENA’s child vocalization measure on
minimally verbal children with ASD. Using Cohen’s k, Rankine et al. (2017) compared LENA
collected measures of key child vocalization segments to human data collectors’ measures in 56
hours of recording collected across 18 participants between the ages of 30 to 172 months. The
results showed moderate reliability of the LENA system-generated vocalization data compared to
human coders (k = 0.45, p < 0.001) but the reliability was highly variable across participants,
with reliability being higher for children who were of younger age. The researchers offered the

lack of young participants (i.e., only two participants were under 48 months of age) as a possible
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limitation to their study, and that this may have lowered the reliability of the LENA system in
their investigation. Rankine and colleagues also pointed out that for children with ASD with
severe echolalia and stereotyped language, child vocalization measures collected by the LENA
system may be over-estimated due to prelinguistic language.

Similarly, Bak and colleagues (2019) calculated the intraclass correlation coefficient
(ICC) between the LENA system’s and human coders’ child vocalization and conversational turn
counts in 18 hours of recordings collected across nine participants between the ages of 6 to 10
years. Bak and colleagues (2019) found that although the LENA system’s child vocalization data
was reliable (ICC = .87), the reliability of the conversational turn measure was only fair (ICC =
.56). The researchers suggested the possibility that the LENA system counted adults talking
amongst themselves and non-related child vocalizations that occurred within the LENA DLP’s
range as conversational turns due to the high adult-to-student ratio in the classrooms (Bak et al.,
2019). Similar to Rankine et al. (2017), Bak and colleagues also discussed the possibility that for
nine minimally verbal children with ASD, conversational turn counts may be over-estimated due
to stereotyped vocalizations that were not counted as conversational turns by human coders. Bak
and colleagues also offered the small number of participants and samples used in their reliability
analysis as a potential limitation.
The Current Study

Although previous research offers preliminary reliability analyses on LENA system
measures for children with ASD, many other studies involving the use of LENA system for
language studies in children with ASD did not include similar measures of reliability (e.g.,
Dykstra et al, 2012; Sanders et al., 2016; Warren et al., 2010). Furthermore, researchers have

used the LENA system to conduct language studies in elementary schools (i.e., typically
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developing children over 48 months of age; e.g., Vohr, Topol, Watson, St. Pierre, & Tucker,
2014; Wang, Miller, & Cortina, 2013), and the LENA foundation is preparing a cloud-server
LENA system for practitioners. A comprehensive reliability analysis with a larger sample size
than previous studies (e.g., Bak et al., 2019), various language skills, and varied age groups
could substantially support the use of LENA system in research and practice for children with
ASD. Thus, additional research is needed to assess whether the LENA system is reliable when
used with children with ASD. Therefore, the current study investigated the reliability of child
vocalization and conversational turn counts by comparing the LENA system counts and human
coder counts for a heterogeneous (i.e., in terms of age, severity, sex) sample of children with
ASD. Specifically, we examined the ICC between human observers and the LENA system’s
child vocalization and conversational turn counts for children with ASD.

Method

Participants. The current study involves a secondary analysis of language samples from
40 participants collected with the LENA system who were enrolled in year-long research
examining language growth. Table 1 depicts autism severity, age in months, sex, and enrolled
school/center for all participants.

School-aged participants. Language samples from 11 elementary school participants
involved in a separate study investigating the effects of public-school special education on verbal
language rates across the school year were included in the current study. The participants were
between the ages of 6 to 9 years and were recruited from two elementary schools. Both schools
had one self-contained ASD classroom each, taught by graduate-level special education teachers
who had at least two years of experience teaching children with ASD. All participants from the

elementary schools spent at least 77% of their time in the self-contained ASD classroom in their
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respective elementary schools and the rest of their school day in grade-level general education
classrooms with typically developing peers. The participants were all male and had a prior
diagnosis of ASD before entering elementary school as reported on their individualized
education plan.

Early childhood participants. Language samples were collected from 29 participants
(seven females) between 30 to 60 months of age and enrolled in three early intensive behavioral
intervention (EIBI) centers for young children with ASD. Early childhood participants were
recruited from three separate EIBI centers. All centers were under management of a Midwestern
University and were each housed within different local public preschools for typically
developing children. All three EIBI centers delivered therapy based on principles of applied
behavior analysis (ABA). Early childhood participants spent half of their day in a self-contained
ABA therapy room and the other half with typically developing peers in age-equivalent
preschool classrooms. All participants received one-on-one instruction and support from a
behavior technician throughout the day. Early childhood participants were part of an exploratory
study that investigated rates of verbal language across varied therapeutic and educational settings
in the EIBI centers. The participants received an ASD diagnosis from external psychologists
using the Autism Diagnostic Observation Schedule, Second Edition (Lord et al., 2012) and
Autism Diagnostic Interview, Revised (Le Couteur, Lord, & Rutter, 2003) ratings prior to their

enrollment in the EIBI centers.
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Table 3. Age, MSEL Developmental Quotient, Location, and Sex of Participants

Age in months MSEL DQ location sex
60 - school male
53 - school male
96 - school male
96 - school male
110 - school male
90 - school male
90 - school male
72 - school male
126 - school male
87 - school male
71 - school male
50 65 EIBI female
57 56 EIBI female
41 47 EIBI female
45 65 EIBI female
59 40 EIBI female
52 41 EIBI female
51 47 EIBI female
50 72 EIBI male
59 50 EIBI male
55 56 EIBI male
44 65 EIBI male
46 70 EIBI male
51 69 EIBI male
33 35 EIBI male
55 27 EIBI male
42 34 EIBI male
48 37 EIBI male
41 72 EIBI male
40 40 EIBI male
67 26 EIBI male
56 33 EIBI male
50 65 EIBI male
46 65 EIBI male
43 21 EIBI male
49 99 EIBI male
40 79 EIBI male
45 47 EIBI male
61 48 EIBI male
43 49 EIBI male

Note. MSEL DQ = Mullen Scales of Early Learning Developmental Quotient (Mullen, 1995). MSEL DQ not
available for participants recruited from school. Exact location of school (i.e., which of the two) or EIBI site (i.e.,
which of the three) not provided to protect participant identity.
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Apparatus. Audio recordings of all participants were collected using the LENA DLP.
The LENA DLP is a small (8.13 cm x 5.08 cm x 1.27 cm), plastic, rectangular device that can
record up to 16 hr of audio. The LENA DLP is designed to fit into a pocket located in the chest
area of a specially designed LENA t-shirt. When connected to a computer with LENA software,
users can obtain a comma-separated value file detailing child vocalizations and conversational
turn counts of the focal child (i.e., the child wearing the LENA DLP) in 5-min increments.

Data collection. The language sample collection was conducted at all sites (i.e., the two
elementary schools and the three EIBI preschools) at least once a month throughout their time of
enrollment in studies. All audio samples were collected from approximately 9:00 a.m. to
approximately 3:30 p.m., expect for one elementary school (with five participants) where audio
samples were collected from approximately 10:00 a.m. until approximately 3:30 p.m. as
requested by the classroom teacher. The primary investigator turned on the LENA DLP prior to
inserting it into the LENA t-shirt and then placed the t-shirt on a participant. At the end of the
school day, the classroom staff and the primary investigator took the LENA t-shirts off the
participants and immediately turned off the LENA DLP.

Data extraction. For the current study, the primary investigator selected two school-day
recordings from the 40 participants. The rationale for choosing two recordings was to create
language samples for each participant to minimize external variables on a given day that could
influence participant language patterns (e.g., illness, poor sleep). The primary investigator first
extracted the language sample data from all collection days for a single participant using the
LENA software. The LENA software disaggregates child vocalization and conversational turn
frequencies in 5-min intervals for each day of data collection.

Fourteen of the 40 participants had only two school-day recordings, however, the

41



remaining 27 participants had more than three school-day recordings. To select two recordings
from the 27 participants who had more than two recording days, the primary investigator
employed exclusion criteria similar to Rankine et al. (2017). The primary investigator first
excluded all samples with partial recordings (e.g., participant left school early, school was on a
half-day schedule). Next, the primary investigator conducted outlier analyses for each collection
day using a box plot and eliminated any samples that contained extreme outliers (i.e., data points
further than three standard deviations from the mean) for both vocalization and conversational
turn counts. If after this exclusion process, a participant still had more than two days of
recordings, the primary investigator selected days that had the longest recording duration.
Human coding. The primary investigator trained four research assistants to count the
child vocalization and conversational turns according to the LENA definitions (see LENA
Measures, below) from the selected recordings. The research assistants had previous training in
coding audio recordings and were blind to the purpose of the current study. The primary
investigator selected twelve 5-min audio samples collected from a single child with ASD for
training purposes. The training session began with the research assistants and the primary
investigator each independently and separately counting the child vocalization and the
conversational turns by listening to each audio sample. Next, the primary investigator calculated
the ICC between the primary investigator and the four research assistants. The training session
continued for two sessions until the primary investigator and the human coders’ ICC exceeded
90 (i.e., excellent agreement; Cicchetti, 1994). The primary investigator developed data sheets to
record the vocalization and the conversational turn counts for the human coders. The human
coders used a standard analog counter to count and record the data while listening to the audio

data.
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Measures. The LENA software scores a single vocalization when the vocalization is
separated from a subsequent vocalization with a pause of more than 300 milliseconds excluding
fixed signals and vegetative sounds (LENA Research Foundation, 2015). A conversational turn is
counted when either the focal child or an adult initiates a vocalization, the other individual (i.e.,
the adult or the focal child dependent on who initiated the conversation) responds within 5 s, and
the first initiator responds to the response within another 5 s (LENA Research Foundation, 2015).

Data analysis. To answer the research questions - what is the reliability of the LENA
system’s child vocalization and conversational turn count in children with ASD measured by the
ICC between human and LENA system counts — the primary investigator prepared a Microsoft
Excel spreadsheet depicting the vocalization and conversational turn counts for each participant
in 5-min increments. Next, the primary investigator randomly selected 33% of the 5-min samples
using random selection software (http://stattrek.com/statistics/random-number-generator.aspx)
from each participant. The total duration of selected recordings was 155 hr (or 1860 5-min sound
files) from a total of 485.17 hr of recording (or 5822 5-min sound files). Then, the primary
investigator extracted wav-format sound files of the selected 5-min samples with the LENA
software. Each selected 5-min audio file was coded by one of the four human coders.

After all audio recordings were coded, the primary investigator entered the human coder
counts in a separate Excel spreadsheet. The data (i.e., the vocalization counts and the
conversational turn counts) from the LENA system and the human coders were then transferred
to an SPSS database for statistical analyses. Using SPSS, the primary investigator computed the
ICC between the LENA system and the human coders for the child vocalizations and
conversational turn counts.

Inter-rater reliability. The primary investigator selected 25% of the 5-min audio
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samples that were coded for each participant to ensure inter-rater reliability (IRR) of the human
coders. The primary investigator randomly selected 466 five-minute audio samples (or 38.83 hr)
for IRR. The audio samples were assigned to a human coder who did not code the file during the
first round. The primary investigator derived IRR between the first and the second human coder
using ICC. The mean ICC between the first and the second human coder was .97 for vocalization
and .93 for conversational turn counts.
Results

The current study investigated the reliability of LENA-measured child vocalization and
conversational turn count for children with ASD by examining the ICC between human coders
and the LENA output with audio samples collected from 40 participants between the ages of 30
to 126 months. The mean ICC between human coders and the LENA was .76 or excellent
reliability (Cichetti, 1994) for vocalizations and .64 or good reliability (Cichetti, 1994) for
conversation turn counts. Table 4 shows the mean, range, and standard deviation of the ICC
values between human coders and the LENA system for vocalization and conversational turn
counts.

Table 4. Mean, range, and SD of ICC between human coders and the LENA system for
vocalization and conversational turn counts

M SD Min Max
Vocalization .76 .14 33 .98
Conversation 64 21 00 97
Turn

Note. MSEL DQ = Mullen Scores of Early Learning Development Quotient (Mullen, 1995)
T Where the participants were enrolled in (e.g., School or EIBI) during data collection
* significant

Figure 4 shows that although the mean ICC can be interpreted as excellent (.76; Cichetti,
1994), the ICC between the LENA and the human coders for 17 participants’ vocalization were

either good or fair (i.e., between .4 and .75; Cichetti, 1994). Similarly, Figure 5 shows a detailed
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bar graph of each participant’s ICC for conversational turn counts. The SD for mean ICC of
conversational turn counts was higher than the mean ICC of vocalizations at .21 (see Table 2). As
such, there is more variation between the ICC for different participants. Although mean ICC of
conversational turn counts showed good reliability (.64; Cichetti, 1994), six participants’ ICC
between LENA and the human coders were below .40, indicating poor reliability (Cichetti,
1994). In addition, the minimum ICC was close to zero at .004 whilst the maximum ICC was
close to one at .97.

Figure 4. Detailed Bar Graph of Each Participant’s ICC for Child Vocalizations
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Each bar of the bar graph represents the ICC between the LENA system and the human coders for child vocalization
counts. Each number on the x-axis represent each child participant and the y-axis values are ICC values.

Post-hoc analysis. The primary investigator conducted post-hoc correlational analyses to
investigate any correlations between the participant’s individual ICCs and 1) the age of the
participants; 2) their sex; 3) ASD severity as measured by the MSEL developmental quotient; 4)
the location of data collection (i.e., school or EIBI); and 5) the human coders. A correlational
analysis between the participants’ age in months and the vocalization and conversational turn

count ICCs was not statistically significant. Sex and severity of ASD (i.e., MSEL DQ) were also
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not correlated to both the vocalization and conversation turn count ICCs. However, correlational
analysis revealed that the location of data collection was highly correlated (n?>= .16; Olejnik &
Algina, 2000) for conversational turns, although the correlation was not statistically significant
for vocalization ICCs. In addition, human coders were strongly correlated (Olejnik & Algina,
2000) with both vocalization (1> = .25) and conversation turn count (> = .25) ICCs. Table 5
shows the type of correlational analysis used for the post-hoc analysis depending on the type of
variables and their respective results.

Figure 5. Detailed Bar Graph of Each Participant’s ICC for Conversational Turns
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Each bar of the bar graph represents the ICC between the LENA system and the human coders for conversational
turn counts. Each number on the x-axis represent each child participant and the y-axis values are ICC values.

Table 5. Correlation analysis method and results between ICCs and variables

Raters Location Sex MSEL DQ Age
Vocalization 25 .16 .03 .36 .69
Conversation Turn 25 .01 .04 33 .81
Correlation method eta eta eta Pearson Pearson

Note. MSEL DQ = Mullen Scores of Early Learning Development Quotient (Mullen, 1995). Raters, Location, and
Sex are n*-values. MSEL DQ and Age are p-values.
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Discussion

The objective of the current study was to provide a reliability analysis of the LENA
device for use in a heterogeneous group of children with ASD to provide support for the device’s
use in language studies regarding children with ASD. To provide a measure of reliability, the
primary investigator calculated ICCs between human coders who listened to actual audio files
and the LENA system’s automatic output for vocalization counts and conversation turn counts of
40 children with ASD. Results showed LENA vocalization counts may be reliable for use in
heterogeneous samples of children with ASD. Although the mean ICC of conversational turn
counts also showed good reliability, LENA conversation turn counts may not be reliable for
some children with ASD as there was high variation in the ICCs between participants.

LENA child vocalization counts. Typical language assessments for children with ASD
are often conducted during a single day with unfamiliar assessors (e.g., independent
psychologists) in an unfamiliar setting (e.g., quite room in school or clinic) resulting in measures
that may not be representative of the child’s skill level (Luyster et al., 2008; Rankine et al., 2017;
Sandbank & Yoder, 2014). In order to provide a more comprehensive and accurate gauge of the
child’s language skills, researchers advise collecting natural language samples (Kasari et al.,
2013). The LENA system can help researchers and practitioners who wish to collect and analyze
natural, continuous and/or repeated samples directly from the children’s natural environment.
The LENA collected vocalization counts can supplement standardized assessments by adding a
more realistic measure of the child’s vocalization in the natural environment that was collected
continuously over a time period. The child vocalization measure may also be used to validate
certain standardized assessment results. For example, for a child who did not respond vocally to

an unfamiliar assessor to a standardized assessment and scored a “floor score” as a result, the
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LENA vocalization counts can be used as evidence that the child’s assessment score may not be
an accurate depiction of the child’s language skills.

Moreover, the results also showed that age or severity of ASD (as measured by the MSEL
developmental quotient) were not correlated with the ICCs between human and LENA
measurements. Researchers that used the LENA system concerning children with ASD above the
age of four with moderate to severe ASD conducted additional reliability analysis to validate the
use of the LENA system because the LENA system was originally calibrated for typically
developing children between 12 to 48 months of age (e.g., Bak et al., 2019; Rankine et al., 2017).
The results of the post-hoc correlational analysis between age and severity of ASD with the ICCs
may be able to provide support in using the LENA system for some children with moderate to
severe ASD or those who are between Grades K-3.

LENA conversational turn counts. Although the ICC for conversational turn counts
between human coders and the LENA system can be interpreted as having good reliability
(Cichetti, 1994), researchers and practitioners should practice caution due to the high variability
of the ICC between participants. One explanation for high variability between participants could
be the difference between the LENA system and the human coders’ definition of “conversational
turns”. As stated earlier, the LENA system uses time measures (i.e., replying with 5 s; LENA
Research Foundation, 2015) whereas human coders might have been listening for context. As the
human coders were provided with actual sound files, the human coders might have inadvertently
included or excluded conversational turns based on the context of the conversation. Conversely,
the LENA system may have counted independent self-vocalizations from the children with ASD
within proximity (both time and location) of adults as conversational turns and did not count

certain conversations between adults and children with ASD because the child may have taken
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longer than 5 s to reply. In addition to the time parameter the LENA system uses to identify the
conversational turn measure, the LENA system also uses a distance parameter. The adults within
a 2-m radius of the child who interacts with the child wearing the LENA DLP is identified as
conversing with the child (LENA Research Foundation, 2015). However, if an adult conversing
with another adult or another adult conversing with another child is within the 2-m radius of the
focal child, the LENA system may count their expressive language as conversational turns with
the focal child as long as they are within the 5-s parameter (see Figure 6).

Figure 6. Conversational Turn Count Parameters of the LENA System
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The gray circles represent children and the black-stripe circles represents adults. In this figure, the words of Adult B
conversing with Adult C and the words of Adult D conversing with Child B may be counted as conversational turn
counts with Child A if the adult words are within a 5-second parameter of Child A’s child vocalization. However, the
only adult truly conversing with Child A is Adult A.

Furthermore, post-hoc correlational analysis suggests that the location of the recording or
the school/site the participant was enrolled in at the time of data collection was significantly
correlated to the conversational turn ICCs. Additional logistic regression was conducted to

determine if the difference between a public-school special education classroom and an EIBI
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environment with dedicated 1:1 behavior technician could be the cause. However, there were no
statistically significant findings (p = .66). We can only assume that in some locations, the
structure of the environment may cause the LENA system to miscount certain outside
conversations (e.g., adults talking to one another within close proximity of a focal child) as
conversations with the focal child.

Limitations and future research. Although the current study fills a gap in the current
literature for reliability analysis of the LENA system for use in a heterogeneous group of
children with ASD, the current analysis has some limitations. First, although the sample includes
children with ASD of different age, severity, and sex, the power of the analysis is still small to
definitively conclude that the LENA system is always reliable to use in language studies with
children with ASD. Future studies should recruit more participants and more recordings. Second,
both the ICCs for vocalizations and conversational turn counts were significantly correlated with
raters. Although the current study provided IRR between raters, the IRR was only between one
second coder and the other three coders. Future studies should use multiple raters for each
recording or randomly assign coders between participants, and provide an IRR between the
human coders for all coders involved in the coding (e.g., IRR between Coder 1 and Coder 2;
Coder 2 and Coder 3; Coder 3 and Coder 4; Coder 2 and Coder 4; Coder 1 and Coder 3; and
Coder 1 and Coder 4). This may reduce possible rater effects in coding or provide additional
information on the nature of the disagreement between the LENA system and human coders.

Conclusion. The current study provides some support in using the LENA system for
language studies regarding children with ASD. Although the mean ICCs between human coders
and the LENA system showed reliability, researchers may need to exercise caution in using

certain measures (i.e., conversational turn counts). Researchers are increasingly using other
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LENA provided measures such as the speech/non-speech duration (Rankine et al., 2017;
Trembath et al., 2019) to supplement the LENA vocalization measure rather than the
comparatively unreliable conversation turn counts. In addition, the reliability between the human
coder and the LENA system suggest that the LENA recordings may also be used for human
coding as an audio recording device for qualitative studies regarding the context and the quality
of communication between adults and children with ASD (Burgess et al., 2013; Tager-Flusberg
et al., 2009).

Language is a pivotal skill that can provide overall development in children with ASD
(Pickles et al., 2014). As such, many researchers continue to study language interventions and
language development in children with ASD to inform education and research (Sandbank et al.,
2017). Natural language samples can provide in-depth understanding about a child’s language
skill levels when used separately or in conjunction with a standardized assessment (Kasari et al.,
2013; Luyster et al., 2008; van Widenfelt et al., 2005). The LENA system can be an efficient
method to collect continuous/repeated language samples in the natural environment for children

with ASD for various language research.
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CHAPTER 4
Original Study
Language and Children with ASD
Autism spectrum disorder (ASD) is a pervasive developmental disorder that affects
approximately one in 40 children in the United States (Kogen et al., 2018). Symptoms and
severity vary across children, but individuals with ASD commonly experience difficulties in
language and social communication (American Psychiatric Association, 2013). Language
development trajectories of children with ASD during infancy and toddlerhood is comparatively
lower than that of typically developing children and children with other developmental
disabilities (Gernsbacher, Morson, & Grace, 2016). And unlike typically developing children,
young children with ASD may not develop expressive and receptive language repertoires
through naturally occurring social interactions (Fisher & Meyer, 2002; Whitaker, 2004).
Therefore, it is important to investigate and understand elements such as interventions and
language environments that can maximize language development for children with ASD.
Language and communication skills are critical factors for an independent adult life
(Roux, Shattuck, Rast, Rava, & Anderson, 2015). According to the National Autism Indicators
Report (Roux et al., 2015), young adults with ASD with minimal or no language skills are 5
times more likely to have no interaction with a peer after graduating high school and 10 times
more likely not to have higher education or jobs in their transition plans compared to other young
adults with ASD. Furthermore, children with ASD who do not demonstrate functional
communication skills by age 6 may remain nonverbal throughout life (Tager-Flusberg & Kasari,
2013). Early intervention can provide a promising opportunity to overcome language deficits and

demonstrate developmental gains in language for children with ASD (Eigsti, de Marchena,
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Schuh, & Kelley, 2011). The National Research Council (2001) reported that the earlier
interventions are implemented, the better the language developmental outcomes are for children
with ASD. Consequently, there are many interventions that focus on increasing expressive
language and social communication in young children with ASD.

Language Interventions

Language interventions for young children with ASD can be considered as either focused
or comprehensive intervention models. Focused interventions concentrate on teaching specific
language units (Kane, Connell, & Pellecchia, 2010; Virués-Ortega, 2010). Focused interventions
typically target specific language units such as requesting (e.g., asking for assistance; Reichle,
Dropik, Alden-Anderson, & Haley, 2008), identifying grade-level vocabulary (e.g., color
identification; Akande, 2000), or social interactions (e.g., greetings; Reichow & Sabornie, 2009).
For focused interventions, the intervention’s effect is documented by the increase in accuracy or
use of the targeted language unit over time (e.g., Greer & Ross, 2008). Researchers have
identified many focused interventions as evidence-based practices for teaching language skills to
children with ASD (see Wong et al., 2015). But because focused interventions measure the
occurrence of a specific language unit, it is difficult to gauge the effects of the focused
intervention on overall language development (Norrelgen et al., 2015).

Conversely, comprehensive interventions typically consist of a packaged curriculum of
evidence-based practices that target the overall development in young children with ASD
including language, social, and functional skills (Odom, Boyd, Hall, & Hume, 2010). Hence, the
intervention’s effect on language is documented through standardized pre- and post-assessments
(e.g., Preschool Language Scale; Zimmerman, Steiner, & Pond, 2002) or researcher-created

language probes (e.g., observation of language; Tager-Flusberg et al., 2009). Studies have shown
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that some comprehensive interventions have a positive effect on the language development in
some children with ASD (e.g., Boyd et al., 2014; Makrygianni & Reed, 2010). However,
aggregated mean-score results can be difficult to apply to children with severe symptoms of ASD
who, despite receiving comprehensive language interventions, may show little to no
improvement in language and are often treated as outliers in statistical analyses (Bak, Plavnick,
& Byrne, 2019; IACC, 2014).

Despite limitations, both focused and comprehensive interventions show environmental
change can facilitate an increase in expressive language and may positively affect language
development among children with ASD. Researchers have discussed the possibility of certain
environmental variables that may facilitate the interventions within a child’s learning
environment such as a school or the home (Boyd et al., 2014; Kane et al., 2010). These
environmental variables include where the intervention was implemented, who implemented the
intervention, and how many other children were also included in the intervention setting.
Identifying environmental variables outside the intervention that can promote the effectiveness of
an intervention and manipulating those variables can increase the potency and permeation of an
intervention (Boyd et al., 2014).

In 2014, Boyd and colleagues investigated the effects of comprehensive interventions for
198 children with ASD. Boyd et al. (2014) compared three types of classrooms that implemented
the LEAP (Learning Experiences and Alternative Program for Preschoolers and their Parents)
program, the TEACCH® Autism program, and a mix of eclectic ASD interventions typically
conducted in a “high-quality” public special education classroom. Boyd and colleagues (2014)
found that all participants in the three classrooms had significant gains in communication and

fine motor skills after 6 months of treatment. This result differed from previous studies (e.g.,
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Baril & Humphreys, 2017; Makrygianni & Reed, 2010; Peters-Scheftfer, Didden, Korzilius, &
Sturmey, 2011) that found large gains in the treatment group (i.e., classrooms that implemented a
comprehensive intervention) and little to no gains in the control group (i.e., no specific
comprehensive interventions). Boyd and colleagues (2014) suggested that outside environmental
variables such as classroom management and teacher interaction rather than differences in each
intervention may explain why the three different interventions resulted in similar effectiveness
for the young children with ASD in their study.
Measuring Environmental Effects on Language

Identifying environmental variables that positively effect expressive language in children
with ASD or supplement the effectiveness of interventions may further facilitate language
development in children with ASD. Additionally, practitioners may be able to provide optimal
teaching opportunities for the children with ASD. To identify possible environmental effects,
researchers will need to simultaneously collect children’s language and the environmental
variables in the children’s natural learning environment consistently throughout the course of the
study. This will require increased precision, scope, and scale of the data collection and may
subsequently increase logistical and financial costs such as human resources and time. However,
technological advances offer automated language data collection systems, such as the Language
Environment Analysis (LENA®) system. The LENA system records natural language and
analyzes collected audio recordings to provide frequency and duration data. Using automated
data collection apparatuses such as the LENA system can allow researchers to collect language
and environment data automatically and reduce costs and time necessary for manual data
collection.

In 2010, Warren and colleagues (2010) first used the LENA system with 26 young
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children with ASD to study their home language environment in comparison to 78 typically
developing children. Warren and colleagues (2010) found that although the difference in the
amount of adult talk was not statistically significant between households of typically developing
children and children with ASD, the frequency of conversation and child vocalizations was
significantly lower in children with ASD. The researchers stated that although parents of children
with ASD try to foster a “rich language learning environment”, the conversations between the
children with ASD and their parents did not lead to prolonged communicative interaction as did
the typically developing children and their parents (Warren et al., 2010, p.569).

Extending the study by Warren and colleagues (2010), Dykstra et al., (2012) used the
LENA system to investigate preschool language environments for 40 young children with ASD.
Dykstra and colleagues (2012) found that participants with ASD who had poorer language and
cognitive skills were less likely to be talked to by an adult compared to their peers with higher
language abilities (Dykstra et al., 2012). The researchers discussed the importance of a “high
quality” early education environment for language development and suggested future research
that use the LENA system to evaluate different language learning contexts and opportunities
within the preschool classroom for children with ASD (Dykstra et al., 2012, p. 592).

Additionally, Burgess, Audet, and Harjusola-Webb (2013) conducted a mixed-method
study to determine environmental factors such as complexity of adult language that promote
increased expressive language in children with ASD. The researchers found that although there
was little difference in the complexity and the amount of adult talk in both the school and the
home learning environment, the school environment focused more on “adult led/directed”
instructions rather than interactive social communications compared to the typically developing

children (Burgess et al., 2013, p.436). Burgess and colleagues (2013) suggested that child-
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focused activities such as naturalistic interventions may facilitate meaningful and sustained
conversation and promote language development in the classroom.

The previous studies that investigated the language environment of children with ASD in
the homes and schools largely focused on one environmental variable - adult language. Few
studies have investigated other environmental variables such as location, instructional grouping,
intervention delivery method (e.g., naturalistic or contrived), and their possible effects on
language in children with ASD. Therefore, the current study investigated the language learning
environment of an early intensive behavior intervention (EIBI) center to analyze if there are any
differences in the quantity of expressive language and social communication under different
environmental variables - location, grouping, activity, and type of instruction. Specifically, this
study asks the following research questions:

1. Is there a difference in the quantity of selected LENA system language measures under
different environmental variables?

2. Is there a correlation between selected LENA system language measures and different
environmental variables?

3. And if correlations are identified, are there statistically significant differences in the quantity
of selected LENA system language measures under different environmental variables?
Method

Participants and setting. Participants in this study included 21 preschool-age children
with ASD and 32 behavior technicians (BTs) from three EIBI centers located in Midwestern
United States. The three EIBI centers were housed within three separate community preschools.
All three centers operated under the executive direction of a single university faculty member

and followed identical curriculum and implementation procedures. The first center was housed
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within a child development laboratory preschool located within a large Midwestern University in
a university town. The second center was housed within a public Head Start preschool in an
urban city. And the third center was housed within a public preschool in a suburban area.

All 21 children (three female children and 18 male) received an ASD diagnosis from an
independent psychologist through a full psychological evaluation battery including the Autism
Diagnostic Observation Schedule, Second Edition (Lord et al., 2012) prior to enrollment in the
centers. Eight children were enrolled in the first center, seven children in the second center, and
six children in the third center. The children received comprehensive interventions based on
applied behavior analysis (ABA) for young children with ASD in a self-contained EIBI
classroom. The children also spent some time of their day in the general education preschool
classroom with same-age typically developing children according to each child’s independent
educational goal and skill level. Each child with ASD received one-to-one instructional and
behavioral support from a BT throughout the day from 8:30 a.m. to 3:50 p.m.

The BTs included in the current study included 27 females and five males. Of the 32 BTs,
16 were enrolled in a master’s program in applied behavior analysis (ABA). The BTs varied in
their experiences working with young children with ASD. The centers each employed 14 BTs
(two males), nine BTs (one male), and nine BTs (two males) respectively, equally employing
more experienced BTs and less experienced BTs. Although some of the BTs worked a half-day
shift, either from morning to lunch or lunch to afternoon, this 1:1 BT to child ratio was kept
consistent throughout the day. The mean and range of BTs’ ages, and the mean and range of the
children’s age and Mullen Scales of Early Learning (MSEL; Mullen, 1995) developmental
quotients are provided in Table 6. Characteristics per participant are not provided to protect their

identities.
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Apparatus. The LENA system consists of the digital language processor (DLP) and the
LENA software for data aggregation. The DLP is a small rectangular plastic object (8.57 cm x
5.56 cm x 1.27cm) that weighs about 50 g. The DLP fits into a pocket located in the chest area of
a generic cotton t-shirt approximately 10 cm from the neck. When a child wears the t-shirt with
an operating DLP, the DLP records all audio data within 2 m from the child for up to 16 hr
(Gilkerson & Richards, 2009). From the DLP-collected data, the LENA software produces
frequency and duration data of child language from this audio data. Reliability of the LENA
system with young children with ASD is established in previous literature (see Xu, Yapanel, &
Gray, 2009; also, Yoder, Oller, Richards, Gray, & Gilkerson, 2013) and in Chapter 3 of the
current dissertation.

Table 6. Age Mean and Range of Adult and Child Participants

M Min Max

BTs Age® 23.94 21 29

, AgeP 48 28 60
Children MSEL DQ 55 33.1 78.8

Note. MSEL DQ = Mullen Scales of Early Learning Developmental Quotient (Mullen, 1995); BT = Behavior
Technician.

2 Age in years on October 1, 2018.

® Age in months on October 1, 2018.

Data.

LENA data. The current study used the child vocalization frequency, child conversational
turn count, and the adult word count measure automatically aggregated by the LENA software
from the DLP. Child vocalization frequency represents the number of vocalizations emitted by
the child participant during the audio recording. A vocalization is counted as a single
vocalization when it is separated from a subsequent vocalization by a pause greater than 300 ms

(Gilkerson & Richards, 2009). The conversational turn count represents the number of three-step
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interactions between a child and an adult. For example, if a child speaks, the adult answers
within 5 s, and the child replies to the adult within 5 s, this three-step interaction is counted as
one conversational turn. The LENA software also counts three-step interactions initiated by the
adult, the child answering within 5 s, and the adult replying to the child’s answer within 5 s as a
conversation turn. The adult word count represents the number of words spoken by the adult
within a 2-m radius of the child wearing the DLP.

Environment data. The environment data included the exact start time, the location, the
delivery method, the grouping, and the objective of the activity. Location was coded into two
variables — EIBI and inclusion, where inclusion was defined as locations where the child was
exposed to typically developing peers. Grouping was coded into two variables — individual and
group, where group meant that the child was participating in an activity with other children.
Delivery method was also coded into two variables — discrete and natural, where discrete meant
that the activity was systematically preplanned and regulated the boundaries of the activity for
both the BT and the child (see also, Peters-Scheffer et al., 2011). Finally, objective was coded
into four variables — language, adaptive, social/play, and cognitive, depending on the learning
objective and target skill of the activity.

The BTs assigned to the child participants at the EIBI centers collected the environment
data on a pre-developed data sheet. The primary investigator met with the three Board-Certified
Behavior Analysts (BCBAs) from each EIBI center two-weeks prior to the start of the study to
discuss the data sheet and environment data collection. Then each BCBA trained BTs in their
respective center to collect data using the data sheet prior to the start of the study. The primary
investigator also attended this training session to assure fidelity and procedural integrity. A

sample of this data sheet is presented as Appendix B.
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Procedure.

Data collection. The primary investigator collected the LENA audio data from each
center on three school days, once a week, during different days across three consecutive weeks of
a single month. Three repeated data collections for each center were conducted because a single
day’s audio data may not be representative of the actual language skill and pattern for children
with ASD (Sandbank & Yoder, 2014). On the day of data collection, the t-shirt holding the DLPs
were distributed to each child at approximately 8:30 a.m. and collected at approximately 3:40
p.m. During this time, the BTs also recorded environment data on the environmental data sheet.

All children had previous exposure to the LENA t-shirt as monthly language samples had
been collected at the centers for another study and demonstrated no discomfort wearing the t-
shirts with the DLPs throughout the day. The collected data from the DLPs were immediately
transferred to the LENA software and the audio measures were aggregated by 5-min intervals —
the shortest interval provided by the LENA software. The 5-min interval was selected to match
the durations of many isolated instructional sessions administered at the EIBI centers.

Database. To build the database, first, the primary investigator aligned the BT-collected
environmental data to the 5-min interval data provided by the LENA software. The primary
investigator entered the codes for location (EIBI was coded as 0, inclusion was coded as 1);
grouping (individual was coded as 0, group was coded as 1); delivery method (discrete was
coded as 0, natural was coded as 1); and objective (language was coded as 1, adaptive was coded
as 2, social/play was coded as 3, cognitive was coded as 4) for each 5-min interval data by
matching the start time recorded by the BTs on the environmental data sheet.

Second, the primary investigator excluded all 5-min intervals that did not contain a fu!//

set of environmental variables. A 5-min interval was considered as a full set if there were no
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missing data for the four environmental variables for location, grouping, delivery method, and
objective; and if all four variables did not change throughout the LENA presented 5-min interval.
For example, if the objective of the activity changed from adaptive to language at 9:03 a.m., the
5-min interval data from 9:00 a.m. to 9:05 a.m. was discarded even if other variables such as
location, grouping, and delivery method remained consistent.

Finally, based on the collected measures and coded variables, the primary investigator
created a database using Microsoft Excel where each row represented 5-min intervals of data and
each column represented a variable or measure. The measures and variables included in the
primary analysis are as follows:

1. Measures from the LENA system included child vocalization, conversational turns, and adult
words per 5-min segment.

2. Variables from the environmental data included location, grouping, delivery method, and
objective during the 5-min segment.

3. Participant information included each child’s identification number, a EIBI center number, and
the collection date.

Analyses. First, the primary investigator computed descriptive statistics for the LENA
system derived language measures (here after referred to as the dependent variables) between
and within child participants under the different environmental variables (here after referred to as
the independent variables) using SPSS. Second, the primary investigator specified an
unconditional model to check for possible nesting because the data structure was similar to
school-like structures where variables can be dependent on a multi-level. For example, child-
outcomes are dependent on instruction, instruction is dependent on individual teachers, and

teachers can be dependent on school policy (see Raudenbush, 1988). The primary investigator
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checked the intraclass correlation coefficients (ICCs) of each hypothesized nested-level (Heck,
2001) using Stata. However, the ICC values showed that the data were likely not nested (i.e., the
ICC value was less than .05 for all variables; Heck, 2001). Third, the primary investigator
conducted a correlational analysis in SPSS to identify correlations between the dependent
variables and the independent variables. Finally, based on the correlation results, the primary
investigator used Stata to conduct Linear Mixed Model (LMM) analyses to investigate any
relationships between the dependent variables and the independent variables. An LMM analysis
allows researchers to account for data dependency in repeated measures, and unbalanced data
structures where more data may have been collected for certain environmental variables (Cnann,
Laird, & Slasor, 1997; Raudenbush & Bryk, 2002). Prior to all analyses, the primary investigator
analyzed the data and performed transformations to meet respective assumptions if needed.

Reliability. Reliability was assessed for both the independent and the dependent
variables. For the independent variables, inter-rater reliability (IRR) was conducted to check if
the primary investigator transferred information from the BT-collected environment data sheet to
the database accurately. For this, the primary investigator trained two graduate-level independent
researchers who had worked as a BT for at least 6 months at one of the EIBI centers prior to the
current study for IRR. First, the primary investigator trained the independent researchers using
several sets of 30 randomly selected 5-min intervals. Second, the independent researchers
entered the environmental information in numbered codes (see Database section) for each 5-min
interval by referring to the environmental data collected by BTs during the corresponding time.
The training continued until each independent researcher’s coded data agreed at least 90% with
the primary investigator. One independent researcher met criterion of agreement after one

training-set and the other independent researcher met criterion after coding three training-sets of
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5-min intervals. Finally, the primary investigator randomly selected one-third of each child
participant’s 5-min intervals across the three collection days and randomly divided them between
the two independent researchers. A total of 819 5-min intervals was selected for IRR. The final
IRR for each variable was calculated in SPSS with Cohen’s k. The IRR between a second rater
and the primary investigator was .84 for location, .87 for grouping, .77 for delivery method, and
.79 for the objective.

For the dependent variables collected by the LENA system, the primary investigator
conducted an independent reliability analysis to support the use of the LENA system for children
with ASD. This reliability analysis is presented in Chapter 3. This reliability analysis was
conducted by calculating the ICC between the LENA-system and human coders for child
vocalization and conversational turn counts from 40 children with ASD. The results showed that
the mean ICC between the LENA system and human coders was .76 for child vocalization and
.64 for conversational turn counts for the 40 children with ASD that participated in the reliability
study (see Chapter 3 for more information).

Results

Audio and environment data were collected for a total of 25,135 min (418.91 hr) for nine
days spread across three weeks (one day a week for each EIBI center for three weeks) from 21
children with ASD and 32 BTs with a range of 425 min (7.08 hr) to 290 min (4.83 hr) per day.
After coding for environmental data, the number of 5-min interval that contained a full set of the
environmental data was 2445 (12225 min or 203.75 hr; 48.63% of the original data collected)

from all participants across three days for each site.
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Table 7. The Mean, Range, and SD for Child Vocalization, Conversation Turn, and Adult Word
Counts for Each Environmental Variable.

Mt min? max’ SDf
. CVC 14.65 0 110 12.39
0
(=225 Turn 3.74 34 3.97
Locati Adult 109.54 0 733 96.29
ocation . cve 19.24 0 71 14.03
Inclusion Turn 416 0 20 3.78
(n = 193)
Adult 86.52 0 448 82
» CcVC 13.55 0 78 19.24
Individual Turn 3.88 0 34 422
(n = 943)
Grouot Adult 114.44 0 485 100.38
rouping “ CcvVC 15.93 0 110 14.65
roup
(n = 1502) Turn 3.71 0 34 3.77
Adult 106.99 0 733 86.52
, CcvVC 13.46 0 74 13.46
(ll)l‘s:ggt;) Turn 4.03 0 34 4.53
Delivery Adult 113.16 0 471 93.48
Method Natural CcvVC 15.45 0 110 15.45
atura
(n = 1906) Turn 3.7 0 34 3.77
Adult 103.18 0 733 95.94
CcVC 14.74 0 57 11.66
Language Turn 456 0 34 5.13
(n = 241)
Adult 105.71 5 455 83.83
, CcVC 13.55 0 110 12.36
é,dilz%;’ Turn 3.69 0 23 3.87
o Adult 12435 0 733 1112
Objective
SocialPl CcvVC 15.76 0 92 12.67
ocial/Play
= 1407, Turn 3.65 0 34 3.74
Adult 100.63 0 665 89.89
Cooniti CcVC 14.78 0 74 13.79
ognitive Turn 4.08 0 20 41
(n = 148)
Adult 105.51 0 384 80.14

Note. CVC = child vocalization count, Turn = conversational turn count, Adult = adult word count.
fcounts per 5-min.

Child vocalization count means were higher in inclusion locations compared to the self-
contained EIBI classroom, group instruction compared to individual instruction, natural delivery
compared to discrete delivery, and during social/play instruction compared to the other learning

objectives coded. Conversational turn count means were also higher in inclusion settings, but
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unlike child vocalization count means, they were higher during individual instruction, discrete
delivery, and during language instruction. Adult word count means were higher in the self-
contained EIBI location, individual instruction, discrete delivery, and during adaptive
instructional objectives. Table 7 depicts the frequency, mean, range, and SD of child vocalization,
conversational turn, and adult word counts for each coded variable.

Correlational analyses conducted between the dependent variables and the independent
variables showed that child vocalization was significantly correlated to the location, grouping,
and method of delivery (p <.001 for all); and adult word counts were significantly correlated to
the location (p <.001). The correlational analyses results are presented in Table 8.

Table 8. Correlational Analysis Results Between Language Measures and Environmental
Variables.

Location?® Grouping? Method? Objective®
CvVC <.001™" <.001™" 001" 0.006
Turn .16 .26 .09 0.00
Adult 001" .63 13 0.001

Note. CVC = child vocalization count, Turn = conversational turn count, Adult = adult word count.
2 Pearson correlation p-values.

®Eta? correlation 1? values.

“p<0.01, "p <0.001.

The primary investigator conducted LMM analysis based on the results from the
correlational analysis. Before the LMM analysis, child vocalization and the adult word count
data were transformed to meet the assumptions of the analysis. Child vocalization frequencies
were converted to their square roots and the adult word count was converted to their log10
values. Extreme outliers that were more than three inter-quartile distances from the mean were
also removed from each dataset based on descriptive statistics and box plots. For the LMM
analysis, first, the primary investigator conducted LMM analysis between child vocalization

frequencies and the location, grouping, and the delivery method of the activities. Child
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vocalization was higher in the inclusion setting compared to the self-contained ASD classroom
(f=0.55; p <.001), when the children were receiving group instruction compared to individual
instruction (5 = 0.27; p <.001), and when the activity was delivered naturally (f = 0.26; p <
.001). Next, the primary investigator conducted LMM analysis between the adult word counts
and the location of the activity. Adults were more likely to talk to the children in the self-
contained EIBI classroom than in inclusion locations (f = 0.1; p <.001). Table 9 shows the
detailed results of the LMM analyses including the SE and the CI.

Table 9. Regression Coefficients from Linear Mixed Models for Child Vocalization and Adult
Word Counts

p SE z 95% CI
Location 0.55™" 0.11 4.97 0.34 0.77

CV(C¢« Group 027" 0.06 432 0.15 0.39
Method 0.26™" 0.07 3.52 0.11 0.4

Adultd Location 0.10"™" 0.03 3.55 0.05 0.16

Note. CVC = child vocalization count, Turn = conversational turn count, Adult = adult word count.
¢ measures were converted to square roots.

4 measures were converted to log10 values.

*p <0.001.

Discussion

The current exploratory study aimed to identify possible environmental variables that
positively affect the quantity of children with ASD and adults’ expressive language as measured
by the LENA system in three EIBI centers. Whereas, previous studies that used the LENA
system to investigate children with ASD’s expressive language focused on the effect of adult’s
language (e.g., Burgess et al., 2013; Dykstra et al., 2012; Warren et al., 2010), the current study
analyzed environment variables such as the location, instructional grouping, delivery method,
and the instructional objective. Results showed there were differences in the child vocalization

counts between different environmental variables, with child vocalizations significantly higher
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during inclusion compared to the self-contained EIBI classroom, during group instruction
compared to individual instruction, and during interventions delivered naturally compared to
discrete. The current study’s result contributes to existing literature by providing preliminary
evidence that child vocalization from children with ASD may differ depending on certain
environmental variables.

Location. Mean child vocalization and conversational turn counts were all higher in
inclusive settings even though adults on average produced more words in the self-contained EIBI
classroom. In addition, the LMM statistical results showed that children with ASD displayed
higher levels of vocalization in the inclusion setting compared to the self-contained EIBI
classroom. Although unable to be discerned within the current scope of the study, there are
multiple hypotheses that may explain the reason for the increase in child vocalization. The
current results might suggest children with ASD produce more expressive language in inclusion
compared to the self-contained EIBI classroom. Conversely, the results may also suggest there
was an increase in prelinguistic vocalizations such as stereotypical and echoic vocalizations in
children with ASD in these environments. Or the results may also indicate there were both higher
instances of meaningful expressive language and prelinguistic vocalizations.

The inclusion environment may have provided more opportunities for the BTs to engage
in instructional conversation with the children with ASD due to the spontaneity of an inclusive
preschool classroom (see Burgess et al., 2013). This may explain why mean adult words were
lower in the inclusive classroom compared to the self-contained EIBI classroom but mean
conversational turns between the children with ASD and BTs were higher during inclusion.
There is another possibility that the inclusion environment may have provided more

opportunities for the children with ASD to increase vocalizations — both meaningful expressive
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language and prelinguistic vocalizations — because of typically developing peers or unfamiliar
stimuli. Whatever the reason, we cannot draw firm conclusions from the current data because the
current study did not include any contextual or qualitative analyses for the collected audio
recordings. There are a lot of discussions about whether the inclusion classroom or the self-
contained ASD classroom is a more effective learning environment for children with ASD (e.g.,
Simpson, Mundschenk, & Heflin, 2011). Although the current results cannot provide a definitive
answer, further investigation into the contents of the children’s expressive language may provide
much needed information regarding the effects of the two environments on the language of
children with ASD.

Grouping. Descriptive and statistical analysis results also showed child vocalizations
were significantly higher during group instruction compared to individual instruction. The results
could be mean the children with ASD produced more expressive language or that there was also
an increase in stereotypical and echoic vocalizations. During group instruction, children with
ASD may have increased expressive language to interact with the peers in the group setting.
Conversely, there may have been an increase in prelinguistic vocalizations because individually-
assigned BTs provide minimal behavioral support to maintain the child’s focus on the BT leading
the group. And this may have caused the BTs to inadvertently miss stereotypical and echoic
vocalizations that would have been redirected during individualized instruction. Additional
research should be conducted to investigate the content of the vocalizations during group settings
because group instruction becomes more prevalent in public school settings. If the increase in
child vocalizations is due to increase in meaningful expressive language, increasing EIBI
interventions in small groups or dyads may increase language development, better prepare young

children with ASD for future school learning, and have additional implications for human
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resource management.

Delivery method. Children with ASD also showed significantly higher probability of
increased vocalizations during naturally delivered interventions compared to discretely delivered
interventions. Many researchers have developed naturalistic language interventions for children
with ASD to increase language opportunities for the child with ASD and for the supporting adult
to offer more naturally occurring teaching opportunities (Ingersoll & Schreibman, 2006; Kaiser,
Hancock, & Nietfeld, 2000). However, since a qualitative analysis was not included in the scope
of this study, we do not know the content of children’s vocalizations or conversations between
children and adults, there is a possibility the higher child vocalization frequency could be the
result of an increase in stereotypical and echoic vocalizations in children with ASD during this
less restricted instruction time. If the child vocalizations were increased because of prelinguistic
vocalizations, it may suggest that more discrete intervention elements may be needed for
children with severe language delays or that naturalistic language interventions may not be as
effective for children with ASD who display prelinguistic vocalizations. Further qualitative
analysis to learn about the nature and the context of the child vocalizations is needed to inform
current naturalistic language interventions.

Implications. The current study showed that there are indeed differences in child
vocalizations between environments, but we do not know whether the increases point to a
positive or negative language environment for children with ASD. Inclusion periods in the
general education preschool classroom provide young children with ASD the opportunity to
socially interact with typically developing peers and learn age-appropriate pre-academic,
functional, and social skills (Simpson, De Boer-Ott, & Smith-Myles, 2003). In group instruction,

common learning objectives for children with ASD are joint-attention, observational learning,
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and social interaction (Dotson, Leaf, Sheldon, & Sherman, 2010). And natural interventions
provide natural learning opportunities for more effective generalization in children with ASD
(LeBlanc, Dillon, & Sautter, 2009). But if children with ASD produced higher levels of
stereotypical and echoic vocalizations in these environments, there is a possibility that they may
not be receiving the full benefits of the respective interventions (Jang, Dixon, Tarbox, &
Granpeesheh, 2011). More research is needed to investigate the nature of the vocalizations
produced by children with ASD under different environmental variables. Research that
reexamines environmental variables in which the interventions are implemented may allow
researchers to identify ways to optimize existing evidence-based interventions to increase
effectiveness specifically for language development in children with ASD (Boyd et al., 2014;
Kane et al., 2010). Optimizing current interventions to maximize learning opportunities for
children with ASD will help them make increased gains in language development during early
intervention.

Furthermore, investigating the contents of the child vocalizations will provide
information on whether environmental variables effect all children with ASD in general or if
there is a difference affected by ASD symptom severity. For example, children with severe ASD
may have produced more prelinguistic vocalizations whereas children with moderate to mild
ASD may have produced more meaningful expressive language in the same inclusion
environment. Such research could enhance current knowledge about the effects of
comprehensive interventions for children with severe symptoms of ASD as they are often treated
as outliers or excluded from intervention assessment research (Interagency Autism Coordinating
Committee, 2013).

The current chapter presents an exploratory study that focused on the quantitative
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measurement of children with ASD’s natural language. As mentioned in Chapter 2, automated
data collection apparatuses can help researchers increase efficiency, accuracy, and scope for data
collection. In the current study, the LENA system provided a way to collect continuous and
repeated samples of the children’s language under different environmental variables that may not
have been possible within the resources available to the primary investigator. Despite the benefits
of using the LENA system as an automated data collection apparatus, there were limitations to
the implications of the results because the current study only disseminated quantitative data.
Future research should include qualitative research involving human data collectors that can
provide in-depth analysis based on the preliminary quantitative analysis provided by the
automated data collection apparatus for language research regarding children with ASD. This
may allow researchers to examine specific language in broader populations and environments
possibly combining the strengths of assessment in focused and comprehensive language
interventions.

Limitations and future research. There are several limitations to the current study. First,
as mentioned, the current study did not analyze the content of the children’s vocalizations or their
conversations with the BTs. Future studies should incorporate transcription analyses to further
investigate the relationship between the context and quality of the children’s expressive language
and environmental variables. Second, the current study did not implement reliability analysis for
the BT-collected environmental data. In the current scope of the study, there was no method to
determine to what extent the environmental variables recorded by the BTs were accurate because
listening to the audio data provided by the LENA system was not sufficient to discern the
specifics of environment. Future studies should implement IRRs between BTs and independent

researchers either in-vivo or through video recordings to establish reliability of the environment
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data. Third, we collected three repeated samples from each center to counter the possibility that a
single day’s data may not be representative of typical child vocalizations (Sandbank & Yoder,
2014) or interventions carried out in the EIBI centers. However, a post-hoc homoscedasticity
analysis of the LENA measures by participants per collection day showed the majority of the
participants’ data did not show any statistical difference between the three collection days. Thus,
the repeated collection and the subsequent inflation of the number of samples may have
inadvertently inflated statistical significance in some of the analyses. In addition, because the
current study only included data that were considered full-sets, only 48.63% of the collected data
was included in the analysis. Therefore, the statistical results may not accurately represent the
entire data collected. Finally, researchers should take caution in generalizing the results of this
study to other settings and other children with ASD. The current study was conducted in a
specific EIBI environment with a small sample size. More studies with larger samples including
children with ASD receiving different types of early intervention such as a public school early
special education program and children with moderate to severe ASD that are often left out of
research (IACC, 2014) should be conducted to gain more information regarding environmental
variables that can positively affect language interventions for young children with ASD.
Conclusion. Language is an important skill for children with ASD to successfully enter
society as independent adults (Roux et al., 2015). Although early intervention is crucial in
helping young children with ASD develop language skills (Eigsti et al., 2011), identifying
environment variables that strengthen existing evidence-based interventions may be an efficient
way to increase the potency of intervention and further facilitate long-term language
development. The present investigation offers an approach to collecting language and

environment data that could be replicated and expanded upon to better understand what types of
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vocalizations occur in the varied instructional environments. Additional research may offer
potential variables for manipulation such as the delivery of the intervention or the grouping of
children in a more targeted and specific intervention-based research that may increase

effectiveness in language interventions.
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CHAPTER 5
Discussion

The current dissertation investigated the impact of language environments on the
language of children with autism spectrum disorder (ASD) using automated data collection
technology combined with direct observation by researchers. Chapter 2 was a systematic
literature review on the current state of applied behavior analysis (ABA) research that used
automated data collection apparatuses. The results showed that only 10.16% of 1466 data-base
studies collected from five ABA journals between 2010 and 2018 used an automated data
collection apparatus. This supports Crowley-Koch and Van Houten’s (2013) claim that the field
of ABA is not utilizing technological advancements that can benefit observation and
measurement of human behavior.

Chapter 3 presented a reliability study of the Language Environment Analysis (LENA)
system — an automated data collection apparatus for language data. Intraclass correlation
coefficient (ICC) values between human coders and the LENA system were used to assess the
reliability of the LENA system measures for 40 children with ASD. The results showed the ICC
between humans and the LENA system were .76 for child vocalization counts and .64 for
conversational turn counts. The results suggest that LENA child vocalization measures may be
highly reliable (Cichetti, 1994). However, researchers should exercise caution when using
conversational turn count measures because the variance of the ICCs between the humans and
the LENA system was high.

In Chapter 4, the current dissertation presented an exploratory study using the LENA
system to investigate environmental effects on child vocalization and conversation counts. The

study was conducted in three early intensive behavioral intervention (EIBI) centers in the
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Midwest that enrolled 21 young children with ASD. In addition, 32 behavior technicians (BTs)
that were employed in the centers were recruited to collect environmental variables such as the
location, grouping, delivery method, and objective of on-going interventions in the EIBI centers.
The LENA measures and the environmental variables were analyzed using a Linear Mixed
Model (LMM) analysis. The LMM results indicated that child vocalizations were significantly
higher in the inclusion classroom (5 = 0.55; p <.001) compared to the self-contained EIBI
center, during group instruction (f = 0.27; p <.001) compared to individual instruction, and
when the intervention was delivered naturally (5 = 0.26; p <.001) compared to discrete delivery.
Although the results showed that environmental variables outside the planned intervention may
positively affect child vocalizations, the nature of the vocalizations are unknown because this
study did not examine the context of the child’s language. As such, additional research is needed
to draw a firm interpretation of the implications regarding the environmental effects on the
expressive language of children with ASD.
Automated Data Collection for ABA

Interventions based on ABA have shown to be highly effective for children with ASD
(Green et al., 2006; Reichow & Wolery, 2009; Wong et al., 2015). Typically, ABA research
relies on human observers to collect and measure behavior (Cooper, Heron, & Heward, 2007).
Physical limitations that accompany human observation can lead to inaccuracy, observer drift,
and bias in measurement (Gast & Ledford, 2014; Kazdin, 2011). Reliable and precise
measurement of behavior is especially important for children with ASD because consistent and
systematic intervention can increase effectiveness of the implemented intervention (Fisher &
Meyer, 2002; Whitaker, 2004). Using automated data collection apparatuses can increase

accuracy, validity, and reliability in measurement (Crowley-Koch & Van Houten, 2013); and
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consequently, improve and inform current ABA interventions for children with ASD.

Many apparatuses reviewed in Chapter 2 can provide ideas for ABA research involving
children with ASD. Researchers investigating joint attention, eye-gaze, or related social skills for
children with ASD can use sensors that track eye gazes or facial expressions (e.g., Lancioni et
al., 2011; Miller, Wyatt, Casey, & Smith, 2018). The sensors can provide more accurate and
reliable data than human observers that may try to detect subtle movements of facial muscles
through direct or indirect observations. Also, researchers studying effective prompting sequences
or delayed feedback procedures for children with ASD (e.g., Saunders & Saunders, 2012; Yu,
Moon, Oah, & Lee, 2013) can utilize microswitches or sensors to collect data. Microswitches or
sensors will allow researchers to provide the respective prompt or feedback with increased
precision. Whereas human data collectors may struggle to collect behavioral data, measure
temporal data for latency or duration, and provide feedback or prompting simultaneously, these
automated apparatuses will perform the tasks accurately and without delay.

Furthermore, researchers can use automated data collection apparatuses to measure
behaviors in applied settings for larger samples that would have been difficult with human data
collection. For example, many researchers recommend collecting repeated, prolonged language
samples from the children’s natural environment to represent accurate language skill levels in
children with ASD (Kasari, Brady, Lord, & Tager-Flusberg, 2013; Sandbank & Yoder, 2014).
Although collecting and analyzing natural language data may be possible for studies with few
participants, a study that investigates language with large samples of children with ASD may
require as many human data collectors as the number of participants. In addition, the collected
data for the larger study will need additional human resources for aggregation and analysis of

data. An automated data collection apparatus that can collect language data, such as the LENA
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system will allow researchers to collect natural language samples while providing automatically
aggregated language measures.

The study presented in Chapter 4 is one example where the researcher was able to collect
additional data by using the LENA system. Using the LENA system allowed the primary
investigator to collect three day-long natural language samples and some details about the
respective language environment from 21 children with ASD across three sites. Without the
automated data collection system, the primary investigator would have had to use human data
collection and considerably reduce the number of participants to match available resources.
Although a similar study with a smaller sample size may still present interesting results and
implications, the interpretation may have been limited to individual participant effects pertaining
to between-child differences. However, by increasing the sample size with the automated data
collection, the primary investigator was able to conduct complex statistical analyses that
provided preliminary results regarding the effects of environmental variables for global
implications.

Reliability of Automated Data Collection Apparatuses

Although precision of measurement is important in ABA, another important dimension of
ABA is that the research result is socially valid and meaningful to the participant (Cooper et al.,
2007; Wolf, 1978). Thus, using an automated data collection apparatus to increase precision and
efficiency in measurement is pointless if the collected data are not valid. Because of this reason,
it is crucial that the automated data collection apparatus is reliable for the target population.
Researchers should conduct reliability tests for automated data collection apparatuses that are
produced as mass-market products and calibration tests for programmable automated data

collection apparatuses to make sure that the automated data collection apparatus is reliable to use

78



for the participants in their study.

Studies examined in Chapter 2 included research that conducted calibration or reliability
analysis for the automated data collection apparatus to investigate whether the device was usable
for certain populations. Van Camp and Berth (2018) tested the reliability of Fitbits for use in
children. The Fitbit is a mass-consumer product that is calibrated for adults (Van Camp & Berth,
2018). Van Camp and Berth (2018) found that the Fitbit may not be reliable to assess physical
activity with children who may engage in vertical movement (e.g., climbing) for exercise in
playgrounds or parks. In another study, Lancioni and colleagues (2011) conducted research on
using microswitch controlled cameras to measure facial expressions in children with severe
multiple disabilities. Lancioni and colleagues (2011) pointed out that the microswitch-controlled
cameras need multiple calibrations and algorithm tests to ensure that this type of automated data
collection apparatus will reliably measure facial expressions of the target participants.

Similarly, Chapter 3 investigated the reliability of the LENA system for language studies
involving children with ASD. The LENA system was originally designed for typically
developing children (Xu, Yapanel, Gray, 2009). Therefore, there remains a possibility that the
LENA system may not be able to reliably measure expressive language of children with ASD
who may display atypical language such as stereotypical and echoic prelinguistic vocalizations.
The results from Chapter 3 supported the reliability of the LENA system’s child vocalization
measures for children with ASD. However, conversational turn counts showed high variance
with an ICC range of .97 to .04 between the LENA system and human coders. Because the post-
hoc analysis did not find a correlation between the child’s age or severity of ASD and the ICC,
there is still much to learn about why there is high discrepancy in the children’s conversational

turn counts between the LENA system and human coders. A future reliability study that includes
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a qualitative analysis may help reveal child characteristic or environmental factors not identified
in Chapter 3 that affect the reliability of the LENA system. This additional information will help
researchers make informed decisions on whether to use the LENA system for certain
populations.

Study results from both Chapter 2 and 3 suggest that although automated data collection
can improve and inform data, the use of the apparatus should be appropriate for both the
participants and the research question. For example, if the LENA system was to be used to
collect data to assess a focused language intervention (see Chapter 4 for definition) for children
with ASD, the frequency measures supplied by the LENA system will not represent whether the
child acquired the target language unit. Also, researchers who are interested in the conversations
between the children with ASD and adults may use the conversational turn counts supplied by
the LENA system but will also need to supplement the LENA data with content analysis
conducted by human coders to understand the interaction elements of the conversation. But for a
study examining the quantity of vocalizations from a large sample of children, the LENA system
may not only help researchers collect language data more accurately and efficiently, but also
allow researchers to collect environmental data such as adult language (e.g., Burgess, Audet, &
Harjusola-Webb, 2013) within fixed resources.

For Chapter 4, the primary investigator utilized this benefit and collected language
measures with the LENA system with respective environment data. Researchers suggest certain
environmental variables may positively affect on-going interventions and manipulating those
variables may increase the effectiveness of certain interventions (Boyd et al., 2014; Kane et al.,
2011). However, collecting environmental variables concurrently with language data throughout

the day from a large number of children with ASD requires a lot of time and human resources.
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Because the LENA system provided the dependent language measures (i.e., child vocalization
and conversational turn counts) automatically, the primary investigator was able to utilize
available human resources to collect the independent environmental variables (i.e., location,
grouping, delivery method, and objective of intervention) simultaneously. Furthermore, the
reliability of the LENA system was established in Chapter 3, so this automated data collection
apparatus was appropriate for both the research question and the target population.

Although Chapter 4 provided preliminary information about the relationship between
some environmental variables and some forms of expressive language in children with ASD, the
results of both Chapters 3 and 4 repeatedly call for additional qualitative research. Chapter 3
found that the reliability of the conversational turn measure was lower than child vocalization
counts. And Chapter 4 called for additional qualitative analysis regarding the nature of the
increases in child vocalizations under specific environmental variables. Future researchers that
seek to use the LENA system for research regarding children with ASD should consider adding
human coders for additional qualitative analyses that can inform the quantitative measures
collected by the LENA system.

Environmental Effects on Children’s Language

The LENA system helped to provide quantitative evidence that children with ASD
display significantly higher vocalizations under different environmental variables. Child
vocalizations were significantly higher in the inclusion classroom compared to the self-contained
EIBI classroom, higher during group instruction compared to individual instruction, and higher
during natural interventions compared to discrete interventions. Currently, there are no studies
that discuss the quantity of expressive language children with ASD show under different

environmental variables. By using an automated data collection device that has shown reliability
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for use in the target population, the primary investigator was able to provide preliminary
quantitative evidence on the relationship between different environmental variables and children
with ASD’s expressive language.

Many researchers continue to debate whether inclusion or self-contained, group or
individual, or natural or discrete instruction is more effective for language development in
children with ASD. Some researchers state that some children with ASD cannot learn through
observational learning and/or spontaneous social interactions and need systematic individualized
instruction (Fisher & Meyer, 2002; Whitaker, 2004). Others state that since children with ASD
only display language in the context of how they acquired the skill, they need to learn language
in natural settings and through interaction with typically developing peers (LeBlanc, Dillon, &
Sautter, 2009; Schreibman et al., 2015). The exploratory analysis conducted by the LENA system
in Chapter 4 may justify the need for a closer investigation of the quality and content of
expressive language in children with ASD under different environment variables. Future research
in this area could provide additional information that has not yet been considered by previous
research on what environment, at what time, is most effective for language development in
children with ASD. In addition, identifying environment variables that strengthen existing
evidence-based language interventions may be an efficient way to increase the potency of
intervention and further facilitate long-term language development for children with ASD.

Results of Chapter 4 also found no significant relationships between conversational turn
counts and the environmental variables. Because the study presented in Chapter 3 found that the
reliability of the conversational turn measure was lower than child vocalization counts, there is a
possibility, however remote, that the conversational turn counts supplied by the LENA system in

Chapter 4 were not representative of the children’s actual conversation frequencies. If so, further
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research is needed to identify an optimal method to measure the number of true interactive
conversations in children with ASD. Social communication, with language, is an area that
children with ASD commonly show difficulty (American Psychiatric Association, 2013).
Identifying possible environmental variables that promote social communication in children with
ASD may be another area of future research to benefit language development in children with
ASD.
Language Research in Children with ASD

Language is important for children with ASD, as it is a strong predictor for academic
success and independent adult life (Roux, Shattuck, Rast, Rava, & Anderson, 2015). Despite
continuous research, an estimated 30% of individuals with ASD remain non- or minimally verbal
throughout life (Tager-Flusberg & Kasari, 2013). Using an automated data collection apparatus
such as the LENA system can provide new information that can inform current language
interventions and characteristics research in children with ASD. Researchers should utilize more
innovative methods that combine both the qualitative and quantitative dimensions of language to

further investigate the implications presented in the current dissertation.
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APPENDIX A
Environmental Data Sheet

The Behavior Technician (BT) data sheet was created by the primary investigator. BTs collected data every time a new activity began
for a child with ASD enrolled in Chapter 4. The start time of the activity was entered in the Time column. The BTs circled the
appropriate description for the Location, Grouping, Method, and Learning Objective columns. The BTs also recorded a simple
description of the activity (e.g., Lunch, inclusion story time) in the Comments column.

BT Name: Child Number: Date: Page: of

Time Location | Grouping Method Learning Objective Comments

—

:1 DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

DTT  Natural | Language Adaptive  Social/Play  Cognitive

eshlesiiesiieshieshieshieshieshicshieshieshieshieshieshieshieshieshieshieshieshleshles
el el el el el el el el el el Ll Ll el Gl el el el Ll Ll
ola)nlialalislialialialialalala]ialalalialalalala]is]

I DTT  Natural | Language Adaptive  Social/Play  Cognitive

Note. E = EIBI, I = inclusion. 1:1 = individual, G = group. DTT = discrete.
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APPENDIX B

Flowchart of Study Inclusion and Exclusion

Flowchart of the inclusion and exclusion process of the journals and studies included in this review

Clarivate Analytics Journal Citation

1) English

BI, BM, JABA, JBE, JCFT, JOBM,
JPBI

2) Contains “behavior analy*” in objective
3) Publishes at least 50% in applied-research

2015
JEAB

Total: 1466 articles
BI (207), BM (261), JABA (717),
JBE (167), JOBM (114)

Include
data-based articles
between 2010-2018

Total: 42 articles
JEAB, 2015

Total: 146 studies
BI (17), BM (7), JABA (95), JBE (4),
JOBM (26)

Inclusion-criteria
for
automated data

Total: 54 studies
JEAB, 2015
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