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ABSTRACT OF THE DISSERTATION 

 

Super Responders: Predicting Expressive Language Gains Among Minimally Verbal Children 

with Autism Spectrum Disorder 

 

by 

 

Jonathan Panganiban 

Doctor of Philosophy in Education 

University of California, Los Angeles, 2018 

Professor Connie L. Kasari, Chair 

 

Much research in autism spectrum disorders (ASD) has focused on the development of 

efficacious interventions to address the core deficits of ASD. However, the heterogeneous nature 

of ASD complicates the development of such interventions. With great heterogeneity in the 

expression of ASD’s core deficits, it is unlikely that there is a one size fits all intervention. It is 

important for researchers to understand for whom an intervention works. Advancements in data 

analytics, in particular machine learning, provide new methods to identify subgroups among a 

given population, and can potentially help to identify for whom intervention works best. Of 
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particular interest are minimally verbal individuals. A targeted social communication 

intervention known as JASPER (Joint Attention, Symbolic Play, Engagement, and Regulation) 

has shown promise for improving language outcomes among minimally verbal children with 

ASD and may provide the context to examine the question of for whom an intervention benefits. 

This study aims to develop a model predicting expressive language gains among minimally 

verbal, preschool aged children with ASD that received a targeted social communication 

intervention.  

Classification and regression tree (CART) analysis was used to explore the relationship 

between child characteristics and gains in expressive language. Secondary data analysis was 

conducted on a sample of 99 minimally verbal, preschool age children with ASD, collected from 

participants across five previous intervention studies. Expressive language gains (outcome) were 

calculated using expressive language age equivalents from the Mullen Scales for Early Learning. 

Predictors for the analyses were taken from child demographics and behavioral assessments 

completed prior to intervention. The initial list of predictors included race, gender, ASD severity, 

visual reception age equivalent, fine motor age equivalent, joint attention gestures, requesting 

gestures, and play skills. Using expressive language age equivalent change scores, 47% (n = 47) 

of the sample were identified as “super responders,” children that exceeded expressive language 

gains typically expected through maturation. To predict responder status, all initial predictors 

were used to generate conditional inference forest, from which the most important variables 

would be chosen for the final model. Conditional inference results identified three variables to be 

fitted into the final model; play diversity, requesting gestures, and fine motor age equivalent. A 

final conditional inference tree was created, with play diversity being the only significant 

predictor of responder status. Participants with an entry play diversity score above 23 predicted 
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super response while scores of 23 or below predicted slow response. The overall model accuracy 

was 67%, with a specificity of 55% and sensitivity of 78%. As a comparison, stepwise logistic 

regression was run, and play diversity was again the only significant predictor of responder 

status (χ2 (1) = 10.686, p = .001). Receiver operating characteristic curves were generated to 

compare model performance, and comparison of area under the curves for the two models 

showed no statistical difference (p = .82).  

Overall accuracy of the conditional inference tree was moderate, and performed similarly 

to the more traditional logistic regression analysis. However, the conditional inference tree 

provides a cutoff point that may provide clinical utility over the regression results. Both models 

identify play diversity as in important predictor of expressive language gains from JASPER, 

which is a play based social communication intervention. Additionally, our model appears to be 

more sensitive to identifying slow responders. The role of play diversity and expressive language 

gains in JASPER is discussed. 
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Introduction 

Autism Spectrum Disorders (ASD), as we know them today, were first described by Leo 

Kanner in 1943. In this seminal paper, Dr. Kanner described 11 children (eight boys and three 

girls). His early descriptions of autism not only laid the groundwork for the entire field of study, 

but have remained consistent with ASD as it is known today. While ASD was once considered a 

rare condition, we have seen steady increases in population rates. We are now realizing that ASD 

is more common in the population than once thought. Recent estimates put the prevalence of 

ASD among children in the U.S. as high as 1 in 45 (Zablotsky, Black, Maenner, Schieve, & 

Blumberg, 2015). While the direct cause of ASD, and its resulting increase in prevalence, still 

confound researchers, much has been learned about ASD and those it affects. We know that 

there is a strong genetic component to ASD, shown through high concordance rates among 

identical twins (Ronald et al., 2006; Taniai, Nishiyama, Miyachi, Imaeda, & Sumi, 2008; 

Rosenberg et al., 2009; Hallmayer et al., 2011) and increased risk among biological siblings 

(Sumi, Taniai, Miyachi, & Tanemura, 2006; Ozonoff et al., 2011). We also know that ASD more 

commonly affects males than it does females (Baio, 2012). While no direct cause for ASD has 

been found, recent work does point to strong associations with several known genetic disorders 

(Abrahams & Geschwind, 2008). This has led to some researchers referring to ASD as the 

“autisms” (Coleman & Gillberg, 2012). 

As our ability to identify individuals with ASD has broadened, so too has our 

understanding of the great variety in the phenotypic expression of ASD. All individuals 

diagnosed with ASD share the same core characteristics, difficulties with social communication 

and the presence of restricted and repetitive behaviors. However, their expression of these 

characteristics can vary greatly. For instance, individuals with ASD have shown a wide range of 
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expressive language development with as many as 30% of individuals with ASD only achieving 

minimal verbal abilities (Tager-Flusberg, Paul, & Lord, 2005). We also see a wide spectrum of 

cognitive ability. While intellectual disability is often associated with ASD, estimates show that 

as much as 44% of individuals with ASD have average to above average IQ (Baio, 2012). In 

addition to this, it is also estimated that as many as 10% of individuals with ASD express savant 

level skills (Rimland, 1978). It is this great diversity among individuals with ASD that has 

inspired the saying “if you know one person with autism, then you know one person with 

autism.” 

Because of this great diversity of skills and challenges among the ASD population, 

researchers and interventionists face many questions on how best to provide support and services 

to people with ASD. Early intervention is key, as starting earlier in development can have greater 

cascading benefits. The method and targets of early intervention form the basis of a large section 

of the ASD research literature. Intervention styles can be discussed in two broad categories, 

comprehensive interventions and targeted interventions. 

Comprehensive Interventions 

The challenges associated with ASD can have far reaching effects on development. These 

effects are often felt throughout all aspects of an individual’s life. Therefore, intervention 

programs for individuals with ASD were developed to address the many situations and 

developmental pathways one may experience. These comprehensive approaches are based on a 

set a core principles that are used to intervene across developmental, cognitive, and social 

domains. The most prominent of these comprehensive programs are based on the work of Dr. 

Lovaas (1987), who used behavioral principles to develop a comprehensive teaching program to 

address the deficits associated with ASD. This work serves as the foundation for much of the 
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intervention we see now for individuals with ASD. More recently, others have attempted to 

develop more updated comprehensive approaches targeting earlier intervention (Dawson et al., 

2010) as well as combining developmental and behavioral principles (Koegel & Koegel, 2006). 

In general, these comprehensive programs seek to develop a curriculum that can be used to 

address any or all of the difficulties individuals with ASD face. 

Targeted Interventions 

Another intervention approach focuses more on specific areas of difficulty or 

developmental domains, known as targeted interventions. The goal of targeted interventions is to 

address specific core deficits of ASD with the hope that improvements in core deficits can have 

beneficial cascading effects in other areas of development. One example is an intervention 

designed to target a specific core deficit of children with ASD, joint attention. Joint attention is 

widely acknowledged to be a preverbal skill leading to the development of language among 

typically developing individuals (Tomasello & Farrar, 1986). However, children with ASD 

typically have impaired and atypical development of joint attention skills (Paparella, Goods, 

Freeman, & Kasari, 2011). It is presumed then that targeting joint attention skills through 

intervention could lead to improved language development. This is was exactly what researchers 

found. Targeting joint attention skills in children with ASD not only led to immediate 

improvements in joint attention (Kasari, Freeman, & Paparella, 2006), but also had cascading 

effects on language development (Kasari, Paparella, Freeman, & Jahromi, 2008; Kasari, Gulsrud, 

Freeman, Paparella, & Helleman, 2012).  

Determining the Evidence Base 

While both comprehensive and targeted intervention approaches have generally shown 

positive results, the great variation in abilities and challenges among individuals with ASD poses 
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a significant problem for intervention researchers. Traditional intervention research is based on 

the ideas of establishing efficacy and effectiveness of any given intervention. It is the 

responsibility then of ASD researchers to rigorously test interventions for efficacy and 

effectiveness. To do this, Chambless and Hollon (1998) suggest three requirements. First, the 

treatment must be shown to be beneficial in controlled study. Second, the treatment must be 

useful for a clearly defined group and circumstances in applied settings. Finally, the treatment 

must be more efficient than other alternative interventions. Achieving these goals has been 

historically difficult for ASD intervention researchers (Kasari, 2002), with critics noting the lack 

of rigorous testing methods used in many intervention studies (Warren et al., 2011). Efforts have 

been made to develop a model for the development, validation, and dissemination of ASD 

interventions (Smith et al., 2007), leading to considerable progress in the development of 

evidence based practices (Wong et al., 2015).  However, the heterogeneous nature of ASD makes 

it difficult for intervention researchers to progress beyond the efficacy stage. This can be 

especially difficult for comprehensive intervention approaches testing effectiveness in applied 

settings where practitioners are likely to encounter individuals with a wide variety of skills and 

challenges. Furthermore, without the highly controlled conditions of efficacy research, it is 

difficult to assume that similar results can be expected when interventions are introduced in 

settings where conditions can vary widely. Considering these challenges, it is likely that there is 

no one-size-fits-all intervention (Lord & McGee, 2001). 

For Whom Interventions Work 

To truly develop effective and impactful interventions for ASD, researchers must do a 

better job of understanding intervention, and for whom it works. This includes a better 

understanding of who may benefit the most from a given intervention, and ways to predict 
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response. Indeed, researchers have found several common predictors of response to ASD 

intervention. Generally, age at entry, IQ, symptom severity, language level, adaptive skills, 

imitation skills, comprehension, and non-verbal IQ predict outcomes in intervention trials (Harris 

& Handelman, 2000; Howlin, Magiati, & Charman, 2009; Itzchak & Zachor, 2011; Schreibman, 

Dufek, & Cunningham, 2011). However, these data are complicated by inconsistency in outcome 

measurement across studies. When examining these findings based on the measured outcome of 

each design, it is clear that these findings become far more nuanced. Examining expressive 

language, age at entry (Kasari,Gulsrud, Freeman, Paparella, & Helleman, 2012), joint attention 

skills (Kasari et al., 2012; Paul, Campbell, Gilbert, & Tsiouri, 2013), play skills (Kasari et al., 

2012), imitation skills (Sallows & Graupner, 2005), expressive language at entry (Gordon et al., 

2011), social avoidance (Ingersoll, Schreibman, & Stahmer, 2001), and ASD symptomatology 

(Vivanti, Dissanayake, Zierhut, Rogers, & Victorian ASELCC Team, 2013) all predict 

expressive language gains associated with intervention. For adaptive skills, age at entry (Baker-

Ericzen, Stahmer, & Burns, 2007) and interest in toys (Klintwall, Macari, Eikeseth, & 

Chawarska, 2014) predicts better outcomes associated with intervention. While IQ is a common 

measure among intervention studies, predictors of change in IQ were not as easily identified. Not 

surprisingly, IQ at the start of intervention and ASD symptomatology were predictive of later IQ 

gains (Sallows & Graupner, 2005). 

Moderators of Response 

While the previous studies looked at factors that may predict global developmental 

outcomes, another approach is to look at predictors in terms of intervention specific outcomes. 

Looking more specifically at intervention outcomes maybe be beneficial in developing and 

adapting a given intervention. In one example, better expressive language at entry was associated 
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with improved use of a picture exchange communication system (PECS), which was the main 

target of the intervention (Gordon et al., 2011). While this approach is certainly informative, 

focusing on intervention specific outcomes can quickly become complex. It is not as simple as 

finding out what types of individuals do well. Instead it becomes a question of which individuals 

do well for which outcome, under what circumstances. Identifying predictors of response to 

intervention can be just as variable as the individuals being studied. 

Studies that have compared two different interventions highlight the complexities of 

predictors on intervention outcomes. In one study comparing PECS with a play based language 

intervention, levels of initiations of joint attention had different effects on the two intervention 

groups. Children with higher levels of joint attention at entry showed more joint attention 

improvements in the play based intervention while children with lower levels of joint attention at 

entry show more requesting improvements with PECS (Yoder & Stone, 2006). The authors also 

looked at the novel predictor of object exploration, defined as the number of unique toys touched 

during a structured play assessment at entry. They found that the play based intervention was 

better for children entering with lower object exploration and PECS was better for children 

entering with higher object exploration (Yoder & Stone, 2006). The authors concluded that the 

play based intervention benefitted children that were less motivated by toys at the start by 

helping to develop interest in toys, while children that were already motivated by toys were 

ready to utilize PECS for communication. Another study examined two different language 

interventions, a naturalistic intervention and a more traditional discrete trial training intervention. 

Both groups benefitted from intervention with joint attention skills moderating change in both 

groups. However, receptive language abilities affected each group differently. Children with 

higher receptive language abilities did better in the naturalistic intervention while children with 
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lower receptive language abilities did better with the discrete trials intervention (Paul et al., 

2013). 

While moderator studies provide valuable information for whom the given intervention 

may benefit the most, their findings are difficult to interpret. That difficulty becomes even more 

apparent when attempting to utilize this information in applied settings. In general, studies 

clearly define their outcome variables, but these outcomes can vary greatly between studies. This 

type of variability can make it difficult for clinicians or educators to make use of this 

information. Measurement and analysis using standardized measures can be more interpretable.  

A similar problem occurs when considering the variables used. Information such as age, 

symptom severity, and other measures gathered from standardized assessments can be more 

readily interpreted in applied settings. However, more novel variables, such as social avoidance 

and object exploration, may be more difficult for clinicians and educators to reliably quantify. 

Identifying and quantifying these characteristics in applied settings will likely require further 

training and expertise. 

Profiling Responders to Interventions   

Aside from identifying predictors of response to intervention, researchers have also 

attempted to behaviorally profile responders. That is, retrospectively identifying individuals that 

have completed an intervention program, shown significant progress, and then using those 

individuals to develop a profile to predict response to the intervention among future participants. 

In a series of studies examining pivotal response training, researchers looked back at participants 

from a previous study to identify individuals that exhibited the most favorable and least 

favorable outcomes. Videotaped structured intake assessments were reviewed to develop a 

behavioral profile for each of the two groups, referred to as the responders and non-responders. 
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Responders were found to exhibit more interest in toys, more tolerance of another person in close 

proximity, lower rates of non-verbal self-stimulatory behavior, and higher rates of verbal self-

stimulatory behavior. Conversely, non-responders exhibited the opposite profile. These profiles 

were then used to identify new participants to test their predictive ability. Six participants that fit 

the responder profile were matched (by language, age, and IQ) with five participants that fit the 

non-responder profile. As predicted, children matching the responder profile showed positive 

outcomes while the non-responders did not (Sherer & Schreibman, 2005). While these findings 

are very encouraging, they are somewhat limited. The behavior profiles were based off of coding 

from videotaped assessments of 11 children (6 responders and 5 non-responders). Although this 

is a good first step, this number is far too small to generalize these findings. However, the 

positive results and method can serve as an example of the type of research needed to better 

understand intervention and the individuals for whom they work. 

Methodological Advances for Determining Responders 

Developing a behavioral profile to predict responder status for a given intervention can 

be time consuming, particularly when working with larger participant pools and datasets. More 

recent developments of statistical prediction models have the potential to address some of these 

difficulties. In particular, the use of machine learning paradigms can be a promising way of 

developing predictive models of responder status for ASD interventions. Machine learning is a 

term that refers to the use of computer algorithms to recognize patterns in data, and in turn make 

predictions on data. This strong predictive power and classification ability have been useful in 

several areas of ASD research. Machine learning techniques have been used to improve 

diagnosis of ASD by looking at predictors of ASD designation across different sites in the 

United States (Lord et al., 2012). Furthermore, the predictive power of machine learning 
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paradigms were used to analyze specific item level scores to propose a more streamlined model 

for the two gold standard assessments for ASD, the Autism Diagnostic Interview (ADI; Wall, 

Dally, Luyster, Jung, & DeLuca, 2012) and the Autism Diagnostic Observation Scale (ADOS; 

Wall, Kosmicki, DeLuca, Harstad, & Fusaro, 2012). Leveraging the predictive power of machine 

learning, and its ability to handle large and complex data sets, researchers have used it to 

examine early predictors of ASD diagnosis. In a reanalysis of event-related potential data 

gathered from electroencephalograms of infants, researchers were able to correctly identify the at 

risk infants with 64% accuracy, representing an improvement over the original analysis (Stahl, 

Pickles, Elsabbagh, Johsnson, & BASIS Team, 2012). Genetic data is similarly complex, and the 

use of machine learning can be particularly useful. A recent study has had some success in 

developing a model predicting ASD diagnosis based on gene profiles, achieving a 71.7% 

accuracy (Skafidas et al., 2012).  

Classification and Regression Trees for Responder Status  

While the term machine learning encompasses a range of statistical methods, one method 

particularly well suited for ASD intervention research is the use of classification and regression 

trees (CART, Breiman, Friedman, Stone, & Olshen, 1984). CART methods have been used for a 

variety of purposes. Most notably, CART analysis has been used to make key decisions about 

individuals, including the categorization of emergency room intakes for heart attack risk to 

determining the decision to accept or reject an application for credit. Furthermore, the CART 

method and its extensions are equipped to efficiently analyze the complex data associated with 

individuals with ASD and the intervention studies they participate in. One of the strengths of the 

CART method is its ability to quickly and easily describe associations in data (Lemon, Roy, 

Clark, Friedmann, & Rakowski, 2003). It is also particularly suited to identify subsets within a 
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given population (Breiman et al., 1984). Researchers have leveraged the strengths of CART 

analysis to examine temporal lobe differences among children with ASD (Neeley et al., 2006) 

and predictors of outcome among 18 month old high risk sibling of children with ASD 

(Chawarska et al., 2014). The findings by Chawarska et al. (2014) highlight the utility of CART 

analysis in identifying subgroups. Their findings identified three specific behavior grouping 

among high risk infant siblings related to later ASD diagnosis. These groupings included having 

poor eye contact with low communicative gestures and giving; poor eye contact with low 

imaginative play; and intact eye contact paired with lack of giving and repetitive behaviors. As 

more ASD research continues to take advantage of CART techniques, intervention analysis has 

typically not made use of these techniques. The only current example utilizes CART methods to 

analyze participants mid-study to identify subgroups of children that are responding differently 

to the intervention (Shih, Patterson, & Kasari, 2014). This study highlights the great potential in 

using CART methods for intervention research. The findings from this study suggest 

measurements collected mid-treatment can be used to identify children that may need altered 

treatment, thus providing decision points to personalize their intervention plan. 

Aims 

The overall goal of this study is to contribute to the research in personalizing ASD 

interventions by identifying individuals that are more or less likely to benefit from a particular 

intervention. This study takes a retrospective approach by examining a sample of children that 

have received a targeted social communication. The first aim is to define and identify subgroups 

of responders. To do so, the study examines expressive language gains over the course of the 

intervention, as measured by a standardized measure of cognitive development. The intervention 

examined here has shown consistent expressive language gains, and it is expected that subgroups 
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of responders can be identified based on expressive language gains. It is hypothesized that a 

group of super responders will be identified. These individuals will have experienced gains in 

expressive language above and beyond what would be expected through maturation. The second 

aim of the study is to develop a model to predict responder status. Advanced machine learning 

techniques are used to develop a decision tree based prediction model. Predictors will include 

demographic and assessment information collected before the start of intervention. All predictors 

will be quantifiable variables collected from standardized assessments and instruments. It is 

hypothesized that a decision tree based predictive model will accurately predict responder status. 

The primary predictors will be frequency of joint attention gestures and mastered play level. This 

study’s third aim is to compare the machine learning technique with more traditional model 

building through logistic regression. It is hypothesized that the machine learning model will 

outperform the logistic regression in predicting responder status in addition to providing more 

clinically relevant information. 

Methods 

Participants 

 This study collects data from participants across five different JASPER projects. The 

primary outcome of interest is expressive language gains through JASPER, and participants are 

included based on age and expressive language level at entry. Participants selected are between 

24 months and 60 months of age at entry. While it is estimated that 30% of individuals with ASD 

only develop minimal expressive language skills (Tager-Flusberg, Paul, & Lord, 2005), it is still 

unclear if children under 60 months of age are indeed minimally verbal or pre-verbal. It may be 

the case that children at this age can still develop expressive language skills with appropriate 

intervention. This project only included children that were assessed using the ADOS 2, module 
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1, which is designed for children whose spontaneous language is primarily single words or 

through behavioral means (Lord, DiLavore, & Gotham, 2012). Overall the sample consists of 99 

minimally verbal, preschool age children with ASD that received the JASPER intervention. 

Design 

 The current study is a secondary analysis using data gathered from participants across 

five separate JASPER intervention studies. Each of the studies collected common measures of 

ASD assessment, demographics, cognitive development, social communication skills, and play 

development. 

The Intervention – JASPER 

This study examines an intervention for children with ASD developed to target joint 

attention, symbolic play, engagement, and regulation called JASPER. This intervention is backed 

by an evidence base spanning over a decade. In the original study, targeting joint attention and 

symbolic play separately both led to gains in expressive language for children with ASD. 

Targeting joint attention was particularly effective for children entering with the lowest language 

levels (Kasari, Paparella, Freeman, & Jahromi, 2008). A five year follow up of these children 

found that the effects of the two intervention groups maintained (Kasari et al., 2012). Following 

these findings, the two interventions were combined to form the method now known as JASPER. 

In the years since, JASPER has shown to be effective for toddlers (Kasari et al., 2014), as a 

parent mediated intervention (Kasari, Gulsrud, Wong, Kwon, & Locke, 2010), in preschools 

(Goods, Ishijima, Chang, & Kasari, 2013; Chang, Shire, Shih, Gelfand, & Kasari, 2016), and for 

minimally verbal children with ASD (Kasari et al., 2014). As the evidence for JASPER 

continues to grow, and efforts to bring it to the community increase, this study hopes to provide 

practitioners a method to better understand which children may benefit the most from JASPER.  
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Measures 

Demographics:  Prior to entering intervention, caregivers of the participants completed a 

demographic form. For the current study child age at entry, reported gender, and reported 

race/ethnicity are used as predictors in the analysis. 

ADOS (Lord, DiLavore, & Gotham, 2012):  The ADOS is a standardized semi-structured 

assessment used to evaluate individuals suspected of having an ASD.  The participant is engaged 

in a variety of activities designed to elicit social and communication behaviors associated with 

the diagnosis of ASD’s. Cutoff scores allow for diagnosis of autism or autism spectrum 

disorder.  The ADOS was administered to all children across all studies to confirm diagnosis. As 

noted above, scores from the ADOS are used to identify minimally verbal children for inclusion 

in the current sample. ADOS comparison scores are also used as a proxy measure for ASD 

symptom severity. 

Mullen Scales of Early Learning (MSEL; Mullen, 1995):  The MSEL is an assessment of 

early intellectual development and school readiness. It is appropriate for the ages from birth to 

five years eight months. Child development is assessed across five domains; gross motor, visual 

reception, fine motor, expressive language, and receptive language. Age equivalents can be 

calculated for each of the five domains. Non-verbal and verbal developmental quotients can also 

be calculated using the visual reception and fine motor subscales. An overall standardized 

composite score can also be calculated for a measure of overall cognitive development. For the 

current study, expressive language age equivalents will be used to calculate the outcome measure 

and age equivalents for fine motor and visual reception development will be used as predictors. 

Early Social Communication Scales (ESCS; Mundy et al., 2003):  A structured table top 

assessment, the ESCS is designed to elicit joint attention and requesting behavior.  Sitting across 
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from a child at a table, an experimenter engages the child with a variety of play activities 

including wind-up toys, a balloon, a car, a ball, and tickle songs for 15 to 20 minutes.  The 

experimenter will also periodically point to pictures in a book and around the room to elicit a 

child response to joint attention.  ESCS sessions are videotaped and later coded for specific joint 

attention skills.  The specific skills coded are coordinated looks, alternating gazes, points, gives, 

shows, and language.  Skills can also be coded in combination with language and/or eye contact 

(eg. a point with language, or a give with eye contact and language). The ESCS provides a total 

score of joint attention and requesting skills. For the current study, joint attention and requesting 

gestures are used as predictors. 

Structured Play Assessment (SPA; Ungerer & Sigman, 1981):  The SPA is a play-based 

assessment designed to measure a child’s level of play. An experimenter sits across from the 

child and presents one of five different toy sets individually until the child has had an 

opportunity to play with each set. The five sets include the following toys:  set one contains a 

puzzle, shape sorter, and nesting cups; set two contains a tea set, dolls, and blocks; set three 

contains a phone, a brush, a mirror, and dolls; set four contains a furniture set and dolls; set five 

contains animal figures, blocks, a car, and a barn. Altogether, the SPA lasts approximately 10 to 

15 minutes. SPA sessions are videotaped and later coded for play levels displayed by the child.  

Individual play acts are tracked and used to assess the child’s play level. There are 16 levels of 

play that fall under five broad categories; indiscriminate acts, discriminate acts, combination 

play, pre-symbolic play, and symbolic play. The SPA is coded by tracking the individual play 

types the child exhibits, and that type’s frequency. For example, if child plays with the puzzle 

and completes all six pieces, that is coded as one play type with a frequency of six. Total number 

of play types is scored for play diversity. Mastered play level is determined by the highest level 
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of play in which a child exhibits two different types, with a frequency of at least five. Play 

diversity and mastered play level are included as predictors for analysis. 

Analysis  

The current study examines the utility of a novel statistical method to look at predictors 

of language gains achieved while receiving a targeted intervention (JASPER). Specifically, the 

analysis is based on classification and regression trees (CART) to develop predictive models of 

intervention gains, and will compare these models with those developed using more traditional 

regression techniques.  

CART methods, and its derivatives, provide several potential benefits for ASD 

intervention research. CART analysis is particularly suited to identify subsets within a given 

population (Breiman et al., 1984; Lemon et al., 2003). Furthermore, where traditional regression 

methods are adept at exploring the effects of a single variable or set of variables on an outcome 

measure, CART methods can more effectively describe associations in the data (Lemon et al., 

2003). Using these methods, we will be able to identify subgroups of children and how the 

predictor variables are associated within those subgroups. From a more practical perspective, 

CART results are presented as decision trees with clearly defined decision points. These findings 

are more easily interpretable, particularly in a practical setting. Decision trees can allow 

interventionists to more quickly assess the potential benefit of a specific intervention, like 

JASPER, for a specific child. CART analyses also provide some benefits from a statistical 

standpoint. CART methods are non-parametric, and not subject to the assumptions necessary in 

traditional parametric analyses. This is particularly useful for the current study as the data 

involves minimally verbal children with ASD. For these individuals, data may be positively 
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skewed due to the low frequency of certain measured behaviors. Such data is handled easily by 

CART methods. 

The ease of use and interpretation of CART analyses can also lead to potential 

drawbacks. Lemon et al. (2003) note the temptation of “data dredging” by simply adding as 

many variables into the analysis as possible. Without setting a priori parameters, CART analysis 

will fit its prediction model as thoroughly and completely as possible, resulting in over fitting. 

While this can result in a model with more predictive power, it sacrifices interpretability. 

Resulting subgroups may not make much clinical or practical sense. It is recommended then that 

a priori hypotheses be made of variable importance and direction when using CART analyses 

(Marshall, 2001). Furthermore, CART analyses have been shown to display statistical biases to 

certain types of data (Hothorn, Hornik, & Zeileis, 2006). In particular, when analyzing datasets 

with a mix of categorical and continuous variables, continuous variables are often favored when 

determining decision points in the resulting trees. It is recommended that an alternative form of 

CART, known as conditional inference trees (CIT), is used when analyzing such data sets 

(Hothorn, Hornik, & Zeileis, 2006). CIT analysis is well suited to handle the mix of continuous 

and categorical data in the current study’s data set. 

CIT analysis forms the foundation for the current study’s analytic plan. Preliminary 

analysis is conducted using an extension of CIT analysis called conditional inference forests. 

These forests are used to generate variable importance values for large sets of predictors which 

will guide variable selection for the final model. Once the final variables are selected, they are 

then run through CIT analysis to develop the final tree model. In addition to the CIT analyses, 

traditional regression analyses are performed to compare results from the two different statistical 
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approaches and to explore the utility of using the machine learning techniques. All statistical 

analyses were conducted using R version 3.5.1 (R Core Team, 2013). 

Results 

Participant Demographics 

The sample for the current study consists of minimally verbal, preschool age children. 

Descriptives (see Table 1) show this is reflected in the sample with a mean age just under 40 

months. The average expressive language age equivalent for this sample is 17 months, showing 

significant language delays. Table 2 displays demographic data, and this sample represents a 

more diverse population with 65% of the subjects identifying as belonging to racially diverse 

groups. The high percentage of male participants (86%) is as expected, and in line with the 

gender differences in prevalence rates among individuals with ASD.  

As this sample consists of participants from five different studies, preliminary analysis 

was conducted to examine any significant differences between participants in the different 

studies. Kruskal-Wallis and Fisher’s Exact tests were run to look for group differences (see 

Table 2). The different studies differed in several variables: expressive language age equivalents 

at entry, χ2 (4, N = 99) = 11.27, p = .023, age, χ 2 (4, N = 99) = 64.85, p = .023, severity, χ 2 (4, N 

= 99) = 10.91, p = .027, joint attention gestures, χ 2 (4, N = 99) = 13.919, p = .007, requesting 

gestures, χ 2 (4, N = 99) = 21.88, p < .001, play diversity, χ 2 (4, N = 99) = 15.25, p = .004, fine 

motor age equivalency, χ 2 (4, N = 99) = 15.03, p = .004, and race/ethnicity, p = .007. To account 

for these differences in the analysis, a variable was created to represent the studies to control for 

these differences.   
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Identification of Responders 

Response status was determined by calculating change scores in expressive language age 

equivalents (ELAE) from the MSEL. The MSEL is administered prior to the start of intervention 

and again after completion. To determine slow and super responders, change scores in ELAE 

were calculated and then divided by the duration (in months) between administration of pre and 

post MSEL tests. Scores greater than one were categorized as super responders. In our sample 

47% (n = 47) of individuals were identified as super responders and 53% (n = 52) were identified 

as slow responders. Responder status was then used as a binary outcome in all subsequent 

analyses. 

Conditional Inference Forest for Variable Selection 

Table 1 displays descriptives for the outcome and predictor variables used in the 

following analyses. To identify variable importance and selection for the final model, conditional 

inference forests were generated with responder status as the outcome. Due to the random nature 

of forest building, three separate forests were generated, each containing 10,000 trees. The result 

of each forest provides variable importance scores of the predictors based on conditional 

permutation of the predictor variables as described by Strobl et al. (2008). Positive scores 

indicate predictors that increase model efficiency, negative scores indicate predictors that 

decrease model efficiency, and scores of zero indicate a neutral influence. Figure 1 shows the 

results for forest one. Overall, seven predictors are identified as increasing model efficiency, 

with three (requesting gestures, play diversity, and fine motor skills) showing particularly strong 

importance for the model. Figure 2 shows the results for forest two. Again, we find requesting 

gestures, play diversity, and fine motor skills to have the strongest influence on model efficiency. 

As expected, the third forest (shown in figure 3) identifies similar rankings for variable 
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importance. While forest models are adept at identifying variable importance, the exact 

significance and how they influence the model is less clear. To explore this further, a single tree 

model based on the identified predictors will help us better interpret the predictive model. Final 

variable selection is greatly dependent on the specific data, and without an established 

significance test for variable importance scores, predictors were chosen based strength of 

influence, parsimony, and clinic relevance. As such, the final predictors chosen for CIT analysis 

were requesting gestures, play diversity, and fine motor skills. 

Building the Conditional Inference Tree (CIT) 

Results from the CIT analysis are depicted in Figure 4. The CIT model was built using a 

.95 confidence level, meaning only predictors with a p value less than .05 would be selected for 

the model. Using requesting gestures, play diversity, and fine motor skills as predictors, the 

resulting tree included a single significant split with two terminal nodes. The single significant 

predictor of responder status was play diversity, with a splitting point of a play diversity score of 

23 (p = .004). The overall performance of the CIT model to accurately predict responder status is 

67%, with a specificity of 55% and sensitivity of 78%. 

Building the Logistic Regression Model 

 Stepwise logistic regression analysis was also used to explore the relationship between 

requesting gestures, play diversity, fine motor skills and responder status. Similar to the CIT, 

results of the stepwise logistic regression show play diversity as the only significant predictor of 

responder status, χ2 (1) = 10.686, p = .001. 

Comparison of CIT and Logistic Regression Models 

To compare the predictive power of the CIT model with the logistic regression model, 

receiver operating characteristic (ROC) curves were generated, and the area under the curve 
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(AUC) values were calculated for each model. ROC curves are presented in Figure 5. AUC is 

often used as quality indicator and method for comparison classification models (Bradley, 1997). 

AUC values for the CIT model (.68) and for the logistic regression model (.69) were compared 

using a DeLong test and found not to be significant (p = .82). There was no difference in 

predictive performance between the CIT and logistic regression models. 

Building a Second Conditional Inference Tree 

 To address the moderate predictive accuracy of the first CIT analysis, a second analysis 

was run. This time the confidence level was reduced to .90, so that predictors with p values lower 

than .10 would be included in the model. The CIT analysis was repeated with the same three 

predictors, resulting in a new tree. Results from the second CIT analysis are depicted in Figure 6. 

The primary split remained play diversity, with a score of 23 identifying the two groups. 

However, now fine motor age equivalents of 26 months further distinguished the low play 

diversity group. Overall accuracy of the new model saw a slight increase to 69%, with a 

sensitivity of .72 and a specificity of .67. 

Discussion 

Personalized Intervention 

Individuals with ASD often present with a wide range of abilities and challenges. While 

many intervention models and techniques have been developed, providing interventionists with 

more tools, there is likely no single technique that can appropriately address every individual’s 

needs. Therefore it is imperative that intervention researchers focus on ways to individualize 

treatment. As intervention techniques continue to evolve, parallel efforts must be made to 

identify the individuals for whom interventions will benefit the most. 
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One approach to identify for whom an intervention may work is to retrospectively 

examine individuals that have received intervention. Beyond looking at intervention effects, we 

can examine predictors of success in a given intervention. This is not a novel idea, and much 

work has already been dedicated to predicting optimal outcomes. This research has provided us 

with general ideas of predictors such as IQ, language ability, and age. However, seeing such 

variety in skills and difficulties among individuals with ASD, there is still much more we can do 

to help personalize intervention on a more individual level. 

The current study attempts to address this by looking at an established, evidence based 

intervention for children with ASD. Known as JASPER, this intervention has an extensive 

evidence base, showing consistent improvement in joint attention, play, and engagement for 

children with ASD. More interestingly, these findings have also led to gains in expressive 

language. Furthermore, the researchers behind JASPER have collected consistent and thorough 

pre-intervention data on all of their participants. This wealth of data, along with consistent 

outcomes, provides an excellent opportunity to explore potential predictors of responders to 

JASPER. 

As noted earlier, predicting intervention outcomes is not a new idea. However, with 

advancements in statistical techniques such as machine learning, there is an opportunity to 

provide more nuanced predictive models. In the current study, machine learning techniques are 

applied to examine potential predictors of response to JASPER. Specifically, decision tree based 

models are used. These techniques have the potential to provide clear subgroups of responders, 

with specific information that can aid in important intervention decisions.  
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Identifying Super Responders 

In order to predict response, it is important to first identify responders. This study’s first 

aim was to identify “super” responders among children that received JASPER. To meet this aim 

the study attempted to satisfy three conditions; identify an outcome that is clinically relevant, 

quantifiable, and utilizes a broadly accepted standardized measure. One important response 

measure for individuals with ASD is expressive language. Development of functional expressive 

language is an important predictor of future outcomes (Magiati, Tay, & Howlin, 2014). 

Clinically, functional communication is a primary intervention goal, with use of functional 

expressive language being the optimal outcome. JASPER has specifically shown to lead to 

expressive language gains in children with ASD (Kasari et al., 2012). Therefore, identifying 

super responders based on expressive language would be clinically significant, and an important 

factor in identifying for whom JASPER would work the best. 

Measuring expressive language ability can be complicated, and the use of a reliable and 

standardized measure is necessary. Additionally, among young children with ASD, expressive 

language development is extremely variable. Making gains at a young age, particularly before 

the age of five, can have important consequences for all phases of development. The MSEL is a 

standardized cognitive measure, widely used in ASD research, shown to be sensitive to 

developmental delays (Burns, King, & Spencer,2013), and particularly useful in the assessment 

of children with ASD (Bishop, Guthrie, Coffing, & Lord, 2011). With regards to expressive 

language development, the MSEL provides T scores, percentile ranks, and age equivalents (in 

months). Due to the expressive language and behavioral challenges seen in young children with 

ASD, MSEL age equivalents may be a better indicator of language ability for these children and 

a potential source for measuring intervention effects (Akshoomoff, 2006). 
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By calculating change scores in expressive language age equivalents and comparing them 

to the duration between assessments, each participant was given a responder score. A responder 

score less than one indicated that their expressive language development between 

administrations of the assessments was lower than what we would expect due to maturation. Any 

responder scores greater than one would indicate expressive language gains above and beyond 

what would be expected through maturation. As expected, this measure of response status did 

identify two subgroups in our sample with about 47% being identified as super responders. 

Looking at the average age of our sample at just over 3 years at entry (M = 39.7 months, SD = 

9.9) with an average expressive language age equivalent at entry of just over 17 months (SD = 

8.9), our sample was significantly language delayed. With this delay, they appear to have been 

on a depressed developmental trajectory. Identifying close to half of the current sample as 

meeting the criteria for super response is encouraging. Almost half of the children that received 

JASPER had experienced accelerated growth in expressive language as measured by the MSEL.  

However, with the current analysis, it is unclear exactly what the nature of expressive 

language growth is in this sample. Even for the children categorized as slow responders, nearly 

all of them made some expressive language gains, as measured by the MSEL. Considering their 

likely depressed developmental trajectory, any improvement may be clinically significant. While 

the current study emphasized identifying super responders, future work should focus on overall 

response, and identify what meaningful changes may occur as a result of intervention. 

Predicting Response Status in JASPER 

Utilizing the subgroups of responders identified, the current study applied CIT modeling 

in two ways to develop a predictive model. First, conditional random forests were used to 

identify the most important predictors associated with responder status. While seven predictors 
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overall were identified as positively affecting prediction power, three were chosen for the final 

model. Currently, there is no established standard to measure significance of variable 

importance, so variable selection involves assessment of the data, goals of analysis, and 

parsimony. For the current project, three predictors stood out as influential, and clinically 

relevant to predicting response to JASPER. The top three variables chosen were play diversity, 

requesting gestures, and fine motor skills. In the context of JASPER, a play based naturalistic 

intervention, these three predictors have particular clinical relevance. Play diversity and fine 

motor skills may indicate the motivation and ability to play with a varied set of toys, which 

would be beneficial in a play based intervention such as JASPER. The use of requesting gestures 

as a predictor was somewhat unexpected. However, considering these children were identified as 

being minimally verbal, gesture use would be important. Increased gesture use for any 

communicative intent could indicate a child is comfortable communicating with others, albeit 

without expressive language. Because of the random nature of forest building and the fact that 

each predictive model is built from a whole series of trees, interpretation of the significance and 

effects of predictors is less clear. Running the predictors through a single tree can then shed light 

on the relationships of the predictors and responder status. 

In the first CIT analysis, the split criterion was set at a confidence level of .95, so that 

only predictors with a p value below .05 would be included in the tree. The result was a tree with 

a single splitting point and two terminal nodes (figure 4). The significant predictor was play 

diversity, with a splitting point at a score of 23. This model indicates that children that started the 

intervention with a play diversity score higher than 23 were predicted to be super responders at 

exit. However a closer look at the predictive power shows a more nuanced picture. The overall 

accuracy of the model was 67%. So while play diversity is a significant predictor of responder 
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status, it is only marginally accurate. However, this level of accuracy is similar to other ASD 

studies using machine learning paradigms. One group looking at EEG data to predict early risk 

reports predictive accuracy of 64% (Stahl et al., 2012), and another group reported a 71.7% 

accuracy for a model predicting ASD diagnosis from genetic markers (Skafidas et al., 2012). A 

further examination of the current study’s model characteristics shows us what the model is 

particularly effective for. Looking at the model’s sensitivity (.55) and specificity (.78) we see 

that the model is actually a very poor predictor of super responders. Conversely, it does a much 

better job of correctly identifying slow responders. So, it may be more accurate to say that 

children with a play diversity score below 23 are less likely to be super responders in JASPER. 

To compare the CIT analysis with a more traditional method, the predictors were re-run 

in a step-wise regression analysis. The resulting model again found play diversity as the only 

significant predictor, χ2 (1) = 10.68, p = .001, 95% CI [1.02, 1.11]. These findings confirm the 

results from the CIT analysis, and that both techniques confirm the significance of play diversity. 

To compare the respective predictive power of the two models, ROC curves were generated and 

AUC scores were calculated. AUC scores are a measure of quality for predictive models by 

providing a probability score that given a set of two options, the model will correctly identify the 

two; in our case super vs. slow responders. Analysis of AUC scores showed no significance 

between the two models. In contrast with the current study’s hypothesis, both models perform 

equally well when predicting responder status. It is still interesting that play diversity continues 

to be a significant predictor of responder status across all of the analyses. However, the 

respective scores of .68 for the CIT model and .69 of the logistic regression both indicate only 

marginal predictive accuracy.  
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One way to improve model performance is to sacrifice inferential power for predictive 

power. To that end, a second CIT analysis was run, relaxing the confidence level to .90. Any 

predictors with a p value under .10 were now to be included in the model. In this scenario, 

reducing the confidence level sacrifices some inferential power for predictors, but we are able to 

potentially gain clinically relevant information. With the new split criteria, the CIT analysis 

provides a tree with two splits and three terminal nodes (see Figure 6). The primary split is still 

play diversity with a score of 23, but now the low play diversity group is further divided by a 

fine motor age equivalent of 26 months. However, the increase in predictive accuracy is only 

marginally improved, approaching 70%. There is also an increase in sensitivity, now up to 72%. 

Still, the clinical information this provides paints a slightly clearer picture of slow responders. 

Children that come in with low play diversity and low fine motor skills may not do so well with 

JASPER. This further reinforces the strength of this model to rule out super response. 

Play Diversity 

 It was hypothesized that joint attention gestures and play mastery would be predictive of 

expressive language gains, and play diversity was unexpected. However, in the context of a play 

based intervention such as JASPER, play diversity may very well be important. For the current 

project, play diversity is defined as the total amount of play types a child engages in during the 

structured play assessment. A higher score in play diversity indicates a child that engaged in 

more play types across a variety of the toys during the assessment. This may be pointing at a 

child that can play flexibly with different toys, and is motivated to play with toys. Both traits 

would be beneficial in JASPER. It can be noted that although play mastery was not a significant 

predictor, it is closely related to play diversity. Children that can play at a higher level are able to 

play with more of the toys in more diverse ways. Children at lower play levels are somewhat 
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limited in what they can do with the toys. What may be happening here is that a higher play level 

is not predictive, but reaching a certain play level will allow for more diverse play. At the 

preschool ages, we can expect children to be playing comfortably at a combination level and 

increasingly at a pre-symbolic play level. At these levels, children can essentially play with any 

toy in any number of ways. Even higher level toys such as dolls or figures can be treated as 

combination objects rather than pretend objects. Looking at our sample, over 80% of our 

participants had mastered combination (27%) or pre-symbolic play (54%). Considering the 

model’s most accurate predictions are to rule out super responders, children with low play 

diversity (and low fine motor skills in the second model) may indicate children that don’t yet 

have the skills, motivation, or flexibility to excel in a play based intervention such as JASPER. 

 The play diversity score may also be representing other skills or challenges affecting a 

child’s ability to do well in JASPER. As noted before, a high score in play diversity requires the 

child to be flexible when playing with toys. Considering many children with ASD exhibit 

extreme repetitive and restricted behaviors, this may be the reason why low play diversity 

children in this sample were less likely to be categorized as super responders. It may be that 

extremely repetitive play negatively affects SPA performance and can be difficult to work 

through in JASPER sessions. Low play diversity may also be an indicator of child’s ability to 

self-regulate. The structured play assessment (SPA), from which the play diversity score is 

derived, requires a child to sit at a table and play with different sets of toys, usually with an 

unknown assessor. Children that have difficulty regulating themselves to the point where they 

are unable to sit through the assessment may also have difficulty getting through a JASPER 

session. Another potential impact on play diversity may be socio-economic status. Socio-

economic status has been shown to influence availability of a physical play space and play 
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materials (Freitas, Gabbard, Cacola, Montebelo, & Santos, 2013). Without access to these in the 

home environment, some children may have little opportunity to develop the type of play 

diversity needed to score well in the SPA. 

Machine Learning in ASD Intervention Research 

 The current study also explores the utility of machine learning paradigms in ASD 

intervention research. Methods like CART analysis are becoming increasingly popular for their 

flexibility, relative ease of use, and ease of interpretation. However, they can be deceptively 

easy. Inherent biases in the variable selection and model fitting process plague CART analysis 

(Strobl, Boulesteix, Zeileis, & Hothorn, 2007), and researchers must look closely at their data to 

determine the appropriateness of any statistical analysis. In the current study, traditional CART 

analysis would be ill advised due to the complexity of the data. While traditional CART analysis 

is non-parametric, it tends to favor variables with multiple splitting points. Therefore there is an 

inherent bias towards continuous variable or categorical variables with multiple levels. The 

current study analyzes various predictors that include continuous variables, binary categorical 

variables, and multi-level categorical variables. Using traditional CART analysis with the current 

data set would raise many questions about the validity of the results. Fortunately, advancements 

in CART analyses detailed by Hothorn et al. (2006) and Strobl et al. (2008) have established the 

CIT framework to address these issues of bias. Utilizing this new framework provides 

confidence that the findings reported here are valid representations of the data. As statistical 

analyses continue to improve and grown in strength, it will benefit ASD intervention researchers 

to take advantage of these advancements. However, with this great power comes an even greater 

responsibility for researchers to ensure that their implementation is appropriate and thorough. 
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Limitations 

 There are several limitations to this current study. The CIT analysis used for this study is 

traditionally tested on a second test sample. To achieve this, researchers will often split their 

sample into a training set and a test set. However, this study wanted to take advantage of the 

entire sample to maximize the power to identify significant predictors. Furthermore, the sample 

was collected from participants across five different studies. There were several systematic 

differences across the studies, and although they were accounted for by creating a “study” 

variable, there may be underlying differences influencing the analysis. In all three of the forest 

models, the study predictor was identified as a predictor that contributed to model efficiency. 

However, it was not ranked as highly as the three main predictors, and subsequent CIT analysis 

shows that it would likely not be significant. Another limitation was the inability to examine 

effects of dose and intensity. Because dose and intensity varied systematically by study, it would 

be difficult to tease apart any effect due to other potential systematic differences. Future studies 

should consider ways to effectively examine the effects of dose and intensity. 

Conclusions 

 This study highlights the importance and challenges of understanding for whom an 

intervention works best. For JASPER, it is encouraging to see that there are identifiable super 

responders, even across several years of research studies. Although the prediction model 

developed here was more effective in ruling out super responders, the better we understand our 

interventions and for whom they work or don’t work, the better of the children receiving 

intervention will be.  

Intervention researchers should continue to look ahead to better predict for whom an 

intervention will benefit. As statistical methods and data collection techniques continue to 
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improve, there will be new opportunities and new methods to take advantage of. The current 

study was reliant on quantifiable, standardized measures that could be utilized and compared 

across studies. However, this a major challenge in the field of ASD research (Zwaigenbaum et 

al., 2015). 

Future studies can continue to take advantage of novel approaches, and design studies to 

identify responder status much sooner, and systematically. Studies that employ prospective 

approaches like sequential multiple assignment randomized trials (SMART) can explore the idea 

of augmenting treatments in real time. Combined with retrospective work, like the current 

project, novel prospective designs can be very effective ways for researchers to study 

personalization and achieve truly individualized treatment. 
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Appendix 

Table 2 Descriptives 

Outcome Variable 

Expressive Language M (SD) 17.77 (8.92) months 

   

Predictor Variables 

Age M (SD) 39.79 (9.9) months 

Fine Motor Age Equivalent M (SD)  25.83 (7.56) 

Visual Reception Equivalent M (SD) 25.6 (8.46) 

   

Joint Attention gestures M (SD) 4.79 (6.3) frequency 

Requesting gestures M (SD) 12.65 (9.61) 

Play Diversity M(SD) 20.81 (11.34) 

   

Male 86 (86%) n (%) 

   

Play Mastery 
  

     Simple 7 (7%) n (%) 

     Combination 27 (27%) 

     Pre-symbolic 54 (54%) 

     Symbolic 11 (11%) 

   

Race     

     African American 4 (4%) n (%) 

     White 35 (35%) 

     Latino 14 (14%) 

     Asian 22 (22%) 

     Other 24 (24%) 
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Table 3 Sample Characteristics 

Variable M (SD) Totala Study 1b Study 2c Study 3d Study 4e Study 5f p 

Male  n (%) 86 (86%) 11 (84%) 27 (87%) 13 (87%) 4 (80%) 31 (89%) .94 

Age 39.79 (9.9) 45.1 (5.39) 47.73 (7.37) 30.29 (3.37) 52.6 (12.01) 38.62 (10) <.001*** 

ELAE 17.77 (8.92) 17.45 (6.67) 23.47 (9.3) 17.17 (9.49) 8.8 (6.3) 17 (9.66) .02* 

        

Race  n (%)       .006** 

     African American 4 (4%) 2 (6%) 0 (0%) 0 (0%) 0 (0%) 2 (15%)  

     White 35 (35%) 8 (25%) 3 (20%) 21 (60%) 1 (20%) 2 (15%)  

     Latino 14 (14%) 2 (6%) 2 (13%) 3 (8%) 2 (40%) 5 (38%)  

     Asian 22 (22%) 9 (29%) 6 (40%) 4 (11%) 1 (20%) 2 (15%)  

     Other 24 (24%) 

 

10 (32%) 4 (26%) 7 (20%) 1 (20%) 2 (15%)  

Severity 6.82 (1.93) 6.86 (1.96) 7.2 (1.21) 7 (2.07) 8.6 (1.67) 5.54 (1.66) .02* 

Joint Attention Gestures 4.79 (6.3) 4.16 (5.27) 8.93 (8.98) 3.54 (5.12) 0.4 (0.89) 6.54 (6.89) <.01** 

Requesting Gestures 12.65 (9.61) 16.87 (10.04) 16.47 (9.52) 8.31 (7.76) 5.3 (1.92) 12.69 (9.07) <.001*** 

        

Play Mastery n (%)       .42 

     Simple 7 (7%) 1 (3%) 1 (7%) 4 (11%) 1 (20%) 0 (0%)  

     Combo 27 (27%) 7 (23%) 4 (27%) 11 (31%) 3 (60%) 2 (15%)  

     Pre-Symbolic 54 (54%) 19 (61%) 8 (53%) 17 (49%) 1 (20%) 9 (69%)  

     Symbolic 11 (11%) 4 (13%) 2 (13%) 3 (9%) 0 (0%) 2 (15%)  

        

Play Diversity 20.81 (11.34) 24 (11.52) 21.2 (11.34) 16.74 (9.93) 11.8 (10.47) 27.15 (10) .004** 

VRAE 25.6 (8.46) 27.45 (8.68) 27.4 (9.4) 23.51 (7.77) 23 (3.54) 25.69 (9.47) .48 

FMAE 25.83 (7.56) 28.77 (8.08) 29.07 (9.05) 22.31 (4.96) 22.8 (2.59) 25.69 (7.79) .004** 
Note. ELAE = Expressive Language Age Equivalents; VRAE = Visual Reception Age Equivalents; FMAE = Fine Motor Age Equivalents 
aN = 99. bn = 31. cn = 15. dn = 35. en = 5. fn = 13.  
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Figure 1 Conditional Inference Forest Variable Importance Plot #1 
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Figure 2 Conditional Inference Forest Variable Importance Plot #2 
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Figure 3 Conditional Inference Forest Variable Importance Plot #3 
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Figure 4 Correlation matrix for predictors in final model 
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Figure 5 Conditional Inference Tree of Play Diversity Predicting Super vs. Slow Responders, 

confidence level of .95.  
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Table 4 Stepwise Logistic Regression Results 

  95% CI for Odds Ratio 
 

B (SE) Lower Odds Ratio Upper 

Included 
    

Intercept -1.41 (0.48) 
   

Play Diversity 0.06 (0.02) 1.02 1.06 1.11 

R2 = .08 (Hosmer & Lemeshow), .10 (Cox & Snell), .13 (Nagelkerke), Model χ2(1) = 10.686, p = .001** 
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Figure 6 ROC Curves Comparing Predictive Performance Between the Conditional Inference 

Tree Model and the Logistic Regression Model. 
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Figure 7 Conditional Inference Tree of Play Diversity and Fine Motor Predicting 

Super vs. Slow Responders, confidence level of .90. 
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