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ABSTRACT OF THE DISSERTATION

Towards the Improved Characterization of Minimally Verbal Children with Autism:
Applications of Item Response Theory and Machine Learning Algorithms to Analyze Measures

of Social Communication

by

Andrew Jeremy Schlink
Doctor of Philosophy in Education
University of California, Los Angeles, 2022

Professor Connie L. Kasari, Chair

Minimally verbal children are considered the enigmatic and, unfortunately, the neglected
end of the autism spectrum. This subpopulation has likely garnered this title due to their
exclusion from research studies, which has inevitably affected their evidence base. The paucity
of proper measurement tools that sensitively and accurately assess behaviors has been one
limiting factor towards the improved knowledge of these children. Short of creating and
validating a new measurement tool for this subpopulation, this study took an alternative and
more immediate approach: examine an existing social communication measure (ESCS) with
repurposed quantitative methodologies, item response theory (IRT) and machine learning
algorithms (CART and random forests). The final sample consisted of 453 minimally verbal

children culled from four different intervention studies.



The IRT models analyzed the frequency of social communication gestures from the
ESCS and returned an objective difficulty hierarchy regarding initiations of joint attention and
behavior regulation gestures. The best-fitting and final model was a zero-inflated negative
binomial model (ZINBM) which determined that joint attention gestures were, on average, more
difficult than behavior regulation gestures. Joint attentional shows and gives were especially
tough, and behavior regulation reaches were the easiest gestures for this sample. The ZINBM
separately modeled children with some gestures and children who did not present with any
gestures and determined that behavior regulation reaches and gives were likely the first gestures
a child will eventually exhibit among children with no gestures.

Classification and regression trees (CART) were used to understand the clinical meaning
behind frequencies of social communication gestures. Influential cut points were identified by
the recursive partitioning algorithm of CART and determined which frequencies were able to
classify children into more or less robust language outcomes at baseline. On average, a single
behavior regulation point was sufficient to classify children into more robust language outcomes.
For many of the trees, responding to bids joint attention around one-third of the time or more was
also predictive of more robust language outcomes. Variable importance was examined with a
random forest algorithm, which matched the results from the classification trees.

Overall, this study demonstrated that the use of IRT and CART vyielded additional
information, beyond traditional scoring and analytic techniques, regarding the presentation of
social communication gestures among minimally verbal children. This study also discussed the
methodological contributions and potential future applications of IRT and CART within this

field.
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Introduction
Autism Spectrum Disorder

As it is known today, the characteristics of Autism Spectrum Disorder (ASD) were first
described by Leo Kanner in his seminal 1943 paper. Within his 11 case studies, Kanner
documented the significant variability in impaired social affective communication — a hallmark
of the disorder still recognized under the current Diagnostic and Statistical Manual of Mental
Disorders (DSM-5). ASD is now recognized as a complex neurodevelopmental disorder marked
by the diverse phenotypic expression of two core characteristics: social communication
difficulties and restricted, repetitive behaviors (American Psychiatric Association, 2013). In
addition to variability in core characteristics, individuals with ASD also exhibit a wide range of
cognitive levels, ranging from very low in those with intellectual disability to well above the
average in savants with unique talents (Maenner et al., 2020; Rimland, 1978).

Although once thought to be a rare neurodevelopmental disorder, ASD has experienced
an increase in its population rate in recent years. In the 2018 report within the Autism and
Developmental Disabilities Monitoring (ADDM) Network, the Center for Disease Control
(CDC) determined that 1 in 59 children had a diagnosis of ASD (Baio et al., 2018); the findings
from the most recent report in 2021 indicate the prevalence rate has increased to 1 in 44
(Maenner et al., 2021). At least some of this rise can be attributed to greater public awareness,
broadening diagnostic criteria, and earlier detection of symptomatology in young children
(Fombonne, 2009; Maenner et al., 2020; Matson & Kozlowski, 2011). These continually
growing rates have contributed to increased attention for scientific research into the

pathophysiology, etiology, and treatments for ASD.



Although understanding the direct cause of ASD still eludes current researchers, we have
nevertheless learned much about how the disorder develops and whom it affects. We know that
at some point between 12 and 36 months, the behavioral trajectory of children later diagnosed
with ASD diverges from their neurotypical counterparts. During this onset period, deficits in
social communication emerge, like reduced eye contact, a decline in smiling, and fewer
vocalizations towards others (Ozonoff et al., 2010, 2011). From these departures in social
engagement, a reliable diagnosis of ASD is achievable as early as age 2 (Johnson et al., 2007;
Landa et al., 2007).

Language Development in ASD

Although not within the ASD diagnostic criteria, language delays are often associated
with autism and are a potential byproduct of social communication impairment (Charman, 2003;
Dawson et al., 2004; Mundy et al., 1986). These language delays can be detected by parents as
early as 18 months (Mitchell et al., 2006) and are typically the basis for parents' seeking a
diagnosis (Franchini et al., 2018; Lord, 2000). Like the core characteristics of autism, verbal
language ability reflects the heterogeneity of the disorder — some individuals have fluent speech
while others do not produce any words (Tager-Flusberg et al., 2005). Historically, it was
estimated that up to 50% of children diagnosed with ASD would never develop functional
speech (Rutter, 1978). However, we have now estimated that about half of all preschool-aged
children with ASD will eventually develop age-appropriate language. The other half will
experience language delays, with approximately 25-30% remaining nonverbal or minimally
verbal (less than 20 spoken words) into late childhood (Anderson et al., 2007; Lord et al., 2004;
NIH workshop, 2010; Tager-Flusberg & Kasari, 2013).

Minimally Verbal Children: What Do We Know?



Current estimates indicate that roughly 30% of individuals diagnosed with ASD will
remain minimally verbal throughout their lifespan despite intensive intervention (National
Research Council, 2001; Norrelgen et al., 2015; Pickles et al., 2014; Rose et al., 2016). Although
their low expressive language output classifies minimally verbal children, they still exhibit a
wide range of heterogeneity in other developmental domains (Tager-Flusberg & Kasari, 2013;
Kasari et al., 2013).

We know that verbal 1Q and nonverbal 1Q levels are not identical with minimally verbal
children. Some children with very low verbal I1Q can have higher levels of nonverbal 1Q than
what their expressive language would suggest (Munson et al., 2008). Similarly, other minimally
verbal children can have cognitive abilities within the average range of intelligence (Bal et al.,
2016). Receptive language skills vary as well. Some minimally verbal children have very low
receptive language skills, whereas others can maintain average levels of receptive language
ability (Rapin et al., 2009). Thus, the heterogeneity of phenotypic expression that is the hallmark
of ASD is still present within this subgroup of minimally verbal children.

Preverbal vs. Minimally Verbal

A distinction must be made between preverbal children and those who are minimally
verbal. Most young children are considered 'preverbal’; that is, they are not talking yet (delayed
in their development) but are expected to talk by school age. Those who remain limited in their
verbal ability, defined as having no language or a repertoire of fewer than 20 words by age 5 or
6, are classified as "minimally verbal” and are at greater risk for poorer long-term outcomes and
quality of life (Howlin et al., 2000; NIH workshop, 2010; Tager-Flusberg & Kasari, 2013).
Differentiating these children at a young age is complex, which raises a pertinent issue in the

field of knowing when and how to determine if a child is on a trajectory of language



development that will result in an optimal outcome — defined as speaking by school age, or on a
slower trajectory that will reclassify the child as 'minimally verbal' (Ellis Weismer & Kover,
2015; Georgiades & Kasari, 2018; Kasari et al., 2018). We believe that to recognize these
differential language trajectories earlier in a child's development, it is imperative first to
understand children’s skills thoroughly before an intervention.
Gains in Minimally Verbal Children

Previous data on minimally verbal children at school-age suggest that few develop fluent
speech in the next several years (Koegel, 2000). However, there is growing evidence that
language development is possible after age 5. Two follow-up studies indicated that a small
fraction of children (7 out of 63 and 4 out of 120) learned to use functional language after five
years of age (DeMyer et al., 1973; Rutter et al., 1967). Similarly, a review by Pickett and
colleagues (2009) found that 167 individuals developed language between 5 and 7 years of age,
with roughly one-third developing phrase speech. Again, in a larger review of 535 children who
did not have functional speech at age 4, 70% developed phrase speech, and 47% developed
fluent speech by age 8 (Wodka et al., 2013). Blended or adaptive interventions have also been
proven to be efficacious with minimally verbal children. Among a sample of 61 minimally
verbal children between 5 and 8 years of age, clinically and statistically significant
improvements were made in spontaneous communicative utterances and novel words after 24
weeks if the intervention protocol began with a speech-generating device and a naturalistic
developmental behavioral intervention (Kasari et al., 2014).

Therefore, although five years of age has typically been a cutoff for sufficient language
gains, research suggests that the window for growth extends beyond this age and warrants

additional research for this population. Not only is it of substantive importance to support



children in their language goals, but it has been shown that difficulty in expressive language is
associated with maladaptive outcomes like aggression, inattention, and self-injury, which further
emphasizes the importance of this research (Dominick et al. 2007; Hartley et al. 2008).
Hindrances in Minimally Verbal Research

Despite the justification for additional social communication research among minimally
verbal children, some inherent barriers have hindered its progress.
Exclusion from Studies

First, less is known about this minimally verbal subgroup due to the systematic exclusion
from research studies (Tager-Flusberg & Kasari, 2013; Kasari et al., 2013). In one review, only
50 out of 301 studies (17%) reported data on minimally verbal children (Russell et al., 2019). In
another review, 105 out of 964 studies (11%) targeted these individuals (Jack & Pelphrey, 2017).
In a large meta-analysis of 100,245 individuals from original autism research published in 2016,
only 2% were considered non or minimally verbal, indicating a gap in the descriptive and
behavior intervention literature for those with limited language ability (IACC, 2017).

Consequently, the Interagency Autism Coordinating Committee (IACC) has recognized
the lack of representation of minimally verbal children in the literature and has highlighted the
pressing need to study children with ASD with limited language abilities; specifically, those
children who have not yet developed language into later childhood (IACC 2011, 2017; Tager-
Flusberg & Kasari 2013).
Insufficient Assessment and Measurement

Another factor that has hindered the research of minimally verbal children has been
assessment and measurement. Currently, the field lacks a consensus on which measures to use

with this population, which has obscured the definition of what it is to be minimally verbal



across research studies (Tager-Flusberg & Kasari, 2013; Kasari et al., 2013; Koegel et al., 2020).
Researchers may rely on different instruments and use different cutoffs to define and obtain their
sample of minimally verbal children.

A systematic review that examined "nonverbal” and "minimally verbal” individuals
within social communication intervention studies found that the assessment measures used to
evaluate and define these samples lacked consistency. Across the 31 studies and 650 unique
participants in this review, only four studies assessed participants with natural language samples,
and only eight studies included more standardized parent reports on language (i.e., Vineland
Adaptive Behavior Scales and the MacArthur—Bates Communicative Development Inventories),
indicating that not even half of these studies used objective measures to evaluate language ability
(Koegel et al., 2020). Although more standardized, these parent-reported measures are subject to
biases. By implementing potentially biased, variable, and often unreliable assessment methods
like non-standardized descriptions or informal parent/teacher reports, researchers are likely
affecting sample characteristics and possibly contributing to the variability in outcome
trajectories among this subpopulation.

The same review by Koegel et al. (2020) noticed considerable age and language level
variability among participants classified as minimally verbal. Minimally verbal participants in
this systematic review ranged from 2 to 16 years, a wide age range. Age is an essential variable
in determining minimally verbal status as some young children could be considered preverbal
and will eventually acquire verbal language. The number of words spoken exhibited the same
variability. Some children could repeat sounds and syllables (Gevarter & Horan, 2018), while
others had up to 51-75 words (Koegel et al., 2009). This wide range of verbal ability is observed

in other studies as well. Some researchers have defined their sample of minimally verbal children



as having less than 20 different word roots on numerous language samples (Yoder & Stone,
2006). Still, others may rely solely on standardized tests to split the sample into two groups: no
words versus 1-9 spontaneous words (Romski et al., 2010). Although these definitions are often
well-defined in individual studies, the broad range of definitions likely impacts interpreting
treatment effects and child outcomes across studies.

In response to these discrepancies among research studies, the National Institutes of
Health (NIH) hosted a workshop in 2010 which brought together a broad array of scientists to
discuss minimally verbal individuals with ASD. Defining minimally verbal status and
identifying appropriate assessments for this population were the primary outcomes (Kasari et al.,
2013; Tager-Flusberg & Kasari, 2013). Thus, the current study adopts these consensus guidelines
to define minimally verbal as school-aged individuals who use fewer than 20 functional words,
yet measures used to determine language were not specified (National Institute on Deafness and
Other Communication Disorders, 2010).
Targeted Social Communication Interventions for Minimally Verbal Children

Research on communication-based interventions for minimally verbal children over the
age of 5 is sparse. Additionally, the majority of early interventions often focus more on
requesting language skills (e.g., "I want") than on other functions of speech such as commenting
language or question asking (Kasari et al., 2013; Tager-Flusberg & Kasari, 2013; Pickett et al.,
2009). However, theoretically, young children generally learn language in social interactions
where commenting language can emerge; additionally, similar findings are noted for children
with autism (Shih et al., 2021). Practically, it makes sense to target developmentally upstream
predictors of later social-communicative language, such as joint attention and joint engagement.

What is the Role of Joint Attention in Expressive Language Development?



Social communication impairment can look different across the autism spectrum, so it is
essential to distinguish which behaviors relate to spoken language. Before spoken words,
children use several intentional communication acts with their caregiver, including eye contact,
pointing, and showing to coordinate another person's attention to share the experience of an
object or event (Mundy et al., 1994; Tomasello & Farrar, 1986). These communicative gestures,
known as joint attention, are often intertwined with caregiver interactions. Parents’ ability to
follow-in on child activities promotes joint engagement between child and caregiver and
facilitates these joint attention skills (Kasari et al., 2006, 2008, 2010). This joint engagement
between child and caregiver offers a space where caregivers can introduce language during
social interactions (Adamson et al., 2004, 2009; Tomasello, 1995).

The linkage between joint attention and subsequent language skills has been well
documented in children with ASD and neurotypical children, suggesting that it is a requisite skill
for language development (Charman, 2003; Loveland & Landry, 1986; Mundy et al., 1990;
Tomasello & Farrar, 1986). Children with ASD who exhibit more developed joint attention skills
concurrently exhibit more sophisticated language skills (Dawson et al., 2004; Mundy et al.,
1986). Additionally, a study by Mundy and colleagues (1990) demonstrated that joint attentional
gestures measured during the preschool years predicted language development one year later.

Given the concurrent and predictive properties of social communication behaviors on
spoken language outcomes, communication-based interventionists have tailored therapies to
target social communication behaviors like joint attention specifically (Schriebman et al., 2015;
see also Kasari et al., 2006; Yoder & Stone, 2006). However, despite the focus on prelinguistic,

joint attention skills in intervention studies, outcomes measures typically overlook joint attention



assays in lieu of more concrete developmental benchmarks like words gained (Koegel et al.,
2020).
Treatment Outcomes

In a longitudinal RCT by Kasari and colleagues (2008), young children ages 3 and 4
years significantly improved expressive language gains one-year post-intervention if they
initially received treatments that targeted joint attention or symbolic play. Researchers also
examined whether initial language ability affected expressive language outcomes. At the entry of
the study, children with more spontaneously initiated words showed significantly greater
expressive language growth 1-year post-intervention. There was also a significant difference
among intervention groups for children with low language ability (< 5 words), where the
experimental group that targeted joint attention showed significantly more growth in language
than the symbolic play intervention and control group.

A long-term 5-year follow-up of these same children indicated the continued growth and
generalization of these social communication skills. Spoken vocabulary at the 5-year follow-up
was predicted by numerous child variables at entry (when children were 3 and 4 years of age),
like initiating more joint attention, demonstrating higher play levels, and receiving the
experimental interventions (Kasari et al., 2012). On average, children in the joint attention and
symbolic play experimental groups scored significantly higher on language measures at the 5-
year follow-up compared to the control group, but the difference between treatment groups was
not significant (Kasari et al., 2012). These results support that young children with language
delays can improve language outcomes if an intervention specifically targets joint attention/joint
engagement.

Measuring Change in Early Intervention Programs



For communication-based research studies, in particular, individual treatment response
and intervention efficacy are partially determined by measures that capture expressive language
abilities (Brignell et al., 2018; Kasari et al., 2006, 2008, 2012; Yoder & Stone, 2006). However,
measuring discrete spoken language skills is not the only way to characterize these children,
especially since there may not be enough variability in language to distinguish children from one
another (DiStefano & Kasari 2016). Quality indicators of social communication like joint
attention skills and joint engagement with a social partner emerge earlier in the developmental
timeline of a child and are robust predictors of future language (Adamson et al., 2004; Luyster &
Lord, 2009; Mundy et al., 1990; Shumway & Wetherby, 2009; Thurm et al., 2015; Wetherby,
2006). The measurement of these joint attention skills may be sensitive enough to detect
differences in children’s abilities that would otherwise not be apparent in measuring language
alone.

However, currently, there is a dearth of assessments that can reliably measure small and
meaningful differences in social communication (Bishop et al., 2019; Kasari et al., 2013; Lord &
Jones, 2012). In particular, the lack of sensitive social communication measures that can be used
among minimally verbal children has been a limiting factor in autism intervention research
(McConachie et al., 2015; Kasari et al., 2013; Tager-Flusberg & Kasari, 2013). Nevertheless, the
accurate measurement and monitoring of these crucial but often subtle social communication
behaviors may indicate whether a child is on a positive language trajectory or not.

Proximal vs. Distal Outcomes. Common outcomes used to assess meaningful change
among communication-based interventions are growth in joint attention skills and
expressive/receptive language (Bolte & Diehl, 2013). The developmental breadth of these

outcomes is measured by proximity, which describes how similar the outcome is to the
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intervention's target. Outcome measures that align with intervention targets are considered
proximal to the treatment. Alternatively, outcomes that assess behaviors beyond the primary
target of the intervention are considered distal to the treatment (Gersten et al., 2005). For
example, in a hypothetical communication-based intervention that aims to improve joint
attention skills, outcomes that accurately assess those joint attention skills would be proximal to
the treatment. Improved language, a developmentally downstream effect of joint attention
improvement, is an example of a potential distal outcome.

Both types of measures are essential for communication-based interventions with
minimally verbal children, and each has its strengths and weaknesses. Measures that assess joint
attention skills may be proximal to the treatment target and thus a more sensitive indicator of
quick behavior changes; however, these measures may not necessarily reflect the intervention
protocol's goal, i.e., language. Alternatively, measures that assess language ability are typically
the desired result among a minimally verbal population; however, language outcomes may not be
sensitive to brief intervention periods and possibly only detected in long-term studies. Therefore,
in intervention research, aligning proximal and distal measures results has been challenging but
necessary to understand the trajectory of communication and language development.

Social Communication Measurement

The importance of targeting social communication behaviors like joint attention in early
intervention is evident. First, it is associated with language development, but more importantly,
the clearly defined set of behaviors is malleable and receptive to improvement within an
intensive intervention context (Fuller & Kaiser; Kasari et al., 2014, 2016; Mundy, 2016).
However, measuring these behaviors can be tricky, especially among minimally verbal children.

Why is it Difficult?

11



Some variables, such as social partner and context, can influence joint attention skills,
thus altering the perceived quality of joint engagement between a child and another person.
Interpreting data from various joint attention measures is complex too. Depending on features of
the psychometric measure (rating scale vs. frequency count) and source of information
(observation vs. parent/teacher-report), measures may be tapping into different aspects of the
same social communication construct (Wetherby, 2006).

How Do Social Communication Measures Gather Information?

In a research context, joint attention skills can be objectively observed from a natural
environment or within a structured, standardized interaction. These observations can be coded
and interpreted by an expert who is blind to treatment assignments. Alternatively, social
communication data can be derived from surveys, questionnaires, or interviews. Each
measurement method has its strengths, weaknesses, and role in overall measurement theory.

Reported Information. Caregivers and teachers have insider knowledge of child
behaviors in various contexts, but these person-reports may be vulnerable to bias and placebo
effects (Anagnostou et al., 2015; Bolte and Diehl, 2013). In a double-blind, placebo-controlled
study, Guastella and colleagues (2015) demonstrated that caregivers' opinion of treatment
assignment could sway their report on behaviors. Therefore, it has been recommended that early
intervention researchers discard parent-report measures as an indication of child behavioral
response as they are inherently biased, and their results are largely uninterpretable (Jones et al.,
2017; Sandbank et al., 2020).

Observed Behaviors. Measuring observed behaviors may be the most objective method
to assess behaviors in an intervention study context (Masi et al., 2017). However, data may look

different depending on where and with whom behaviors are assessed.
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Observing social communication in a natural environment may elicit more organic joint
attention skills on average, but controlling for the variability in joint attention opportunities
across contexts and individuals may be difficult. A structured interaction may account for
context and individual variability, but it may be challenging to obtain reliable data due to the
contrived environment; children may have issues with compliance, attention, or rapport with
researchers which may impact data quality (Wetherby, 2006).

A child's social partner could also contribute to variability in social communication skills
too. The social partner may be someone familiar, like a caregiver or sibling, or someone foreign
like a new interventionist, indicating that the presentation of true social communication abilities
could depend on the social partner. Interpreting measures that gather data from these different
sources in an intervention study should be disclosed.

Measurement with Minimally Verbal Children

Minimally verbal children, a population where it is typically challenging to perform
assessments, exacerbate the difficulty of objective social communication measurement (Tager-
Flusberg & Kasari, 2013). For children with limited language ability, the basic skills required to
undergo standardized testing, such as understanding the testing protocol and maintaining
sustained attention, may not be within their repertoire of skills (Tager-Flusberg, 1999).

Given how difficult it is to measure social communication skills objectively, it is not
surprising that there is a paucity of objective social communication measures that can be used for
children with minimal language abilities (Kasari et al., 2013). The dearth of measures that
quantify social communication apart from other developmental variables like language has
hindered autism intervention research (Bishop et al., 2019; Lord & Jones, 2012). A possible

consequence of the dearth of social communication measures is the lack of definitively
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efficacious interventions for minimally verbal children (Kasari et al., 2013; Rogers & Vismara,
2008; Tager-Flusberg & Kasari, 2013). Therefore, although social communication measures that
assess joint attention skills and joint engagement are good indicators of language growth,
measurement is difficult, tedious, and may not be very precise for these minimally verbal
children.

Communication measures for children with ASD are typically reported using total scores
from standardized assessments that measure language ability (e.g., Natural Language Sample and
Mullen Scales of Early Learning) and social communication/joint attention (e.g., Communication
and Symbolic Behavior Scales). Using total scores under a classical test theory framework may
not be appropriate for use with minimally verbal children, as this scoring method may fail to
capture individual variability in outcomes (Charman, 2003; Tager-Flusberg & Kasari, 2013). As
a result, two recommendations have been proposed to help measure social communication
among minimally verbal children: analyze item-level data from assessments and establish spoken
language benchmarks corresponding to developmental changes (Tager-Flusberg et al., 2009).
Both recommendations aim to understand the variability in social communication skills among
minimally verbal children.

Methodological Advances in Measurement for Minimally Verbal Children

Currently, intervention researchers are in a predicament: interventions that improve the
core ASD behaviors of social communication and, subsequently, language are hindered by
insufficient methods to measure these behaviors accurately and sensitively among minimally
verbal children (McConachie et al., 2015). This study recognizes the recommendations put forth
by Tager-Flusberg et al. (2009) and employed two methodological analytic techniques to

improve our understanding of the social communication skills of minimally verbal children.
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Item-Level Analysis of Social Communication Data

In communication-based autism research, outcomes for children are commonly reported
with total sum scores from standardized assessments (Matson et al., 2010). However, these
overall sum scores may overlook significant variability that may differentiate one child from
another. In minimally verbal children, this issue is exacerbated as total scores may be very low
on social communication measures (i.e., exhibiting floor effects) and may not capture individual
variability (Kasari et al., 2013). Additionally, the subtlety in the function of these gestures may
be lost within total scores, i.e., differentiating between joint attention and requesting social
communication domains. Within some assessments like the Communication and Symbolic
Behavior Scales (CSBS; Wetherby & Prizant, 1998, 2002), these domains are combined —
which may pose issues in understanding children’s true skills as joint attention is typically more
impaired than requesting skills.

Thus, in terms of characterizing the social communication skills of minimally verbal
children, an item-level analysis of individual behaviors may be more appropriate (Abbeduto et
al., 2011; Charman et al., 2003). Researchers have capitalized on analyzing item-level data from
standardized assessments like the Autism Treatment Evaluation Checklist (Magiati et al., 2011)
and Vineland Adaptive Behavior Scales-I1 (Norrelgen et al., 2014) to characterize language gains
in intervention studies. Within a population where it is challenging to portray variability in skills,
minimally verbal children may benefit from the item-level analysis of social communication
gesture data, which may provide additional and more precise information.

Item Response Theory. Item response theory (IRT) refers to a framework of mathematical
models that attempts to explain the relationship between individual responses on items of an

assessment scale and a latent, unobservable trait (Baker, 2001). IRT was developed as an
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alternative approach to remedy the shortcomings of classical test theory (CTT) sum scores,
namely that a person's ability and difficulty cannot be separately modeled, and that scores may
not be measured with equal precision across the population (Doostfatemeh et al., 2015;
Embretson & Reise, 2000).

In CTT, observed scores on a measure are the direct product of a participant's true score
(average of observed scores over infinite repeated testing) and error (difference between
observed and true scores) (Kean & Reilly, 2014). Although scores derived from CTT are easily
interpretable, they may not effectively differentiate participants based on their skill levels due to
inherent measurement error. Specifically, as it relates to this study, CTT’s primary disadvantages
include sample dependence, which may exacerbate the generalizability of findings amongst a
heterogeneous population. IRT avoids these pitfalls by analyzing individual items of an
assessment, which are invariant to the group’s ability; therefore, determining how difficult an
item is can be derived from a group with either low or high ability. Similarly, ability estimation
is independent of other participants’ performance on the test and items used. These invariance
features of IRT allow item difficulty and ability to be measured on the same scale, which may
reduce measurement error and offer a purer estimate of the construct or symptom of interest
(Fries et al., 2005; Kean et al., 2018).

The premise of IRT is that it operates under the assumptions that an underlying latent
trait governs or explains an individual's response on a measure and that those test items are
statistically independent. Although slightly more esoteric than CTT scores, IRT and its results
have proven valuable in scale development and improved precision in psychological and various

health conditions measurements (Cella et al., 2007; Edelen & Reeve, 2007). In this study, using
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IRT models is appropriate as children fall on a spectrum that reflects the latent trait of social
communication, as measured by a specific observational assessment.

One of the goals of this study is to use IRT to improve how we measure baseline social
communication skills among minimally verbal children. Analyzing item-level data may
effectively capture untapped variability among minimally verbal children, thus differentiating
children more sensitively based on their social communication skills. For example, under CTT,
we can already determine which participants have more social communication skills. However,
an experimental measure assessed with an IRT model can provide a "yardstick™ to determine
which participants have more social communication skills than others. Specifically, we can
determine which aspects of social communication skills (i.e., joint attention and behavior
regulation gestures) are most challenging to exhibit among this sample of minimally verbal
children.

Rasch Poisson Count Model. IRT models typically make use of dichotomous or
polytomous data, as one would see in true/false or multiple-choice question formats. Various
IRT models that handle these data can effectively model the relationship between a person’s
endorsement of an item, which usually indicates whether that question was answered correctly,
and the person’s overall location on a latent construct or ability. Therefore, these models lend
themselves especially well for purely psychometric purposes (e.g., shorten a questionnaire or
improve test validity). Although these IRT models may be suitable for a wide range of data, they
may not accommaodate frequency-based behavioral data often seen in autism research and, in
particular, intervention studies.

To circumvent any potential issues of recoding count data into a dichotomous or a graded

format, another suitable option is to employ the oldest one-parameter IRT model developed, the
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Rasch Poisson Count Model (RPCM; Rasch, 1960/1980). Although the RPCM is arguably less
popular than its Rasch model counterpart, RPCMs have been used to analyze tests of attention
(Baghaei & Doebler, 2019), processing speed (Doebler & Holling, 2016), oral reading errors
(Rasch, 1960), memory (Jendryczko et al., 2020), and physical activity (sit-ups) (Zhu & Safrit,
1993). In each of these examples, the same task or numerous simple tasks are given to a
participant, and the aggregation of hits/misses is the metric for understanding performance. For
assessments that have been historically analyzed using CTT, the RPCM is a logical progression
into the IRT framework (Doebler & Holling, 2016). Therefore, one key advantage to RPCMs is
that they may explain results at the item and person level more profoundly than CTT alone, all
while maintaining the integrity of the initial scoring procedure. Within the context of behavioral
assessments among minimally verbal children with ASD, small tasks are usually sequentially
introduced, and the aggregation of the frequency of observed behaviors is a way to measure
overall social communication ability. From a measurement standpoint, using RPCMs may retain
crucial variability that may be essential to characterize behaviors further.

RPCMs belong to the family of Rasch models, where the frequency or count of
errors/successes are modeled instead of the response to a specific item as seen in the common
Rasch, 1, and 2 parameter models (Doebler et al., 2014; Jansen, 1994; Rasch, 1960).
Nevertheless, although it has drawn less attention, RPCMs are not dissimilar from their
ubiquitous Rasch counterpart. They are both unidimensional latent trait models (i.e., measure one
ability), and they both accurately separate person and item parameters for objective comparisons
of persons and items. Similar to other IRT models, the number of correctly solved tasks (i.e.,
demonstration of behaviors in this study) is directly related to the function of a person’s ability

and a specific item-easiness parameter (Masters & Wright, 1984). RPCMs assume a Poisson
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distribution, where the probability of a number of events (hits or misses) in a fixed period is
expressed if the average number of hits or misses is known (Baghaei & Doebler, 2019). The
RPCM assumes that the distribution of responses for each item follows a Poisson distribution
with the rate A, a parameter representing both its mean and variance. Under this conditional
distribution, the mean equals the variance E (X|0) = Var(X|0). The location and spread of the
conditional distribution of responses X are determined by the rate, which is dependent on
difficulty and latent ability. Therefore, the RPCM links an item’s difficulty deterministically
since the same parameter determines both location and spread (Beisemann, 2022). Violation of
this equidispersion assumption is not uncommon in social science data as the variance is often
greater than the mean, which may motivate the use of post-hoc modifications to account for the
skewness (Thall & Vail, 1990).

Negative binomial model. One method to handle potential overdispersion is the negative
binomial regression model (NBRM), which adds an additional random effect term to handle the
extra variation in the data by allowing the mean and variance to be different (Hilbe, 2011; Hung,
2012). Poisson models, as seen in the RPCM, are a particular case of the NBRM model. When
overdispersion is present, NBRMs may yield reliably larger standard errors, which reflect the
additional variance in the outcome measure and help guard against Type-1 errors (Atkins et al.,
2013).

Zero-inflated Negative Binomial Model. Given that joint attention skills are difficult for
minimally verbal children, there is a possibility that many children are not able to demonstrate
these skills within an assessment at baseline, resulting in many zeros for certain variables.
Negative binomial models can typically fit highly skewed data like this, including data that

contain many zeros; however, when the stack of zeros is robust across variables and the
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distribution of non-zero data is not a smooth extension from the zeros, alternative models such as
zero-inflated extensions may be more appropriate (Lambert, 1992). The zero-inflated model
allows for frequent zero-valued observations since it is based on a zero-inflated probability
distribution. Also called two-part or mixture models, ZINBMs combine a logit distribution with
a negative binomial distribution (Hilbe, 2014; Lambert, 1992).

Establishing Language Benchmarks

Social communication can be exceptionally subtle for minimally verbal children, so
measuring more discrete behaviors like joint attention is necessary to portray this population’s
skill variability. These discrete joint attention skills serve as a proxy for social communication
development, and may be a more sensitive measure than language alone (Kasari et al., 2012).
However, it may be unclear how to derive clinically meaningful interpretations regarding
broader social communication abilities from experimental measures that only assess discrete
behavioral skills. Specifically, clinical trials have not demonstrated a comprehensive method to
calibrate joint attention skills from an experimental measure to more standardized measures of
language development.

Classification and Regression Trees. One method suited to help establish language
benchmarks within joint attention skills is classification and regression trees (CART; Breiman et
al., 1984). CART is a statistical learning technique that uses recursive partitioning to create
subgroups from a final set of predictor variables to specify cutoff values within those predictors
(Hastie et al., 2009). This method outlines a set of easy-to-follow rules to classify observations
into mutually exclusive groups based on the combinations and interactions of the explanatory
variables. Compared to linear models, recursive partitioning methods like classification trees can

work well when interactions among data or non-linearities cannot be identified a priori. One
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strength of CART is that it is conceptually simple and easy to interpret. As a result, its rule-based
decisions have made CART popular in many fields, including biomedicine, business analytics,
and healthcare (Carrizosa et al., 2021).

The field of autism research has benefited from the CART method and its extensions as it
can be used to form subgroups or find associations within the complex, non-normal data often
present within autism research. For example, autism researchers have utilized the CART method
to identify subgroups of differential treatment response (Shih et al., 2016) and to identify the
most important predictors of expressive language development in minimally verbal children with
autism (Bal et al., 2020). Bal et al. (2020) highlight the utility of the CART analysis to determine
which variables at age three best predicted categorical language outcomes (verbal or minimally
verbal) at age nineteen. Fine motor skills were the most important predictor of language ability at
nineteen, where the majority of children (31/40) with delayed fine motor scores (i.e., FM-T < 20)
on the Mullen Scales of Early Learning remained minimally verbal. Initiations of joint attention
were the second most important predictor. Of the remaining 46 children who had better fine
motor skills (i.e., FM-T > 20), all 13 children who imitated joint attention developed phrase
speech at nineteen (Bal et al., 2020). CART effectively minimized the heterogeneity in autism
phenotypic presentation by creating subgroups of children based on cut points in important
predictors.

As ASD research continues to leverage the benefits of machine learning techniques,
CART has not yet been applied to illuminate benchmarks within social communication
measurement among minimally verbal children with autism. This study suggests we can
understand how sensitive joint attention measurements relate to broader language outcomes by

applying CART across these proximal and distal social communication measures. Therefore, the
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impetus for the machine learning algorithms was to close this interpretation gap between
proximal and distal results so that information may be consolidated across multiple and crucial
measures, thus, giving a more comprehensive characterization of abilities within this minimally
verbal population.

Study Aims

Improving language is vital for minimally verbal children, given the prognosis for later
optimal outcomes (Anderson et al., 2007; Nordin & Gillberg, 1998). Although interventions for
this population that aim to improve social communication are growing, the number of
appropriate social communication measures lags behind (Anagnostou et al., 2015; McConachie
et al., 2015; Pickles et al., 2014). Currently, the field often uses experimental measures that
assess discrete joint attention skills to monitor progress in an intervention. However, narrowing
the developmental scope of experimental measures may obfuscate broader clinical interpretations
of children’s abilities. Even among these more sensitive experimental measures, subtle variability
may not be sufficiently portrayed among minimally verbal children.

The field of autism intervention research is slowly addressing these needs for more
accurate measures of social communication for minimally verbal children, but it is a time-
intensive process (Fletcher-Watson & McConachie, 2015). This study proposes a more
immediate alternative: analyzing an existing measure of joint attention with newer statistical
techniques that may add additional meaning to scores and better characterize the skills of
minimally verbal children. As researchers, if we can understand social communication skills
before the intervention, we can better understand the progress made and determine if changes in

the intervention protocol need to be made.
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This study contains two parts. First, it examined individual, spontaneous social
communication gestures to operationalize a hierarchy of gesture difficulty with an IRT
framework. Next, machine learning algorithms calibrated salient and clinically-meaningful
benchmarks as they relate to other standardized assessments to improve the meaning behind
differing frequencies of behaviors. This study is among the first to use these novel quantitative
methodologies to improve the characterization of social communication skills among minimally
verbal children with autism.

Aim 1: Operationalize a hierarchy for spontaneous joint attention and behavioral
regulation gestures among minimally verbal children with ASD with novel item response theory
frameworks.

la- Establish the best-fitting IRT structure for the social communication gestures by

evaluating the Akaike Information Criterion (AIC; Akaike, 1974), Bayesian Information

Criterion (BIC; Schwarz, 1978), and log-likelihood.

1b- Evaluate item parameters of the IRT model, including the easiness of spontaneous

gesture initiations, which may determine the organization of social communication

behaviors.

1c- Determine the correlation between ESCS raw response scores and IRT ability scores

to corroborate the results of the final IRT model.

Aim 2: Create cut points in an experimental measure of social communication that relate
to scores within standardized social communication assessments.

2a- Construct separate CART models to calibrate scores from the Early Social

Communication Scales (ESCS; Mundy et al., 2003) to the Autism Diagnostic

Observation Scales Social Affect domain and joint attention factor scores (Gotham et al.,
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2007; Lord et al., 2012; Oosterling et al., 2010), Vineland Adaptive Behavior Scales, 2"

edition expressive and receptive language domains (VABS-II; Sparrow et al., 2005), and

a Natural Language Sample (NLS; Kasari et al., 2014).

2b- Confirm CART findings with a machine learning ensemble method known as a

random forest.

Methods

Participants

Participants from four different randomized, controlled trial (RCT) projects comprised
the sample of the current analysis. All four projects included a naturalistic developmental
behavioral intervention (NDBI) known as JASPER and focused on minimally verbal children
with ASD (Kasari et al., 2006, 2008, 2012, 2014). The projects were referred to as Projects 1, 2,
3, and 4. All projects had inclusion criteria that included a confirmed ASD diagnosis by a
licensed clinician via the Autism Diagnostic Observation Schedule (Lord et al., 2012). The
exclusion criteria included major medical conditions other than autism, such as genetic disorders
(Fragile X or Down syndrome and sensory disabilities (blindness or deafness). A University
Institutional Review Board approved all original studies, and all parents provided written
consent.

Project 1 included 61 individuals aged 5 to 8 years across three sites. All children had
fewer than 20 spontaneous, different words used on a natural language sample and had a
receptive language age of at least 24 months (Kasari, et al., 2014).

Project 2 included approximately 194 minimally verbal children with autism aged 5 to 8
years. Individuals were recruited across four sites. All children displayed less than 20

spontaneous, unique, and functional words during screening assessments and had a nonverbal
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cognitive age equivalent of at least 18 months on the Mullen Scales of Early Learning
(manuscript under review; MSEL, Mullen, 1997).

Project 3 included 42 minimally verbal children aged 5 to 11 years. Minimally verbal in
this study was defined as having fewer than 30 functional words obtained from a natural
language sample, parent report, and standardized tests.

Project 4 included approximately 160 children aged 33 to 54 months. Children had fewer
than 30 spontaneous communicative words, as determined by a natural language sample, and a
cognitive age equivalence of at least 12 months as determined by the visual reception or
receptive language scales on the MSEL or Reynell Developmental Language Scales (manuscript
in preparation; RDLS, Reynell, 1977). Project 4 recruited participants through public schools
across three different research sites.

Study Designs

All projects implemented different study designs and timelines. Projects 1 and 2 were
Sequential Multiple Assignment Randomized Trial (SMART) designs, meaning treatment
protocols were altered depending on children's progress via mid-treatment randomization. For
projects 1 and 2, there were 24 and 16 weeks of active behavioral intervention, respectively.
Project 3 was a combination treatment for augmenting language in minimally verbal children
with ASD. All children received the JASPER intervention and were randomized to either
aripiprazole (flexibly dosed from 2-10 mg per day) or a placebo for 12 weeks.

Project 4 was a traditional randomized controlled trial comparing the JASPER
intervention to another early intensive behavioral intervention on child outcomes across six

months of intervention.
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Due to the varied studied designs, only baseline data were used to address both aims.
Future directions may incorporate the longitudinal data and examine how classification
subgroups and joint attention gesture difficulty/discriminability change over time.

Measures
Autism Diagnostic Observation Scales (ADOS; Lord et al., 2012)

The ADOS is a well-validated, semi-structured assessment primarily used to help
diagnose ASD (Lord et al., 2000). Within the assessment, the clinician first chooses the
appropriate module based on the individual's language level. For this population, Module 1 was
given to all participants, which is designed for nonverbal individuals or those who use single-
word communication. An ADOS contains a standardized set of materials and prompts that are
used to assess a child's social communication, repetitive, and social behaviors. These
operationally defined behaviors are converted to scores and are used to determine if an autism
classification is warranted based on specific cutoff scores. Subdomain raw scores for Social
Affect (SA) and Restricted, Repetitive Behaviors (RRB) can be used to calculate an autism
severity score.

Given the scope of this study and its relation to social communication, this study
examined Social Affect (SA) scores from the ADOS in detail. Within SA domain scores, there is
evidence that a joint attention factor exists, indicating a more distinct cluster of items that
exclusively measure joint attention as a construct (Gotham et al., 2007; Oosterling et al., 2010).
These items included gesturing, showing, initiating joint attention, and unusual eye contact. One
item differed depending if the child had “few to no words” or “some words,” as determined by

the first item on the assessment that measured the overall level of non-echoed spoken language.
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If the child had no words, the joint attention factor included the response to the joint attention
item. Conversely, the pointing item was included if the child was deemed to have some words.

Since this study included a range of minimally verbal children, both the pointing and
response to joint attention items were included, along with the gesturing, showing, initiation of
joint attention, and unusual eye contact items. This joint attention factor and the SA domain were
scored using the same diagnostic algorithm, with higher scores indicating greater social
communication difficulty (Gotham et al., 2007).

For analytic purposes, SA domain and joint attention factor scores were split at the
median to create new dichotomous variables. The new binary variables were used as
classification variables in the Aim 2 analyses.

Early Social Communication Scales (ESCS; Mundy et al., 2003)

The ESCS is a 15-20 minute, semi-structured measure of children's early social
communication abilities. It is a common assessment used to evaluate young children with
developmental delays, including those who are minimally or preverbal (Mundy et al., 2003;
Anagnostou et al., 2015; Wetherby, 2006). During the administration of the ESCS, the child and
a blinded staff member sit across from each other with a set of standardized toys that are in view
but out of reach of the child. The toy set includes wind-ups, a car, a ball, glasses, and a book. A
trained assessor (>80% fidelity) presents the toys consecutively, thus allowing the child
opportunities to exhibit social communication skills.

The ESCS has demonstrated good reliability and validity in developmentally delayed
children (Mundy et al., 1987, 1988, 1990, 1995, 2007). Additionally, high interrater reliability
has been well documented across studies, indicating its coding protocol is relatively easy to

master (Anagnostou et al., 2015). Social communication skills measured by the ESCS have been
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associated with subsequent language outcomes in ASD populations, thus supporting it as a valid
measurement protocol (Kasari et al., 2006; Mundy et al., 1990; Remington et al., 2007; Yoder
and Lieberman, 2010).

Natural Language Sample (NLS; Kasari et al., 2014)

The NLS is a 20-minute standardized, naturalistic assessment in which an adult and child
play with a set of specified toys. The NLS provides a standard time, toy set, and interaction style
that can be used to measure a child's spontaneous verbal abilities (Tager-Flusberg et al., 2009).
In the NLS, the adult remains responsive to children's verbal and nonverbal communication but
does not prompt the child to talk. The NLS is a sensitive measure of language production over
repeated measures among ASD samples in intervention contexts (Miller & Iglesias, 2010; Tager-
Flusberg et al., 2009).

Blinded research staff administered the NLS. Before administering the NLS, the research
staff was trained to at least 90% fidelity criterion on the NLS procedures. The NLS interaction
was videotaped and later coded.

Vineland Adaptive Behavior Scales, 2nd edition (VABS-I11; Sparrow et al., 2005)

The VABS-II is a semi-structured interview with a parent or caregiver that measures
adaptive behavior in children and adults from birth to 90 years of age. A research professional
conducts the interview, assessing four major domains of adaptive behavior: communication,
daily living skills, socialization, and motor skills. Individual domain scores, as well as an overall
sum score, are yielded. Raw scores can be converted to standard and age equivalent scores for
each domain.

The VABS-I1I provides scores that demonstrate stability over repeated applications. It has

strong inter-rater reliability (0.78-0.80), test-retest reliability (r = .95 to r = .99), and validity. In
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the previous version of the VABS, scores are a sensitive unit of measurement (see Dawson et al.,
2010; Williams et al., 2006). However, it has been recommended that the study design be at least
six months to use the VABS-II data as an outcome measure.

Raw scores for the expressive and receptive language domains were split at the median
and used as the classification variables in the machine learning analyses for Aim 2.

Coding and Reliability
Early Social Communication Scales

The ESCS coding procedure separates social communication behaviors into two
categories: joint attention and behavior regulation skills. These subtypes of skills can be further
categorized into initiations or responses to bids of behaviors, effectively creating four distinct
domains of behaviors. For this study, ESCS data were not only analyzed at the domain level but
also at the item level, i.e., the behaviors that constitute those domains.

Across all projects, blinded coders maintained at least 80% reliability as measured by
intraclass correlation coefficients. Reliability was measured at the individual gesture level to
ensure less frequent behaviors were accurately detected and coded.

Frequency of Individual Joint Attention and Behavior Regulation Gestures. The
ESCS measures the number of joint attentional and behavioral regulation gestures. These
gestures are often pooled together to create total IJA and IBR frequencies. For Aim 1, individual
gesture frequencies were calculated within JA and BR domains. For example, the ESCS
measures joint attentional points in the form of points alone, points with eye contact, points with
language, and points with eye contact and language. All combinations of points were added
together to achieve the total sum score for the pointing gesture. This step was repeated for the

five joint attentional gestures/skills: eye contact (alternate gazes and coordinated joint looks),
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language (by itself and paired with eye contact), points, shows, and gives. The five behavior
regulation gestures/skills consisted of eye contact, language, points, gives, and reaches. Figure 1
outlines the ESCS code sheet to see more clearly all gestures measured. Individual gesture
frequencies were examined in Aim 1 with an IRT framework and again in Aim 2 to determine
their relationship to other assessments.

Initiations of Joint Attention (1JA; Mundy et al., 2003). IJA frequencies are the
number of times children use nonverbal behaviors (e.g., pointing, showing, and looking) and
verbal communication spontaneously to coordinate another person's attention to share an event
or object.

Initiations of Behavioral Regulation (IBR; Mundy et al., 2003). IBR behaviors are a
set of child gestures and verbal communication aimed at recruiting the help of another person to
fulfill a request or need, e.g., using points to obtain a specific object. Like I1JA, all IBR
frequencies are combined to create a sum score.

Response to Joint Attention (RJA; Mundy et al., 2003). RJA is the number of
children’s successful responses to an adult's bid for joint attention. RJA is coded as a percentage.

Response to Behavior Regulation (RJA; Mundy et al., 2003). RBR is the number of
times a child successfully responded to an adult's bid for behavioral requests. RBR is coded as a
percentage.

Natural Language Sample

NLS videos were transcribed by blind research staff using the Systematic Analysis of
Language Transcripts conventions (SALT; Miller & Iglesias, 2010). Once transcribed, the nature
of children's language was coded by its type and function. Types of communication include:

spontaneous, imitated, elicited, or prompted. Functions of language include requesting,
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commenting, or other. Coders and transcribers were trained to reliability above 80% as measured
by intraclass correlation coefficients.

Spontaneous Communicative Utterances (SCU; Kasari et al., 2014). SCU refers to the
number of requests, comments, or protests spontaneously initiated by the child. Blinded raters
verified transcripts and codes to ensure correctness. Spontaneous utterances of all types were
included in the calculation of SCU.

SCU, a continuous variable, was dichotomized at the median to create a binary outcome
variable. The binary variable effectively classified individuals with low and high SCU, which
was used as an outcome variable in the CART analysis for Aim 2.

Number of Different Word Roots (NDWR; Kasari et al., 2014). NDWR measures the
number of unique, spontaneous words a child uses in the NLS. This variable is similar to SCU
but is not inflated by additional utterances of spontaneous words. Similar to other classification
variables used in Aim 2, NDWR was dichotomized at its median to divide children into those
with fewer and more word roots.

Analytic Plan
Aim 1: Create a Hierarchy of Social Communication Gesture Difficulty

l1a. Establish the best-fitting IRT model. As mentioned earlier, the ESCS presents a
series of play-based opportunities for a child to demonstrate social communication skills. Data
are considered count data as the number of behaviors are non-negative integers that conceivably
have no limit to the frequency of each skill. However, if researchers want to investigate item-
level data, often typical among psychological tests, this type of data format would not
accommodate typical IRT models, which require dichotomous or polytomous data (Embretson &

Reise, 2000; Hambleton et al., 1991). Therefore, the data structure of the ESCS not only lends
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itself to being a prime candidate for RPCM, but a good model fit also corroborates initial CTT
scoring methods due to the sufficiency of the total score statistic within the RPCM.

An RPCM model and its extensions were fit to the ten initiation skills (items) as
measured by the ESCS. Per the ESCS scoring protocol, these items can be aggregated into higher
levels of analysis (i.e., domain scores of the ESCS). Despite separate functions of these skills
(Joint attention vs. behavior regulation), their intent of initiation was deemed acceptable
justification to include all gestures in a single unidimensional model. Under this definition and
by evaluating individual initiating skills of the ESCS in this manner, it was assumed that these
specific gestures represent the latent trait of social communication initiations well, thus lending
itself able to detect incremental increases in skills among minimally verbal children.

A prerequisite for RPCM analyses is that data must be in its long format. The data was
restructured so that items were a variable column that consisted of the individual behavior skills
and a frequency variable was the number of times that skill was demonstrated for each child.
These raw frequencies or counts of individual behaviors were the unit of analysis and modeled in
the RPCM.

First, a “person-only” model was created, which assumed equal difficulty across items
but included a person parameter (random intercept model). Next, a simple RPCM that allowed
item difficulty to vary was constructed as a comparison model. In addition to item-wise
intercepts, otherwise known as the easiness parameters, the RPCM included a random intercept
on the person-level, with mean 0 and unknown variance. Next, a likelihood ratio test (LRT) with
a Chi-squared test statistic was computed to compare the fit of the two models.

The fit of the RPCM model was assessed by observing how well the model correctly

predicted total scores, as total scores are considered a sufficient statistic for estimating model
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parameters (Baghaei & Doebler, 2019). Model fit was also evaluated with numerous fit indices
such as AIC, BIC, and -2log-likelihood. Visual checks of model fit were employed by graphing
predicted values for each child plotted against their standardized Pearson residuals. Roughly
symmetrical Pearson residuals with minimal outliers indicate acceptable fit (Baghaei & Doebler,
2018). Additionally, a covariate-adjusted frequency plot was used for a graphical model check
(Holling et al., 2013).

Next, a dispersion index was calculated for the simple RPCM model. The RPCM is
classified as a log-linear model considered a type of generalized linear mixed model; therefore,
the ability to check the presence of under or overdispersion was also implemented (Demidenko,
2013; Doebler & Holling, 2016; McCullagh & Nelder, 1989).

The Poisson distribution within the RPCM requires equidispersion, that the variance in
the outcome is identical to what the model assumes. Under this assumption, the dispersion index
equals one. In overdispersion, dispersion indices are greater than one and indicate that the
variance is greater than expected (Bliss & Fisher, 1953). This phenomenon often occurs in
empirical data.

Given the population of interest, the skills measured by the ESCS may be especially
difficult for many minimally verbal children, resulting in too many zero values compared to the
number expected in a classical count probability distribution, otherwise known as zero-inflation
(Heilbron, 1994). Overdispersion and zero-inflation are related as an excess number of zeros can
contribute to overdispersion, which would require model adjustment to ensure that the model fits
the data well. Ignoring overdispersion and zero inflation in model construction would typically
lead to the overestimation of standard errors and may return biased parameter estimates

(Lambert, 1992; MacKenzie et al., 2002)
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Therefore, this study constructed successive models and evaluated the model fit with
each iteration. These models included a negative binomial regression model (NBRM) and a zero-
inflated negative binomial model (ZINBM), both of which attempted to account for the
overdispersion in the data. NBRMs are beneficial for data that otherwise follow a Poisson
distribution but contain extra skewness, and its zero-inflated counterpart was able to account for
variability in the data by directly accounting for the excess zeros.

The RPCM was estimated using the Ime4 package (Bates et al., 2017). Overdispersion
was assessed with the DHARMa (Hartig, 2022) and performance (Lidecke et al., 2021)
packages. Negative binomial models were handled with Ime4, but the zero-inflated models were
estimated using the GLMMadaptive package (Rizopoulos, 2022). All the analyses mentioned
above were conducted in R (R Core Team, 2022)

1b. Evaluate item parameters of RPCM. Once the best fitting model was
identified, item parameters were evaluated. The fit of individual gestures was evaluated by
Pearson residual boxplots for item-specific predicted scores. Item easiness parameters and their
standard errors operationalized gesture difficulty, and item fit was checked by y2-tests as
suggested by Baghaei and Doebler (2018).

1c. Relate latent gesture ability scores to ESCS domain scores. Correlations between
theta scores derived from the final IRT model, which measured latent social communication
ability, and raw domain scores of the ESCS (1JA, IBR, RJA, and RBR) were conducted.
Correlations between theta scores and the 1JA and IBR domains were of substantive interest to
corroborate model construction and fit of the unidimensional RPCM from Aim 1a. Although
there is evidence that initiation of gestures and response to bids of social communication are

related, there is also evidence that they may represent different underlying constructs and have
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distinct developmental trajectories (Mundy et al., 2007, Mundy & Volkmar, 2013). This study
sought to investigate the relationship between these constructs within this sample.

Examining correlations between theta scores and response abilities was necessary since
separate IRT models could not be created for response skills. Response data were presented as
proportions and unsuitable for an item response theory framework. Additionally, this study could
not separate the few individual items from response domain scores. Therefore, it was considered
a decent compromise to perform a correlation analysis between theta scores and RJA/RBR to
uphold the psychometric cohesion of the ESCS.

Aim 2: Create Cut-Points in ESCS Scores

2a: Calibrate ESCS to three standardized social communication assessments. Aim
2a was addressed using the CART machine learning technique. CART implements recursive
partitioning, a statistical technique for uncovering relationships between variables as they pertain
to a binary classification outcome. Compared to other ubiquitous linear and generalized linear
models, CART can discover interactions and unknown relationships amongst the variables,
which may go unnoticed with other analytic techniques.

CART is well suited for this Aim 2 as we do not know how differential ESCS scores,
either from individual gesture or domain scoring, are related to other standardized assessments
that measure similar constructs. The main benefit of decision trees, which are a graphical
illustration of the results from the machine learning algorithm, is that they are easily interpretable
and follow logical decision-making processes. However, it is essential to note that CART models
are for exploratory discovery rather than hypothesis testing and inference.

The CART models generated empirically derived cut points in continuous ESCS scores

as they relate to six outcomes across three different standardized social communication
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assessments. The outcome measures were ADOS SA and JA factor scores, SCU and NDWR
derived from NLS, and expressive and receptive scores from the Vineland. These outcomes were
dichotomized at their medians and served as the binary classifiers in the classification models.
Classification trees were chosen over regression trees primarily to elucidate the clinical
interpretation of ESCS scores. Regression trees address different questions that are outside the
scope of this study.

There were two sets of independent variables used for each outcome measure. One set
included individual ESCS skill frequencies from Aim 1, and the other set included the domain
scores from the ESCS (e.g., IJA, IBR, RJA, and RBR). It was imperative that both sets of
explanatory variables were included in order to represent the complete scoring system of the
assessment. The use of independent gestures aligned with Aim 1, and was an essential step in
understanding how gesture skills were situated among scores of standardized tests. Modeling
domain scores reflect how the ESCS is currently scored, and examining these variables with
CART presented opportunities for its widespread application.

Per standard machine learning guidelines, within every CART analysis, the dataset was
first split randomly into training (75%) and testing (25%) datasets that preserved the ratio of the
dichotomous outcome variable. In the training set, the classification criteria were known and
were used for supervised classification to create a plausible model. The testing set represented
real-world conditions where the classification was unknown and was used to test the
performance of the models generated in the training sample. Although predictive ability was
evaluated internally with each model, this study took a conservative approach and performed

validation on a test set instead of using repeated cross-validation on the entire data set.

36



Combining the two sets of independent variables and the six possible outcome measures
resulted in 12 separate CART analyses. Each classification tree was fit and analyzed separately.
Trees were created by starting with a root node that consists of all individual data, and at each
step, the algorithm determined the optimal split that maximizes the decline in the Gini
coefficient. Splits created cutoff values within each explanatory predictor and continued until
homogeneous subgroups were created or when certain criteria were met, specifically that a split
would not be attempted if it did not improve the model's fit by a pre-defined value (Atkinson &
Therneau, 2000).

A 10-fold repeated cross-validation with five repeats was used to assess the stability of
the tree in the training set. This method effectively created 50 different held-out sets to assess
efficacy. Before each repetition, the sample was shuffled, resulting in different sample splits.
Typically, 5 or 10 are chosen as the number of folds within cross-validation as these values have
been empirically shown to yield test error rate estimates that are not affected by high bias or
variance (James et al., 2013). However, there is no formal rule for the number of folds. Since the
difference in size between the training and resample subsets gets smaller as K gets larger, this
study opted for K=10 to mitigate bias (Kuhn & Johnson, 2013). Although computationally more
expensive, repeated K-fold cross-validation was chosen over standard cross-validation as it
provided a more stable performance estimate. Additionally, ten separate complexity parameters
were evaluated within each tree, which ultimately measured the cost of adding another variable
to the model.

Pruning of the branches was based on Breiman’s “one standard error” rule, which
suggested that a simpler model within one standard error of the empirically optimal model would

safeguard against overfitting and be the better model choice (Breiman et al., 1984). The
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algorithm chose the largest complexity parameter with one cross-validation error within one
standard error of the minimum cross-validation error, which effectively calculated the additional
accuracy a split must add to warrant additional complexity.

All classification trees' predictive accuracy was assessed using internal (repeated cross-
validation on the training set) and external validation (using the siphoned test set). Predictive
probabilities are presented in each terminal node of the decision trees, and performance on the
test set was evaluated with a confusion matrix.

The trees were constructed using the R package caret (Kuhn, 2008) and then visualized
using rpart.plot package (Milborrow, 2018)

2b: Confirmation of CART Analyses with Random Forests. The CART model chose
the most important variable that predicted the outcome measure based on the Gini index at each
node. In order to corroborate variable importance, an ensemble method known as a random
forest was used. A random forest fitted a more accurate model by averaging many trees together,
thus reducing the variance and potential overfitting within a single tree.

Typically, if there are many explanatory variables, a random forest can extract the most
important variables, which can then be used in a CART analysis. This study only used a limited
number of independent variables (four or eight depending on the model); therefore, a random
forest model was instead used as a corroboration technique to confirm results in the CART
analyses.

Although computationally expensive, each random forest model averaged 1,000
unpruned trees together to maximize accuracy. Due to the Strong Law of Large Numbers,
random forests always converge; therefore, an excessive number of trees would not overfit nor

be an issue (Breiman, 2001). A separate algorithm from the caret package was used to tune the
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crucial parameter of the random forest that determined the optimal number of variables randomly
sampled at each split within each tree, otherwise known as mtry. Each forest used a mtry that
maximized its accuracy.

The random forest models performed an internal validation check as an alternative to the
split sampling method of repeated cross-validation used in the classification tree analyses. Two-
thirds of the data was used as training data, and the remaining third was used to calculate the out-
of-bag error, which was an indicator of accuracy. Using the out-of-bag error estimate eliminated
the need for a testing set and gave unbiased estimates as compared to cross-validation, which
exhibits data leakage as some data is used in the training model in some way — a factor that may
affect variance and overfitting (Breiman, 2001)

The original random forest algorithm from Leo Breiman was used in this study (Breiman,
2001) and was implemented in R with the randomForest package (RColorBrewer & Shaw,
2018).

Results
Descriptive Statistics

453 participants were included in the present analyses. Demographic information on child
and parent characteristics was consolidated from each project and presented in Table 1. The
majority of children in this study are male (82.8%), which aligns with current differential
diagnostic estimates by gender, and is similar to other autism studies. The average age of
children was 64.1 months (SD = 19.9; 5.34 years). The race composition of the sample is
relatively heterogeneous, with nearly 40% of children identifying as something other than white.
Most parents had completed college: 78.9 and 77% for mothers and fathers, respectively.

Descriptive statistics were generated for each measure, including individual and domain-

level ESCS scores and each of the six outcome measures from the three standardized
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assessments, and are presented in Tables 2-4 and depicted in Figures 2 and 3. Inspection of the
individual skill statistics from the ESCS signaled that data were right-skewed, indicating that, on
average, children were not exhibiting these pre-linguistic skills often. The frequency distribution
across skills further hinted that extensions to the RPCM would likely be needed to account for
the skewness.

Responses to bids of joint attention and behavior regulation at the domain level included
a wider range of scores due to their proportion data structure. Initiations of joint attention
maintained right skewness, and initiations of behavior regulation exhibited more variability,
which is consistent with developmental trajectories of this population; BR skills generally
develop in accord with typical development while JA skills do not (Paparella et al., 2011)

Rasch Poisson Counts Model

The RPCM with items as predictors fitted the data significantly better than the person-
only model, which assumed equal difficulty for all the items but included a person parameter [y?
(9) = 8150, p < 0.001]. The standard deviation of the ability parameter for the RPCM was
estimated to be 0.67. Fit statistics of the RPCM are outlined in Table 5. The fit of the RPCM
confirmed that the latent social communication variable is quantitative and that items, as well as
the latent variable, were successfully measured on an interval scale with a common unit of
measurement, a crucial aspect of proper model fit (Wright, 1977).

Figure 4 shows the Pearson residual plot for the RPCM, which graphed the predicted
values for each person on the x-axis and the Pearson residuals on the y-axis. The residuals are the
difference between the observed scores and the scores predicted by the Poisson model. Good
model fit is indicated by Pearson residuals with a mean of 0 and a standard deviation of 1.0. For

the RPCM, the residual variance increased for lower predicted scores, displaying potential
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overdispersion in the data. The counts were seemingly too large for small values of the predicted
values, indicating more variance than the model predicted. Potential overdispersion is common
and is not necessarily detrimental to model construction; however, it may lead to more liberal
inferences since the Poisson distribution did not predict enough variance at these low counts
(McCullagh & Nelder, 1983).

Figure 5 shows Pearson residual boxplots for item-specific predicted scores. These results
generally give the same information as Figure 4, and confirm that data may be overdispersed.

The blue dashed line in Figure 6 shows the expected frequency of item scores as
predicted by the RPCM (Holling et al., 2013). The RPCM line approaches the observed scores
more closely than the person-only model indicating a better model fit.

Table 6 displays the item easiness parameters of the RPCM on the counts level. On
average, JA skills are more difficult than BR skills, with joint attention shows and gives as the
most difficult skills to demonstrate.

Checking for Overdispersion and Zero-Inflation

Before further interpreting these item estimates, the dispersion parameter of the RPCM
was checked. Overdispersion is frequently observed in applications of Poisson regression, and
given the population and latent ability, it was hypothesized that this would likely occur.
However, it is important to note that overdispersion could not be confirmed until after the RPCM
model was fitted. The performance package indicated the dispersion index or the ratio of the
variance to the mean of the fitted model was ¢ = 2.97 [y?= 13424.84, p < 0.001]. This value
indicated a variance value nearly three times the mean. Thus, data were overdispersed relative to

the Poisson distribution, confirming suspicions from the Pearson residual plot.
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Simulation-approach. For a more thorough examination of overdispersion and zero
inflation, a simulation-based approach was used with the DHARMa package, which transformed
residuals to a standardized scale between 0 and 1 (Hartig, 2017). To calculate the scaled
residuals, this study ran 250 simulations, which was deemed a reasonable compromise between
computation time and precision. Simulations created synthetic data from the fitted RPCM model,
and the cumulative distribution of simulated values was calculated for each observed value, thus
rendering a standardized value corresponding to the observed value. The algorithm from the
DHARMa packaged returned an object containing the simulations and scaled residuals, which
was used for all plots and subsequent tests.

Figure 7 is a visual interpretation of the plot of the scaled residuals. The left panel of
Figure 8 depicts a QQ-plot, which was used to detect deviations from the expected distribution,
and a plot of the residuals against the predicted value. The QQ-plot indicated that more residuals
were in the tail of the distribution than would be expected under the fitted model. By default,
DHARMa tested for distributional accuracy (KS test), dispersion, and outliers. The Kolmogorov-
Smirnov test for overall uniformity of the residuals, overdispersion tests, and outlier tests were
all significant, indicating data were overdispersed and potentially zero-inflated. The significant
outlier test was interpreted with caution as outliers are dependent on the number of simulations
and thus not defined in terms of particular quantiles. The right panel of Figure 7 returned a plot
of the residuals against the predicted value. Values were rank transformed to aid in visually
identifying patterns in data. Simulation outliers are highlighted as red stars and are defined as
data points outside the range of simulated values. Like the QQ-plot, outliers are interpreted with

caution as we do not know how much these outliers deviate from the model expectation.
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Formal goodness-of-fit tests were conducted on the simulated residuals to support the
visual inspection of the residuals. First, a dispersion test was conducted, and details and results
are presented in Figure 8. In Figure 8, the red line represents the variance of observed raw
residuals, which was displayed against a histogram depicting the variance of the simulated
residuals. The dispersion ratio was 1.45 and was significant with p = 0.024, thus confirming
overdispersion.

Next, a separate zero-inflation test was implemented, which compared the distribution of
expected zeros in the data against the observed zeros. The test was significant, p <.001, with a
ratio of observed zeros against the expected zeros to be 1.46, indicating the model was
underfitting zeros and that there was zero inflation. Figure 9 is a visual representation of this test.
Post Hoc Analyses for Overdispersion and Zero-Inflation

Unfortunately, the dispersion of the Poisson model often underestimates the observed
dispersion, otherwise known as overdispersion. This phenomenon is common among Poisson
data and is either caused by population heterogeneity, an excess number of zeroes, or both within
the data (Hilbe, 2011). When there is sufficient dispersion in the data, the single Poisson
parameter is often insufficient to describe the sample population and therefore leads to the
violation of the core equidispersion assumption of the Poisson distribution (Bohning et al.,
1999). The RPCM violated this assumption, ultimately obfuscating statistical inferences from the
item parameters (Lindsey, 1993; Thall & Vail, 1990). However, despite the overdispersion, the
RPCM and its item parameters may still be a useful approximation of the true model.
Nevertheless, to have greater flexibility in the relationship between the mean and variance,

extensions of the RPCM were implemented.
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The first model considered was the negative binomial regression model, which directly
addressed overdispersion. Next, another model extension was used, the zero-inflated negative
binomial counts model, which considered the excess zeros in the data. It was imperative to fit
and compare both models since it is difficult to differentiate between overdispersion and zero-
inflation reliably a priori.

Negative Binomial Regression Model

The first post hoc model embedded the RPCM within an overdispersion framework via a
negative binomial regression model (NBRM; Hung, 2012), which effectively relaxed the
assumption of equidispersion. In this model, the parameters were estimated more accurately due
to an additional random effect that allowed the variance to differ from the mean, thus handling
the extra variation in the data (Engel, 1984; Hung, 2012; Lawless, 1987). Despite the significant
zero-inflation in the RPCM, it was decided that adding a zero-inflation term was not warranted
for this next model iteration. It was hypothesized that accounting for the overdispersion within a
negative binomial distribution may effectively model the excess zeros.

Model Fit. Per an ANOVA test, the NBRM with items as fixed effects and random
intercepts at the person level fitted the data significantly better than the RPCM [y? (1) = 4351.4,
p < 0.001]. This improvement in model fit was expected when overdispersion was found in a
Poisson model. The fit statistics are outlined in Table 5 and demonstrate that AIC and BIC are
significantly lower than those of the RPCM. Item parameters and their standard errors are
outlined in Table 6.

Model Inspection. Similar to the RPCM, dispersion and zero-inflation were checked for
the NBRM. An initial test with the performance package indicated that overdispersion was not

detected, indicating the residual distribution fitted much better to a negative binomial distribution
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[¢ = 0.953, 2= 4304.3, p = 0.10]. Moreover, a zero-inflation test indicated that the ratio of
observed and predicted zeros (0.96) was within the tolerance range but had opportunities for
improvement.

Simulation Tests. For thoroughness, additional tests were conducted with simulations via
the DHARMa package. The initial QQ plot in Figure 10 indicates that dispersion may still be an
issue. Testing for dispersion within the DHARMa package indicated significant underdispersion
in Figures 10 and 11. It seems the residual distribution did not fit very well with a negative
binomial distribution, potentially due to outliers observed in the right panel of Figure 10. In order
to account for the outliers and likely excess zeroes, DHARMa may have adjusted its parameters,
which may not have been needed in other parts of the data, resulting in underdispersion.

Figure 12 shows the results of the significant zero-inflation test, which further justified
that another iteration of the model would need to account for these excess zeros.

Zero-Inflated Negative Binomial Regression Model

Justification for Zero-Inflated Model. Given the significant zero inflation test within
the NBRM, the next logical progression of model construction was the zero-inflated negative
binomial model (ZINBM), whose distribution has additional flexibility to assign the probability
of zero counts beyond that of the NBRM (Greene, 1994). Additionally, the suspected presence of
structural zeros in the data, which are theoretically expected among this population, is another
key justification for using a zero-inflated model. Children with structural zeros do not exhibit
these gestures at this early baseline stage of the intervention process because they may be too
difficult for them. This process is different from those who are classified as random zeroes,
otherwise known as children who could potentially exhibit gestures but do not. Random zeroes

may occur due to sampling variability or external factors like poor rapport with the tester within

45



the behavioral assessment. In a ZINBM, both processes are accounted for, which effectively
addresses overdispersion that is not only caused by zero inflation.

The ZINBM, also called a mixture distribution model, generated two separate models
based on different distributions and allows for the possibility of subpopulations exhibiting
different latent trait distributions (Broek, 1995; Farewell & Sprott, 1988; Lambert, 1992;
Mullahy, 1997). Children who do not exhibit any skills (degenerate distribution at zero) were
modeled with a logistic regression which returned zero-part coefficients that determined how
unlikely it would be to exhibit a zero count for that skill. Those children who displayed some
skills, including random zeros, were modeled with a negative binomial model, which returned
easiness parameters as seen in the RPCM. In the model specification, a random effect term of the
zero-inflated part was also used to estimate parameters.

Although statistical modeling is partly concerned with representing the true structure of
phenomena, models must also help extract meaningful information from the data regarding the
population of interest (Konishi & Kitigawa, 2008). These IRT model iterations not only helped
determine the best fitting model, but they also aided in accomplishing the research aims in
approximating the explainable information regarding minimally verbal children and their
abilities within this set of empirical data. Therefore, the use of the zero-inflated model as the
final model, which modeled zeros differently than count values (Washington et al., 2003), was
justified.

Model Fit. A Vuong test was used to compare model fit between the non-nested NBRM
and a ZINBM (Vuong, 1989), and the results confirmed that the ZINBM fitted the data
significantly better than the NBRM [p < 0.001]. Lowered AIC and BIC of the ZINBM in Table 5

indicated improvement above all other models.
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Despite its ability to model count data, the Poisson distribution in the RPCM did not
address the issue of overdispersion. Moreover, the negative binomial regression was less capable
than the zero-inflated negative binomial model of addressing the problem of excess zeros in the
data. Therefore, the zero-inflated negative binomial model fitted the observed number of joint
attention and behavior regulation skills better than any of the other models tested.

Item-specific residual boxplots for each item are depicted in Figure 13. Figure 13 shows
Pearson residual boxplots for item-specific predicted scores and aid in the interpretation model
fit. Mean residuals were roughly zero for every item, and as expected, most settled between -2
and 2.

Model Inspection with Simulation Tests. Inspection of simulated residuals via the
DHARMa package indicated that the ZINBM successfully accounted for the overdispersion and
zero-inflatedness. Although the KS test indicated a significant deviation from the assumed
distribution, the model’s fit was still deemed acceptable. The QQ-plot in Figure 14 is nearly
perfectly linear, which suggests that the overall distribution is satisfactory. The plot of the
residuals against the predicted value in Figure 14 looks approximately normal with potentially
higher density towards the middle with very few outliers, who are likely responsible for the
significant KS test. Separate tests of dispersion and zero-inflation are depicted in Figures 15 and
16, respectively; both were not significant and indicated that the model fitted well.
Interpretation of Item Parameters of ZINBM

The fixed effect and zero-part coefficient estimates and their standard errors are outlined
in Table 6. Separate interpretations occurred for each part of the ZINBM.

Fixed Effects
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The fixed effects of the ZINBM are interpreted similarly to the RPCM item estimates. A
joint attention show was the most challenging gesture, indicating that a child required a more
refined social communication ability to exhibit these gestures. Conversely, a behavior regulation
reach was the easiest skill and required relatively less latent social communication ability to
demonstrate this gesture. On average, joint attention gestures were generally the most difficult
gestures to exhibit, followed by all the behavior regulation gestures. Behavior regulation eye
contact was the exception and was considered the third most difficult gesture. BR eye contact
may have been modeled as more difficult than it truly is as these gestures are often not observed
alone and are typically paired with another gesture. The complete ranking of item easiness
parameters is outlined in Table 7.

A version of the Rasch person-item map is displayed in Figure 17. This item-order map
displays the location of the item parameters along the latent social communication dimension.
Items are ordered by average location parameter, and minimum and maximum values of the lines
represent the lowest and highest value of the location parameter associated with each item. These
maps are generally helpful in comparing the range and position of the item measure distribution.
Items span the full scale, which indicates that the ESCS successfully and meaningfully measures
skills and gestures that constitute the range of social communication ability. From a
psychometric standpoint, this is an important characteristic that bolsters its internal validity.

Theta distributions were also included and are displayed in Figure 18. All theta scores of
each child, otherwise known as their latent abilities or random effects, were plotted by
frequency. Higher ability scores indicated greater social communication ability. The depicts most
children falling within the average ability range.

Zero-Part Coefficients
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The ZINBM explicitly modeled the zero counts present in the data. Zero-part coefficients
gave the log odds of not exhibiting the gesture, which was another way of identifying difficulty
across gestures. Therefore, if coefficients were positive for the zero-inflated part, then the log
odds of not having any of those skills were relatively higher than other skills. Parameters
indicated that the log odds of not exhibiting any behavior regulation reaches (count of zero) were
the lowest compared to all other skills, thus corroborating results from the count portion of the
model. Generally, BR skills were less likely to have a zero-count compared to JA skills.
However, JA eye contact, also recognized as the reference item, was considered the third easiest
skill, i.e., among the top three skills most likely not to exhibit a zero-count. For these children
who generally are not exhibiting gestures, facilitating joint eye contact may be a good entry skill
to facilitate more complex joint attention skills. All zero-part coefficients are displayed in the
bottom panel of Table 6.

Association Between Theta Values and Domain Scores

RJA and RBR scores were calculated as percentages representing the percentage of
successful responses to bids of joint attention or social communication. These domain scores also
represent a different social communication construct compared to 1JA and IBR frequencies. For
these reasons, prior IRT analyses could not model RJA and RBR scores within a unidimensional
model. To reconcile these two constructs of social communication, theta scores from the
ZINBM, which represent initiation abilities, were compared to RJA and RBR scores as a
corroboration technique.

Theta abilities of initiation abilities were significantly correlated to both RJA and RBR
frequencies, with a higher Pearson’s correlation coefficient with RJA. These results indicate that

although there are separate constructs, ability levels derived from the ZINBM are related to a
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child’s ability to respond to an adult’s bids for attention. Table 8 shows the correlation matrix for
theta, RBR, and RJA scores.

Classification Trees

Descriptives and Data Preparation

Two sets of classification trees were created. One set included the frequency of individual
ESCS items as the predictors, and another set included the ESCS domain scores as the
predictors. This study decided that including both sets of trees was imperative to further uphold
the overarching study aim to characterize minimally verbal children. Specifically, using
individual ESCS scores aided in connecting findings from Aim 1 regarding item-level analyses.
Additionally, using domain scores maintained the integrity of the ESCS scoring protocol, as
extant research typically reports results in this manner.

All trees included the same classifiers: ADOS SA and JA factor scores, NLS SCU and
NDWR, and Vineland Expressive and Receptive scores. Table 4 shows the descriptives for the
classifiers. SCU and NDWR from the Natural Language sample were the most right skewed, as
demonstrated in Figure 3. These outcomes singularly measured verbal language ability, and it is
therefore unsurprising that the frequency of spontaneous communicative utterances (M = 11.1,
SD = 15.8) and the number of word roots (M = 7.28, SD = 9.97) were especially low for this
minimally verbal population. The distributions of scores from the other outcomes are also
presented in Figure 3, demonstrating more normal distributions. Evaluation of data confirmed
that classification trees, as opposed to regression trees, would be most valuable in interpreting
these variables.

Before CART analyses could be implemented, the classifier variables were dichotomized.

Although creating a binary variable from continuous data may inherently decrease the
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variability, it was decided that at this initial and exploratory stage in the machine learning
process, classifications would give more meaning to cut points in ESCS scores as opposed to a
regression output. All outcome variables were split at their median, which provided theoretically
meaningful and easily interpretable splits in the variables.

Correlations between individual ESCS gestures were examined prior to the introduction
of the machine learning algorithm. Results are depicted in the Figure 19 correlogram, where the
color gradient from purple to red represents the size of the Pearson correlation coefficient. Red
represents the strongest positive association. Joint attention and behavior regulation language
skills were strongly correlated and were excluded as independent variables to optimize the
algorithm. Theoretically, relating cut points in behavior regulation and joint attention language to
other standardized assessments measuring language did not seem to contribute unique and
meaningful information.

Classification Tree Results

Figure 20 shows all classification trees with independent ESCS skills as predictors, and
Figure 21 contains all trees with ESCS domains. All models were used to identify ESCS count
thresholds corresponding to binary classifications across the following dependent variables:
NDWR, SCU, expressive and receptive language from the Vineland, and SA and JA factor
scores of the ADOS. Each node in the trees shows the predicted class (higher or lower scores on
outcome variable), the predicted probability of belonging to the group with higher scores (green
terminal node), and the percentage of observations in the node.

ESCS Individual Gesture Trees. Across most trees that used individual gestures,
behavior regulation points were identified as the only and, therefore, most important splitting

variable with an optimal cut-off of 1 initiation. For all outcomes apart from SA scores from the
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ADQOS, one behavior regulation point split the training data into subgroups with the greatest class
purity. One BR point was able to distinguish children with more spontaneous communicative
utterances, greater number of word roots, more robust expressive and receptive language, and
greater joint attention skills from their counterparts.

The tree for SA scores was the most complex, with BR points being the first predictor
that maximized the decline in impurity via the Gini index followed by JA eye contact and BR
EC. There was a 79% probability that a child had less severe SA scores if they had three or more
BR points. If a child had less than three BR points but four or more JA eye contact initiations,
there was 61% probability of belonging to the less severe SA group. Although not identified as
the most important predictor in the tree, numerous joint attention eye contact initiations were a
crucial skill that predicted social affect scores of the ADOS. Alternatively, less than three
behavior regulation points, four JA eye contact initiations, and four initiations of behavior
regulation eye contact classified the child as having more severe SA scores.

Prediction on Test Data. The prediction metrics of each model were determined on the
test data set and are presented in Table 9. All information was derived from the confusion matrix,
a performance measurement for machine learning classification. In a confusion matrix, the actual
target values were compared with those predicted by each machine learning model. The
accuracy statistic indicates the percentage of correctly predicted observations. More detailed
metrics like precision and sensitivity were calculated within overall accuracy.

Precision, also known as the positive predictive value, is a metric that calculated the
number of correct predictions made out of the total number of positive predictions. Sensitivity
is the true positive rate, which was calculated as the number of correct positive predictions

made out of all positive predictions that could have been made. The main difference between
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these two metrics is that sensitivity considers missed positive predictions (Fernandez et al.,
2018). The F-Measure (F1) combines both sensitivity and recall into one metric and can be used
similarly to accuracy to summarize total model performance. All metrics range from 0.0 to 1.0,
where higher scores indicate better predictive ability.

Overall accuracy was not high across the CART models that used individual gestures
as independent variables, as shown in Table 9. However, sensitivity was especially high for
spontaneous communicative utterances and word roots, and precision was especially high for
ADOS SA and JA factor scores. These metrics and outcomes may be more meaningful given
the population and research aim to characterize minimally verbal children. Sensitivity may be
more appropriate if minimizing false negatives is the goal, which may often be the case in
intervention research. In intervention research, it may be more meaningful to protect against
classifying a child with more robust language ability when they do not (false negative) as
oppose to the overall accuracy of the classification tree.

Similarly, in the ADOS trees, the scoring is reversed; the less severe score group
(more robust joint attention and social affect) is the positive class. Therefore, the precision
estimate may be more meaningful as it minimizes false positives and guards against
predicting that a child has more robust social communication skills when they do not.

ESCS Domain Trees. Across all trees apart from the ADOS SA tree, responding to joint
attention was the most important predictor. RJA was the single most important variable that
predicted class membership and effectively decreased the Gini index within the constraints of the
tree’s splitting rules for trees that included Vineland's receptive and expressive language and LS
number of word roots. Responding to joint attention around 35% of the time (average across

trees with RJA as the lone predictor) was the crucial cut point to differentiate children regarding
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their specific language skills as reported by parents (receptive and expressive) and on an
objective language sample (NDWR).

The SCU tree is more complicated than the NDWR tree, likely due to its greater
variability in scores. Again, responding to joint attention 37% of the time was the first division in
the tree, and not complying with this criterion led to fewer SCU and constituted 39% of the
sample. Among the rest of the children who responded to joint attention 37% of the time or
more, those who initiated behavior regulation gestures 15 times or more were classified as
having more spontaneous communicative utterances with a 69% predicted probability— the
highest probability across all four terminal nodes in the tree. If there were less than 15 initiations
of behavior regulation, children could still be classified as having more SCUs if they had five or
more initiations of joint attention.

The joint attention factor tree was the most complex, which may be because the ESCS
and the JA factor measure the same construct of joint attention. Responding to bids of joint
attention 30 percent of the time was the first cut point, and failing to do so classified children
with more severe joint attention factor scores with a predicted probability of 73%. A
combination of an RJA of 30 or more with 11 or more initiations of behavior regulation resulted
in a less severe JA factor score with a predicted probability of 75%, indicating that 75 percent
were correctly classified and 25 percent were misclassified. For those who responded to joint
attention more than 30% of the time but had less than 11 initiations of behavior regulation, an
RBR score of 57 or greater was able to salvage a less severe JA factor classification; however,
this only constituted 3% of the sample.

Prediction on Test Data. All prediction metrics are presented in the bottom panel of

Table 9. The accuracy of the testing data set that examined the other 25% of the sample was
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satisfactory across trees. Prediction metrics were the highest for the ADOS trees, with overall
prediction accuracies of .70 and .72 for the social affect and joint attention.
Random Forests

The random forest ensemble method was used for every classification model. In these
random forests, 1,000 unpruned classification trees were generated from the entire dataset by
bootstrap aggregating (bagging; Breiman, 1996). By bagging, the random forest algorithm
arbitrarily learned the dataset and combined learning results across numerous trees, thus
effectively solving potential overfitting within a single tree.

During the classification tree construction phase, a separate tuning algorithm determined
the optimal number of variables as a split criterion to perform prediction, ultimately minimizing
out-of-bag (OOB) error. OOB error is a metric that internally validates the random forest model.
The OOB score was computed as the average error calculated from the samples not used in their
bootstrap sample (Hastie et al., 2009). The OOB score was preferred to guard against data
leakage in training the model, which is observed in cross-validation and may affect the predictive
ability of the model.

Across all trees, the optimal number of variables to sample at each split was 2 (mtry = 2),
which is similar to the default recommendation of \p, where p is the number of independent
variables in the model (4 or 8).

Results from random forests for all individual gesture trees are presented in Figure 22 and
Figure 23. Each panel depicts metrics of variable impact in the form of the mean decrease in the
Gini coefficient and mean decrease in accuracy. The mean decrease in the Gini coefficient
measured how much each variable contributed to the purity or homogeneity of the nodes and

corresponding final classification leaves (Hastie et al., 2009; Sandri & Zuccolotto, 2008).
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Variables with a greater mean Gini coefficient are considered more important. Mean decrease in
accuracy measured how much the overall accuracy would decrease if that variable were not
included in the model. The metrics mentioned above were used to corroborate the relative
importance of the explanatory variables depicted in each classification tree.

Across all random forests that used individual ESCS gestures as predictors, behavior
regulation points were the most important predictor, and their removal from the model would
greatly reduce the accuracy of the model.

Apart from the ADOS SA random forest, all the remaining random forests that contained
ESCS domain scores as predictors confirmed that responding to joint attention was the most
important predictor. The ADOS SA random forest’s most important variable was initiations of
behavior regulation, which again matched results from its corresponding classification tree. In
the JA factor and SCU trees with domains as predictors, RJA and IBR seemed equally as
important. In examining their mean decrease in accuracy metric, both IBR and RJA variables
exhibit strong separation from the other variables, implying that permuting only one would not
obstruct the model.

All forests, however, were not especially strong leaners, as exhibited by their OOB errors
presented under each panel of variable importance metrics in Figures 22 and 23. Despite
relatively high OOB error rates, the variable importance in each tree was further corroborated in
their respective random forests, thus providing additional confidence in decision tree
interpretation.

Discussion
The proliferation of communication-based autism interventions and their overarching aim

to ameliorate the challenges of limited verbal ability and difficulty with social communication
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have been an important and burgeoning area of research. However, numerous barriers have
hindered more rapid progress, especially for minimally verbal children. These barriers generally
encompass the paucity of appropriate measurement tools that assess social communication
behaviors accurately. Given these barriers to accurate measurement among minimally verbal
children, current assessments may miss children who truly make progress and identify others
who actually do not within an intervention protocol (Grzadzinski et al., 2020). This measurement
gap and barriers for minimally verbal children served as the impetus for the current study, and
specific solutions derived from this paper are discussed below.

The present study offers several primary findings regarding the presentation of early
social communication skills. First, it was determined that an item response theory framework
could be used to score and analyze the ESCS assessment to extract additional meaning,
especially regarding its creation of an objective hierarchy of social communication gesture
difficulty.

Second, machine learning algorithms can connect information from separate assessments
measuring related or similar constructs to consolidate information and return a comprehensive
evaluation of skills.

Finally, by fitting appropriate models, this study contributes inherent methodological
value. It was demonstrated that these statistical methods used in tandem might provide more
insight than using one method alone.

Together, this study offers an immediate and practical solution to the lack of appropriate
social communication measures that can be used among minimally verbal children.

Utilizing an IRT Framework for Sensitive Measurement of Social Communication
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Overall, IRT analyses added to the measurement and intervention literature by providing
supplementary information regarding social communication gesture presentation, which have
already been identified as salient predictors of later language (Mundy, 1990). More detailed
analyses of these developmentally upstream gestures portrayed additional variability within the
minimally verbal population. Study results not only aid in understanding the difficulty of gesture
presentation, but the continued use of these analyses may also aid in retrospectively
differentiating between preverbal and those who remained minimally verbal.

Evidence of Subpopulations within the Minimally Verbal Status

As opposed to the CTT approach that scored ESCS based on the sum of observed
behaviors, IRT models implemented in this study effectively modeled the relationship between a
child’s underlying latent social communication ability and their presentation of various joint
attention and behavior regulation gestures. Therefore, IRT scored children’s social
communication behaviors directly on that latent scale.

IRT has been used extensively in the educational testing context, where it is assumed that
the underlying latent trait follows a normal distribution. More recently, IRT has been applied to
psychiatry to explain the relationship between symptomatology and the diagnosis of a given
psychiatric disorder (Aggen et al., 2005; Chan et al., 2004). Similar to psychiatric symptom
batteries, assessments that measure social communication among minimally verbal children with
autism often exhibit floor effects, with many children not demonstrating gestures. A zero-inflated
negative binomial regression model fitted the best out of all competing models, suggesting it can

be a suitable model for researchers studying count data within this population.
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By definition, the best-fitting ZINBM confirms what clinicians and researchers have
suspected all along, that there is untapped variability within the minimally verbal status and
subpopulations exist, at least within this sample and definition of minimally verbal status.
Comprehensive Difficulty Hierarchy of Social Communication Gestures

For intervention research, identifying ability at the start of intervention may influence the
tailoring of treatment, i.e., implementing a more structured or naturalistic approach.
Additionally, entry characteristics like joint attention and social responsiveness are strong
predictors in treatment response from behavioral intervention (Kasari et al., 2012; Sallows &
Graupner, 2005). In this study, one would assume that strict inclusion criteria would result in a
relatively homogeneous sample at this pre-intervention stage, and for the most part, it does;
however, the ZINBM suggests subtle differences in the sample may influence subsequent
intervention strategies.

BR Gestures and JA Eye Gaze as Initial Targets for Children with Limited Skills.
The zero-part coefficients of the model indicated that the five easiest gestures were BR reaches,
BR gives, JA eye contact, BR language, and BR eye contact. These skills mostly comprised of
behavior regulation skills and were technically the least likely to exhibit a zero count. Clinically,
these skills could be interpreted as the first gestures that will eventually be demonstrated for
children who do not currently present with skills. Therefore, for clinicians and researchers
targeting social communication gestures to improve verbal language, information from this
statistical model may offer initial targets for many children, especially for those with no existing
joint attention skills.

JA Gestures are Especially Difficult. In the count part of the ZINBM, the first four easiest

skills were behavior regulation skills. Surprisingly, BR eye contact was the third most difficult
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gesture, and this was suspected due to its likely pairing with other gestures like reaches, which
would code its frequency with that other gesture. On average, joint attention gestures were more
difficult than behavior regulation gestures. Joint attention shows and gives were the most
difficult and exhibit vast ranges of perceived difficulty, as seen in the item order map in Figure
17.

In a typical IRT model, JA shows and gives would likely be removed from the model as
they are not adding much information due to low frequency and high difficulty. However, in this
study, it was intentional to include all gestures to maintain the integrity of the ESCS and provide
a compressive appraisal of gesture difficulty.

Portraying “Levels” of JA and BR Gestures on the Same Scale

The item parameters from the count part of the ZINBM gave an objective hierarchy of
gesture difficulty and are depicted in Table 7 and Figure 17. These results corroborate observed
developmental trends from extant literature, namely that young children are potentially more
adept at using social communication gestures to request objects than they are able to use their
joint attention gesture counterparts to orient attention to an object or event (Mundy, 1995).
However, this study adds to the social communication literature by objectively comparing and
definitively ranking social communication gestures with an IRT framework, thus potentially
giving more detailed information regarding developmental trends among minimally verbal
children.

Previous research has classified social communication gestures as high or low-level
behaviors, where conventional gestures such as pointing and showing would be considered high-
level gestures, and low-level gestures were typically the number of eye contacts and alternates

(see Mundy et al., 1994; Schietecatte et al., 2012). It has been of interest to differentiate these
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gestures as they may be associated with distinct behaviors. Higher-level gestures may involve
other aspects of development, such as social motivation, and may be predictive of other skills,
such as theory of mind (Baron-Cohen, 1989). Lower-level gestures do not require the same
degree of social communication ability and, therefore, are less able to differentiate children with
autism from their typically developing peers (Mundy et al., 1986; Charman, 1998). This study
built upon that foundation of differentiating gesture “levels” but gave a more precise and detailed
analysis by placing gesture difficulty along a united continuum via IRT, which directly
operationalized the level of every gesture.

Results indicate that the lower and higher-level behaviors could instead be re-defined as
more difficult and easier behaviors for this minimally verbal population. JA shows and gives
could be one classification and represent the “very difficult” set of gestures. BR eye contact and
JA points cluster together on the item order map in Figure 17 and offer separation from other
items; therefore, these items could be considered “difficult” gestures. “Medium difficulty”
gestures could include JA language, JA eye contact, and BR gives. “Easy” gestures would
include BR points and BR language, and the “easiest” gesture would be a BR reach. Defining
these levels more clearly may provide information regarding the quality of social communication
gestures in intervention studies, an aspect of autism research that has largely been ignored
(Lawton & Kasari, 2012). Future research could investigate replicating the results of the item
order map in other samples of minimally verbal children.

RJA and RBR are Significantly Associated with Initiation Ability

Previous research suggests significant correlations exist between IJA and RJA skills of

children with ASD (e.g., Bono et al. 2004; Dawson et al. 2004; Siller & Sigman 2008). Although

theta scores represent the overall ability to initiate social communication, it was important to
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determine whether these correlations with RJA and RBR existed in this sample. Theta values
were significantly correlated with both domain values. However, a stronger correlation of .44
existed with RJA, which is consistent with prior research.

Although the direction of this association cannot be extracted from these analyses, the
strong connection between RJA and initiation ability may be an important avenue to consider for
future intervention research.

Redefining Scoring of Social Communication Gestures

The hierarchy of gesture difficulty derived from the IRT analysis may help redefine what
researchers consider improvement is within these initiating behaviors. Since gestures exhibit
various difficulty levels, differentially weighing each additional count across gestures may make
sense. At pre-intervention or even in the early stages of the intervention timeline, analyzing
ESCS data with an IRT framework may provide adjunct information to determine which children
are presenting differently from one another, which may influence individual modes of treatment.
Additionally, the results of the final ZINB IRT model suggest that an IRT scoring method may
help guard against scores that are inflated by easier gestures, thus, inaccurately portraying skills
of the child.

Justification for Increased ESCS Use

Although the ESCS is touted as a useful outcome measure (Anagnostou et al., 2015),
early intervention research has demonstrated mixed results regarding its sensitivity to change
over time (see Ingersoll, 2012; Kasari et al., 2006; Lawton & Kasari, 2012; Murza et al., 2016).
Additionally, Grzadzinski et al. (2020) suggest that more research is needed to determine the
capability of the ESCS to capture changes in early intervention trials. This uncertainty may

explain why the ESCS is not often used in intervention trials despite its direct measurement of
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joint attention, which is often the target construct. This study strongly endorses that the gestures
measured by the ESCS are crucial in examining the skills of minimally verbal children and
sought to improve how it is analyzed.

Although only modeled on baseline data, the successful use of the IRT scoring procedure
may be a straightforward solution to this measurement dilemma and offer a method that captures
the subtleties and sensitive change in intensive but short intervention protocols (Krstovska-
Guerrero & Jones, 2016; Nordahl-Hansen et al., 2016).

Machine Learning Algorithms to Connect Information Across Assessments

The CART models determined which cut points in gesture frequencies were especially
influential in predicting membership to more robust language outcomes at baseline. On average,
responding to joint attention nearly one-third of the time was enough to classify children into
high language score groups from standardized assessments. Among the trees that included
individual gestures, one behavior regulation point was a prominent cut point that was able to
classify children. Overall, at baseline, only a few skills are needed to classify children, which
directly helped reorganize the clinical meaning behind these frequencies. Although CART is
becoming increasingly popular in the field, using these algorithms to gain more insight into the
scaling of social communication gesture frequencies had not been done.

Cut-points in ESCS Frequencies that Relate To Standardized Measures

In the construction of the trees, all were pruned according to Breiman’s “one standard
error” rule, which was a method to increase accuracy by removing sections of the tree that
provided little power to classify ESCS frequencies into the outcome variables. However, as a
result, many of the trees were pruned to stumps, which included only one node immediately

connected to the leaf/classifier. Consequently, in most of these trees, the prediction was able to
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occur based on only one value of a single variable. Despite these stumps, it was determined that
prioritizing accuracy was more important than creating potentially more complex and robust
trees.

Individual Behavior Regulation Gestures as a Differentiating Feature. In the trees
that used individual ESCS gestures as predictors, the most important input feature was behavior
regulation points, with a crucial cut point occurring at only one demonstration of this gesture
amongst all the decision stumps. For the number of word roots, spontaneous communicative
utterances, caregiver’s perception of expressive and receptive language, and joint attention factor
scores from the ADOS, one behavior regulation point alone was able to classify children into
respective outcome groups. Behavior regulation points were considered the third easiest gesture
via IRT, suggesting that the machine learning algorithm determined that enough variability
existed across the sample to discriminate participants at baseline and classify them into various
language outcomes.

Although results from the decision trees slightly veer from the initial aim of attributing
additional meaning to ESCS individual gestures frequencies, they provide insights into methods
to further characterize this population.

Implications for Intervention. In this study, all children were recruited from various
studies that utilized a naturalistic developmental behavioral intervention known as JASPER
(Joint Attention Symbolic Play and Engagement and Regulation; Kasari et al., 2008, 2010).
JASPER has been shown to improve spoken language through play routines that boosted
engagement and social communication (Kasari et al., 2008) and was deemed an ideal targeted
intervention for these minimally verbal children in this study. The differentiating characteristic

of JASPER is that it explicitly targets joint attention when other interventions do not. However,
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these results indicate that behavior regulation gestures and behavior regulation language may be
more important targets than initially thought. The examination of the BR frequencies at baseline
may better characterize the skills of minimally verbal children, and could be important initial
targets that facilitate joint attention.

This study cannot comment on changes in skills over time; however, its initial results
indicate that looking towards the increase in behavior regulation gestures over short periods of
intervention may be a more sensitive indicator of improvement. Almirall and colleagues (2016)
found that within an adaptive intervention protocol that implemented JASPER, initiations of
behavior regulation gestures improved in all groups at the 12-week, stage 1 timepoint. Therefore,
behavior regulation gestures may be thought of as developing in concert with joint attention
gestures in this population. The information from decision trees indicates that behavior
regulation gestures may be a more sensitive metric to help inform optimal treatment routes at
pre-intervention or very early stages of interventions compared to joint attention gestures or
overall language ability.

RJA is Predictive of Language Ability. Among the vast majority of classification trees
with ESCS domain scores as predictors, RJA was the first splitting variable and was, therefore,
the most important variable in classifying outcomes. RJA’s importance in classification trees
corroborates results from numerous studies where a significant relationship between RJA and
expressive language was found (Kasari et al., 2008; Murray et al., 2008; Pickard and Ingersoll,
2015; Schietecatte et al., 2012; Sigman et al., 1999; Yoder et al., 2015). For the outcomes that
directly measure language, either objectively via the number of different word roots or
subjectively via parent report, RJA was not only determined as an important predictor of verbal

language but the only splitting variable, resulting in tree stumps.
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Results from these classification stumps support findings from Siller and Sigman (2008),
where the longitudinal change in the rate of language growth among 28 children with autism
during early and middle childhood was significantly predicted by children’s responsiveness to
bids of joint attention. Similarly, in a sample of 29 4-year-olds who received 24 hours of various
communication-based interventions per week for one year, children with well-developed RJA at
the beginning of the study developed significantly more significant language gains than children
with less-developed RJA (Bono et al., 2004).

Reframing Scoring Expectations in Minimally Verbal Children

The examination of classification trees that included domain scores as predictors were of
particular interest as performance on the ESCS is typically presented in this manner. These initial
results begin to defuse preconceived notions of the performance within social communication
gesture presentation and reframe what it means to demonstrate a skill well in this population pre-
treatment. Classification tree results indicated that only relatively modest scores were necessary
among this sample to sort children into more robust language classifications. These specific cut
points detailed in the trees can be considered inflection points, where more skills past these
points are not necessary for classification purposes.

Per the classification stumps, responding to bids of joint attention at least one-third of the
time was enough to classify children into more robust language ability subgroups. Therefore,
children who missed half of the opportunities to respond to bids of attention, which may
erroneously be considered a poor outcome, would be classified well into a more robust language
outcome at baseline.

In the trees that include splitting variables beyond RJA, initiation of behavior regulation

gestures was the second most important set of skills, and their respective cut points ranged from
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11-15 frequencies. Since domain scores include frequencies from all gestures within that
respective construct, these ranges may feel modest, especially to parents or other researchers
unfamiliar with the population. However, CART analyses reveal that these frequency
delineations are much more important than they may appear. For example, the first tree in Figure
21 predicted more/less robust spontaneous communicative utterances. The third most important
variable behind RJA and IBR was initiating joint attention gestures, with a cut point of 5.

In general, these cut-points tell us a few things. First, children are not initiating many
joint attention gestures, which is expected at baseline. Next, the influential cut points in CART
analyses reveal that 5 IJA may be more significant than initially thought. Even though more
initiations of joint attention are inherently beneficial for more positive language and social
development (Sigman et al., 1999, 2005), this study begins to unearth a target frequency that is
especially predictive of classifying children and reveal an anchor into what may be considered
robust scores.

Contribution to Joint Attention Theory. A growing body of literature has suggested
that early social attention and later social cognitive skills exist on a continuous axis (Baron-
Cohen, 1989; Mundy, 2018; Mundy & Sigman, 1989). This study adds a crucial and largely
unexplored portion of that continuous axis by beginning to understand social communicative
gesture presentation among a minimally verbal sample more thoroughly. Although this study
cannot comment on the longitudinal presentation of gestures, initial CART and IRT results may
help redefine what realistic targets are within the ESCS and, subsequently, a better idea of what
progress may look like in an intervention study.

Final Considerations
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The autism intervention literature has demonstrated that a single intervention is unlikely
to be effective for all children of a given sample (Kasari & Smith, 2013). Although more
challenging to execute, an individualized approach may more accurately address the
heterogeneous nature of autism. Newer approaches that propose a sequence of interventions
based on individual behavioral responses may be most beneficial for individual outcomes
(Almirall et al., 2014; Collins et al., 2004, 2014). These tailored interventions that consider a
child's baseline characteristics and treatment response history may maximize optimal outcomes
in a given domain (Costello & Maughan, 2015; Georgiades & Kasari, 2018). However, there is a
lack of guidance in determining treatment routes, forcing experts to rely on their clinical
judgment to determine if a treatment should be augmented (Steidtmann et al., 2013).

This study contributes a concrete method to help determine treatment routes and
subsequent gains. The IRT results explained that the difficulty of initiation gestures can vary,
which provided additional insights into defining the quality of gestures. The CART results
attached additional clinical significance to gesture frequencies, thus, improving the
understanding of gesture quantity. Together, these detailed facets of social communication can
be used alongside clinical judgment to help illuminate what may work best for minimally verbal
children with ASD.

Limitations and Future Directions

This study is a crucial step in better characterizing minimally verbal children with autism
via advanced quantitative methods. However, like with every study, this one is not without its
limitations. This study is a secondary data analysis; therefore, the measures selected for this
study were limited to those common across original projects that comprised the current sample.

Although all assessments in this study measure social communication, it has been demonstrated
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that specific assessments can affect sample characteristics among this minimally verbal
population (Bal et al., 2016). Therefore, analyses should be interpreted with caution as these are
only a handful of assessments that have been used with the minimally verbal population.

The measurement limitation posed by this secondary analysis raises larger issues in the
field: not only is there a dearth of reliable and valid assessments for minimally verbal children,
but the field also lacks consensus regarding which existing assessments to use among this
population (Kasari et al., 2013; Fletcher-Watson & McConachie, 2017). These issues exist in the
broader context of intervention research and its variable participants and are not isolated to the
minimally verbal population. Recent reviews suggest that up to 289 unique measurement tools
were used in intervention studies, with 62% used in only one study and none used in more than
7% of the studies (Bolte & Diehl, 2013). Ideally, the field will soon establish more sensitive and
agreed-upon measures across RCTs, especially those involving minimally verbal children.

There are several limitations in interpreting results. First, IRT models included joint
attention and behavior regulation gestures under the same construct of social communication
initiations. Theoretically, this decision is justified, but future research may explore a bifactor
model if the sample size is large enough. Logical expansions to this initial IRT model pose for
exciting future research. For example, future studies may want to consider various sources of
differential item function (DIF) like cognitive ability, which would determine different
probabilities of gesture presentation depending on group membership. Theta values, or a child’s
social communication ability, derived from IRT models may also be used as adjunct independent
variables in researchers’ analysis of intervention effects.

While mentioned in the results, it is worth reiterating the concern regarding the stability

of the classification trees. Despite relatively weak learners, these CART models are primarily
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tools for exploratory discovery rather than hypothesis testing, and therefore results and
prediction accuracies are deemed acceptable given the heterogeneous minimally verbal
population. Additionally, influential splits in the CART models were corroborated by the
importance metrics derived from the random forest models, which helped bolster the confidence
in interpreting the findings of the classification trees. Influential cut points found in these models
are unfortunately isolated to this sample and cannot be generalized to other samples of minimally
verbal children.

Overall, the current study was considered exploratory and primarily aimed to determine if
these statistical methods extracted additional and meaningful information from the ESCS
regarding social communication presentation. For that reason, only baseline data were examined
cross-sectionally. The next logical step is to expand IRT and CART analyses to accommodate
the longitudinal nature of these data, specifically, to determine how individual gesture difficulty
changes over time, if influential cut points remain stable across timepoints, or if certain
characteristics throughout an intervention are better able to predict treatment response.

Conclusion

The main strength of this paper is the thorough examination of joint attention as
measured by the ESCS measurement tool. In terms of behaviors, joint attention may be the
smallest unit of measurement that predicts language outcomes. However, in minimally verbal
samples, it still may not be sensitive enough to differentiate children; therefore, children may be
deemed similar when differences likely exist. This study acknowledges that investigating the
heterogeneity within minimally verbal children may be especially urgent as the stakes for

efficacious interventions are high.
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The utility of the paper is two-fold: (1) to improve the characterization of minimally
verbal children by thoroughly examining their social communication behaviors and (2) to explain
the benefit of the novel quantitative methodologies used to examine those behaviors. Regarding
its methodological contributions, this paper determined that IRT models and machine learning
algorithms can be repurposed to examine behavioral data to offer additional value in analyzing
social communication gesture presentation.

Overall, this study demonstrated that repurposing advanced statistical techniques can
extract additional variability from existing assessments, thus, providing a meticulous evaluation
of the heterogeneity of social communication presentation within minimally verbal children.
With the improved characterization of minimally verbal children, we can move towards the next
phase of tailored interventions and understanding their treatment effects among subpopulations

of the minimally verbal status.
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Tables and Figures

Table 1. Child and Parent Demographics

Child/Parent Characteristics N (%)

N =457

Chronological Age (Months): Mean (SD)
Gender
Female
Race/Ethnicity
African American/Black
American Indian/Alaska Native
Asian/Pacific Islander
Caucasian
Native Hawaiian/Pacific Islander
Other/Not Disclosed
More than one race
Ethnicity
Hispanic or Latino
Not Hispanic or Latino
Other/Not Disclosed
Mother’s Education

Less than 7th grade

Junior High

Some High School

High School graduate

Special Training after High School

Some College

College graduate

Graduate/Professional Training
Father’s Education

Less than 7th grade

Junior High

Some High School

High School graduate

Special Training after High School

Some College

College graduate

Graduate/Professional Training

64.1 (19.9)
75 (17.2%)

59 (13.6%)
1 (0.2%)

59 (13.6%)
216 (49.7%)
2 (0.5%)

51 (11.7%)
47 (10.8%)

104 (22.7%)
335 (73.1%)
19 (4.1%)

7 (1.6%)

11 (2.4%)
13 (2.9%)
49 (10.9%)
21 (4.7%)
98 (21.8%)
156 (34.7%)
95 (21.2%)

8 (1.9%)

10 (2.3%)
22 (5.1%)
72 16.7%)
23 (5.3%)
75 (17.4%)
121 (28.1%)
99 (23%)
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Table 2. Descriptives of ESCS Individual Gesture Frequencies

JAec JAlang JApoints JAgives JAshows BRec BRlang BRpoints BRgives BRreaches
Mean 3.13 1.81 0.669 0.0618 0.0221 1.29 3.87 2.03 3.29 6.83
Median 2 0 0 0 0 0 2 0 2 6
Standard deviation  4.34 3.60 2.14 0.353 0.147 2.26 4.69 4.24 3.43 5.03
Minimum 0 0 0 0 0 0 0 0 0 0
Maximum 32 27 24 4 1 14 33 26 20 25
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Table 3. Descriptives of ESCS Domain Scores

IJA_TOTAL IBR_TOTAL RJA_TOTAL RBR_TOTAL

Mean 5.70 16.6 47.4 38.0
Median 3 15 46.0 35.0
Standard deviation  6.82 10.3 29.5 27.0
Minimum 0 0 0.00 0.00
Maximum 51 71 100 100
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Table 4. Descriptives of Outcomes used in Classification Trees

LS- ADOS- ADOS-  Vineland- Vineland-
LS NDWR JA- . )
- SCuU SA Receptive Expressive
Factor

Mean 7.28 11.1 8.92 14.7 22.2 21.8
Median 3.00 450 9.00 15.0 21.0 20.0
Standard
deviation 9.97 15.8 2.27 3.59 10.7 11.0
Minimum 0 0 0 0 4 2
Maximum 62 102 12 24 73 72
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Table 5. Fit Statistics of IRT Models

Model Log-
AlC BIC  ikelihood

Person-

only 273011 273139  -136485

RPCM

RPCM 10169 192396  -95735

Negative ) 0196 148067  -7397.8

Binomial

Zero-

Inflated 143287 1442748  -7140.351

Negative

Binomial
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Table 6. Item Parameters of IRT Models

RPCM NBRM ZINB
Fixed Effects
Estimate Std. Estimate Std. Estimate Std.

Error Error Error
JAec 0.94 0.04 0.91 0.07 1.19 0.06
JAlang 0.39 0.05 0.23 0.08 1.17 0.08
JApoints -0.61 0.07 -0.82 0.09 0.68 0.12
JAgives -2.99 0.19 -3.01 0.21 -0.81 0.52
JAshows -4.02 0.32 -4.05 0.34 -2.66 0.72
BRec 0.05 0.05 0.01 0.08 0.44 0.09
BRlang 1.15 0.04 1.08 0.07 1.41 0.06
BRpoints 0.50 0.05 0.31 0.07 141 0.08
BRgives 0.99 0.04 1.10 0.07 1.22 0.06
BRreaches 1.72 0.04 1.88 0.07 1.92 0.05
Zero-Part
Coefficients Estimate Std.

Error

(Intercept) -2.33 0.35
JAlang 2.45 0.36
JApoints 3.73 0.41
JAgives 5.09 0.72
JAshows 3.83 1.34
BRec 0.96 0.37
BRlang 0.05 0.34
BRpoints 2.81 0.37
BRgives -1.04 0.45
BRreaches -2.58 0.61
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Table 7. Item Easiness Rankings of ZINB

Item Difficulty Rank
ItemBRreaches 1.92 10
ItemBRIlang 1.41 9
ItemBRpoints 1.41 8
ItemBRgives 1.22 7
ItemJAec 1.19 6
ItemJAlang 1.17 5
ItemJApoints 0.68 4
ItemBRec 0.44 3
ItemJAgives -0.81 2
ItemJAshows -2.66 1
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Table 8. Theta Values and Domain Scores Correlation Matrix

RJA_TOTAL RBR_TOTAL Theta Scores

RJA_TOTAL  Pearson'sr —
p-value —

RBR_TOTAL  Pearson'sr 0.34 —

p-value <.001 —
Theta Scores Pearson'sr 0.44 0.30 —
p-value <.001 <.001 —
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Table 9. Prediction Statistics on Test Data

CART + Initiation

Gestures Sensitivity  Precision  Accuracy F1
Vineland Receptive 0.84 0.64 0.67 0.73
Vineland Expressive 0.68 0.61 0.60 0.64
LS SCU 0.85 0.58 0.62 0.69
LS NDWR 0.84 0.69 0.71 0.76
ADOS SA 0.63 0.76 0.70 0.69
ADOS JA Factor 0.47 0.80 0.64 0.59

CART + Domains

Vineland Receptive 0.33 0.66 0.56 0.44
Vineland Expressive 0.54 0.73 0.66 0.62
LS SCU 0.75 0.65 0.67 0.70
LS NDWR 0.56 0.71 0.65 0.63
ADOS SA 0.73 0.70 0.70 0.71
ADOS JA Factor 0.80 0.73 0.72 0.76
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Figure 1. ESCS code sheet

ID: Time point: Ax Date:
INITIATING JOINT ATTENTION INITIATING BEHAVIOR REGULATION
Skill Affect Skill Affect Skill Affect Skill Affect
Summary Scores
1JA
Skill Total Skill Total Skill Total Skill Total
AG AG, L
CcJ CJ, L L
P P, L P,EC P,EC, L
G G, L G, EC G,EC, L
S S, L S, EC S,EC. L
Total IJA: e
IBR
Skill Total Skill Total Skill Total Skill Total
EC EC,L L
P P, L P,EC P,EC, L
G G, L G, EC G,EC, L
R R, L R, EC R,EC, L
Total IBR:
Projec Assessc Coder: Duration:

81



Figure 2. ESCS frequency distributions by gesture
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Figure 3. Dependent outcome frequency distributions
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Figure 4. Predicted values plotted against standardized Pearson residuals

Pearson residual plot for the RPCM

a0
15 - o
o
]
=
=)
1]
@
=
(o)
dd
m
@
o 0
O
o
| [ | | I I
0 5 10 15 20 25

predicted scores

85



Figure 5. Pearson residual boxplots for item-specific predicted scores of the RPCM
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Figure 6. Covariate adjusted frequency plots for IRT models
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Figure 7. Plots of the simulated scaled residuals of the RPCM
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Figure 8. Simulated dispersion test for the RPCM

DHARMa nonparametric dispersion test via sd of
residuals fitted vs. simulated
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Figure 9. Simulated zero-inflation test for the RPCM
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Figure 10. Plots of the simulated scaled residuals of the NBRM
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Figure 11. Simulated dispersion test for the NBRM

DHARMa nonparametric dispersion test via sd of
residuals fitted vs. simulated
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Figure 12. Simulated zero-inflation test for the NBRM

DHARMa zero-inflation test via comparison to
expected zeros with simulation under HO = fitted
model
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Figure 13. Pearson residual boxplots for item-specific predicted scores of the ZINBM
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Figure 14. Plots of the simulated scaled residuals of the ZINBM
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Figure 15. Simulated dispersion test for the ZINB

DHARMa nonparametric dispersion test via sd of
residuals fitted vs. simulated
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Figure 16. Simulated zero-inflation test for the ZINB
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Figure 17. Item order map of ZINB
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Figure 18. Distribution of children’s social communication ability (theta scores)
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Figure 19. Correlogram with hierarchical clustering for individual ESCS gestures
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Figure 20. Classification trees with ESCS individual gestures
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Figure 21. Classification trees with ESCS domains
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Figure 22. Random forest results with ESCS Individiual gesture frequencies
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Figure 23. Random forest results with ESCS domain scores
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