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A B S T R A C T

Background: Autism spectrum disorder (ASD) is a developmental disorder that causes lifelong
disability. Applied Behavior Analysis (ABA) is one of the most empirically studied and validated
approaches for treating children diagnosed with ASD. Due to the heterogeneity of ASD, it is
important to ascertain who will most benefit from treatment.
Methods: In this study, 35 participants, with a mean entry age of 3 years, received ABA therapy.
Children were assessed at intake and every 6 months thereafter using the Developmental Profile-
3 (DP-3) to measure their communication, social-emotional, adaptive behavior, and physical
development (2–6 measures per participant). Using a growth curve analysis, we investigated if
age, diagnosis severity, cognitive functioning, treatment hours, gender, parent education level, or
primary language spoken at home significantly predicted the growth trajectories of ABA treat-
ment outcomes.
Results: Our findings indicated that higher cognitive functioning significantly predicted faster
growth across all four developmental domains, age at entry predicted initial status, and other
variables only predicted growth rates in one or two domains.
Implications: Knowing the predictors of treatment outcome is important information for custo-
mizing treatment and this study demonstrated how longitudinal analyses can illuminate how
participant characteristics affect the course of ABA therapy.

What this paper adds

This research article contributes in two important ways. First, few studies have been conducted using longitudinal growth curve
analyses to investigated how client characteristics predict the course of ABA treatment. Our study demonstrates the usefulness of this
analysis technique to illuminate how client characteristics can predict the course of therapy. Second, this article provides important
information for clinicians. Our results indicated that cognitive functioning significantly predicted growth rates over the course of ABA
therapy. This is in line with previous research that has shown that higher cognitive functioning predicts larger treatment gains. Also,
we have found that other predictors, such as diagnosis severity, primary language, and gender, predicted growth rates in specific
developmental domains over the course of ABA therapy. This is important information for clinicians working with children with ASD.
With such information, they can customize treatment based on patient's individual characteristics.
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Introduction

Autism spectrum disorder (ASD) has many different manifestations. These manifestations include varying degrees of functioning
across a number of domains, such as cognition, speech, and social interaction. For example, some children can speak clearly, while
others may not be able to speak at all. These many manifestations complicate both diagnosis and treatment for those with ASD.
Children, based on their diagnosis and other features, often progress through treatment at differing rates.

In this article we first discuss the evidence for the effectiveness of Applied Behavior Analysis (ABA) therapy for children with ASD.
Next, we discuss the research on how client characteristics predict ABA therapy outcomes. Then, we investigate which client
characteristics predict improvement over the course of treatment because few studies have investigated how client characteristics
may affect the course of treatment. We used longitudinal growth curve analysis to investigate this because this method offers insight
into treatment over time using slope and intercept modeling. These analyses were done using existing patient data from an ABA
therapy clinic.

1.1. ABA therapy effectiveness

Many studies have investigated the effectiveness of various treatment types for ASD. The majority of these studies have examined
the effectiveness of ABA and therapies based on ABA, such as Early Intensive Behavioral Intervention (EIBI; Eikeseth, Jahr, & Eldevik,
2002; Eikeseth, Smith, Jahr, & Eldevik, 2007; Eldevik et al., 2009; Estes et al., 2015; Fenske, Zalenski, Krantz, &McClannahan, 1985;
Lovaas, 1987; Peters-Scheffer, Didden, Korzilius, & Sturmey, 2011; Reichow, 2011; Reichow et al., 2014; Scheinkopf & Siegel, 1998;
Warren et al., 2011). ABA therapies typically focus on many areas of development, including cognition, communication, physical
motor skills, adaptive skills, and social skills. These skills are taught through simple tasks in which children are given the least
amount of support necessary to be successful, while using a system of rewards to encourage correct behaviors. Such methods are
firmly rooted in behavioral and cognitive behavioral theories and are administered by trained staff in one-on-one sessions with
participants.

Researchers have aggregated studies on ABA and EIBI treatments for children with ASD in meta-analyses and literature reviews,
which have shown evidence of the treatment’s effectiveness (Eldevik et al., 2009; Peters-Scheffer et al., 2011; Reichow, 2011;
Reichow et al., 2014). In Reichow’s (2011) overview, four out of the five meta-analyses examined concluded that ABA was an
effective treatment for ASD. The weighted mean effect sizes for improvements in IQ and adaptive skills across the examined meta-
analyses ranged from g = .30 to g = 1.19. The fifth meta-analysis (Spreckley & Boyd, 2009) did not conclude the ABA was an
effective treatment, however Reichow (2011) indicated this was because of a misinterpretation of one of the studies included in that
analysis (Sallows & Graupner, 2005), which invalidated the researchers’ effect size calculations.

Reichow, Barton, Boyd, & Hume (2014) also conducted a meta-analysis of ABA therapy effectiveness. This analysis focused on
controlled clinical trials and randomized clinical trials of ABA therapy for adaptive behavior, IQ, communication skills, socialization,
and daily living skills. Reichow et al. found five studies that met criteria and contained a treatment as usual control group. Their
findings indicated an average effect size of g = 0.69 for adaptive behavior, g = 0.76 for IQ, g = 0.76 for communication skills,
g = 0.42 for socialization, and g = 0.55 for daily living skills. The authors concluded that there is evidence for ABA therapy as an
effective treatment for children with ASD.

In his seminal study on ABA-based therapies, Lovaas (1987) found that 47% of the children with ASD who received long-term
ABA therapy achieved levels of normal intellectual and educational functioning as compared to only 2% of those children with ASD in
a control group. More recent studies have also found similar improvement rates for children in ABA-based therapies as compared to
those in control groups (Edelvik et al., 2009; Peters-Scheffer et al., 2011). However, none of these studies investigated how those
participants who benefitted from treatment differed from those who did not benefit.

1.2. ABA therapy and client characteristics

Recent studies have examined which variables, such as children’s pretreatment levels of cognitive or social functioning, age at
entry to therapy, gender, diagnosis severity, and socioeconomic status, may affect the course of treatment. The majority of these
studies have found that higher cognitive functioning (Anderson et al., 2007; Ben-Itzchak & Zachor, 2007; Gabriels et al., 2001;
Harris & Handleman, 2000, Trembath & Vivanti, 2014) and entering therapy at a younger age are associated with better prognosis
(Granpeesheh, Dixon, Tarbox, Kaplan, &Wilke, 2009; Harris & Handleman, 2000; Stahmer et al., 2011). Some studies have also
shown that treatment hours (Granpeesheh et al., 2009), diagnosis severity (Ben-Itzchak & Zachor, 2007) and language skills
(Szatmari, Bryson, Boyle, Streiner, & Duku, 2003) can predict treatment outcomes.

1.2.1. Cognitive functioning
Many studies have shown a positive relationship between higher cognitive functioning and larger ABA treatment gains (Anderson

et al., 2007; Ben-Itzchak & Zachor, 2007; Gabriels, Hill, Pierce, Rogers, &Wehner, 2001; Harris & Handleman, 2000; Magiati, Moss,
Charman, & Howlin, 2011; Trembath & Vivanti, 2014). In one such study, Harris & Handleman (2000) investigated the predictive
power of pretreatment cognitive functioning, among other variables, on treatment outcomes four and six years after treatment. Their
results showed having a higher IQ at intake (mean = 78) was predictive of being in a regular education class after discharge, whereas
having a lower IQ (mean = 46) was closely related to placement in a special education classroom. Later studies have found similar
results, such as Ben-Itzchak & Zachor (2007) whom found children with higher IQs showed better acquisition of receptive language,

M. Tiura et al. Research in Developmental Disabilities 70 (2017) 185–197

186



expressive language, and play skills.

1.2.2. Age at entry
Studies have found that children who enter ABA therapy at a younger age, tend to improve more than children who begin later in

life (e.g., Harris & Handleman, 2000; Granpeesheh et al., 2009; Stahmer, Schreibman, & Cunningham, 2011). Harris & Handleman
(2000), in addition to investigating IQ, found that starting ABA therapy at a younger age was associated with being in a regular
education classroom four and six years later. Similarly, Granpeesheh et al. (2009) found that entering therapy at a younger age was a
significant predictor of increased skill acquisition over the course of ABA therapy in a sample of 245 children.

1.2.3. Treatment hours
Other predictors of treatment outcomes have been investigated less often in the literature. Treatment hours per week

(Granpeesheh et al., 2009), diagnosis severity (Ben-Itzchak & Zachor, 2007) and language skills (Szatmari et al., 2003) have been
found to predict treatment outcomes. Along with investigating age, Granpeesheh et al. (2009) investigated the impact of treatment
hours per week. They found an association between receiving more intensive treatment (more hours per week) and increased skill
acquisition over the course of ABA therapy. Also, they noted that those children who began therapy at a younger age benefitted more
from increased treatment hours than their older counterparts.

1.2.4. Diagnosis severity
Children with ASD can present with varying levels of severity and skills. For this reason, researchers have investigated how the

severity of a child’s ASD diagnosis can affect the course of treatment (Ben-Itzchak & Zachor, 2007; Trembath & Vivanti,2014). For
example, Ben-Itzchak & Zachor (2007) investigated the predictive power of diagnosis severity along with IQ in their study of ABA
therapy with 25 children with ASD. They found that diagnosis severity, like IQ, significantly predicted the course of treatment, where
those children with more severe diagnoses acquired fewer language and play skills.

1.2.5. Language skills
ABA therapy usually includes teaching language skills. This has led some researchers to hypothesize that children with more

language skills could progress faster in therapy (Lovaas, 1987; Stahmer, Schreibman, & Cunningham, 2011; Trembath & Vivanti,
2014). A few researchers have investigated the predictive power of language skills for ABA therapy outcomes (Magiati et al., 2011;
Szatmari et al., 2003). In their investigation, Szatmari et al. (2003) measured the language abilities of children with ASD and
Asperger’s Syndrome. Then, they took measures of adaptive behavior and autistic symptoms at 2 and 4 year follow-up sessions. Their
results indicated that having higher language skills at intake was related to more adaptive behaviors and fewer autistic symptoms at
both follow-ups.

1.2.6. Critique of the literature
In a recent review of the literature on predictors of treatment outcomes for children with ASD, Trembath & Vivanti (2014) argued

for a new approach in investigating treatment outcomes. The researchers suggested that behavioral features of individual children
with ASD should be investigated in relation to treatment response. To make this claim they focused heavily on Vivanti et al.’s (2012)
investigation of predictors of treatment outcomes for children with ASD treated using the Early Start Denver Model. Vivanti et al.’s
findings indicated that behavioral tendencies not used in diagnosis, such as children’s functional object use and their ability to infer
goal directed behavior, predicted which children benefited most from treatment. Based on Vivanti et al.’s findings and previous
literature Trembath & Vivanti (2014) proposed that researchers should investigate individual characteristics of children with ASD
that are not related to diagnosis to discover which children will benefit the most from each treatment type.

1.3. Present study

To date, few studies have employed multilevel longitudinal analysis to examine the degree to which such variables affect the rate
of improvement throughout the course of ABA therapy. Virues-Ortega and Rodriguez (2013) demonstrated that a longitudinal
analysis using multilevel modeling, also known as a growth curve analysis, could improve the ability to predict patients’ growth
trajectories and thus help guide clinicians in prognosis and longer term treatment planning. Unfortunately, few researchers have used
this method of analysis to investigate the relationship between client variables and treatment outcomes (e.g., Anderson et al., 2007;
Magiati et al., 2011; Szatmari et al., 2003). These studies highlighted the importance of using longitudinal analyses to inform
treatment planning, but more evidence is needed in the current literature.

This present study utilized a growth curve analysis to investigate the effects of several predictor variables on the longitudinal
changes of children with ASD’s developmental outcomes over the course of ABA therapy. Of particular interest was whether or not
the entry age of participants, diagnosis severity, cognitive functioning, weekly treatment hours, gender, parent education level, or
primary language spoken at home significantly predicted growth trajectories of ABA treatment outcomes in different developmental
domains.

Among those predictors, participants’ age, cognitive functioning, treatment hours, and ASD diagnosis have been found to affect
treatment outcomes in previous studies (Ben-Itzchak & Zachor, 2007; Gabriels et al., 2001; Granpeesheh et al., 2009;
Harris & Handleman, 2000; Szatmari et al., 2003; Trembath & Vivanti, 2014). It was our hypothesis that these variables would predict
the growth trajectories of children with ASD in this study as well. Furthermore, we chose to also investigate gender, parent education
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level, and primary language spoken at home, which could influence the course of therapy. We hypothesized these variables would
also significantly predict growth trajectories because they have been found to be associated with health outcomes in other studies
(Magiati et al., 2011; Oritz et al., 2012; Stahmer, Schreibman, & Cunningham, 2011; Szatmari et al., 2003). Another reason we
included gender was because eight of our 35 participants were female and we wanted to control for any gender differences that might
arise in our parent reported outcome measures.

2. Materials and Method

2.1. Participants

Participants were past clients of an ASD treatment clinic in California whose treatment had begun and terminated between 2010
and 2015. Participants had a verified diagnosis of Autism Spectrum Disorder (ASD) based on the criteria of the Diagnostic Statistical
Manual Fifth Edition (DSM-5) from a licensed professional prior to intake. Selected participants were those who had complete records
of their treatment course using standardized measures, complete demographic data, and had parental consent prior to treatment to
anonymously use data for research purposes. There was no incentive for participating and this study was approved by the ethics
committee at the clinic site.

From an initial group of 46 participants, a subset of 35 participants was selected to examine longitudinal growth trajectories of the
ABA treatment outcomes. Our final sample was comprised of 35 participants who had repeated measures of functioning over the
course of treatment. Our longitudinal data collected from clinical trials were unbalanced, because the number of observations and the
timing of the observations varied over participants: a minimum of two observations for all participants and 137 observations in total.

Our unbalanced longitudinal data were adequate to conduct a growth curve analysis using multilevel modeling. A major ad-
vantage of using multilevel models for change is that it is easily fit to unbalanced data using maximum likelihood estimation with
handling missing data2 (Rabe-Hesketh & Skrondal, 2012; Singer &Willett,2003). More than 30 of second-level sample size is ac-
ceptable for a multilevel analysis (Kreft & De Leeuw, 1998; McNeish & Stapleton,2016), and sufficient to estimate the regression
coefficients and their standard errors (Maas &Hox, 2005; McNeish & Stapleton, 2016). Also, our sample size was large enough to
identify a moderate to large effect size, because in a similar study Virues-Ortega, Rodríguez, & Yu (2013) indicated a sample size of 15
was required to detect large effects and 24 participants were included in their longitudinal analysis.

2.2. Procedures

Participants received early intervention therapy using ABA techniques based on the methods used by Lovaas (1987). All parti-
cipants received one-on-one therapy in their homes with a parent or caregiver present. Trained staff implemented therapy and were
supervised weekly by licensed clinicians. The intervention focused on many areas of development including speech, language, and
communication; play skills; and fine/gross motor, adaptive, and social skills. Generalization of acquired skills into natural en-
vironments, such as with neuro-typical peer play dates, also occurred. Additionally, parents were trained in behavioral methods and
were expected to generalize skills during non-therapy hours. The number of treatment hours recommended depended on many
factors such as the age of the participant, responsiveness to therapy, family participation, availability of group-based treatment, and
funding.

Intervention was individualized based on each child’s strengths and intervention goals. Most of the intervention was focused on
skill development, such as talking, motor skills, and self-care skills. Much like other ABA interventions, this treatment utilized error-
less learning. Error-less learning involves having children complete increasingly complex tasks with the support of a clinician so they
always succeed. This support is gradually faded until the child can complete the task on his own. The clinicians who delivered the
intervention came together with the clinical supervisor once a month for supervision and to learn new techniques.

Upon intake, the Developmental Profile 3 (DP-3) was administered to set developmentally appropriate treatment goals and
number of treatment hours per week. Thereafter, the DP-3 was re-administered approximately every 6 months. In order to ensure the
accuracy of responses, parents completed the DP-3 with the help of a trained clinician upon intake and at each 6-month re-ad-
ministration. The properties and developmental domains of the DP-3 are discussed in the next section.

2.3. Measures

2.3.1. The developmental profile 3
In this longitudinal study, the DP-3 was used to measure participants’ functioning throughout treatment. The DP-3 assesses

developmental functioning in five developmental domains for children aged birth through 12 years. These five domains include
cognitive functioning, communication, social-emotional development, adaptive behavior, and physical development assessed using a
standardized 180-item checklist completed by parents with the help of trained clinicians.

Extensive research has been done on the validity and reliability of the DP-3 (Alpern, 2009). Developers of the DP-3 tested 2,614
typically developing children representative of the population of the United States in order to determine internal consistency,

2 Although the multilevel models can readily incorporate all participants who have been observed at least once for unbalanced data (Raudenbush & Bryk, 2002), we
used 35 participants who had two observations at least to make more robust inference.
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standard error of measurement, and reliability. Content and construct validity was evaluated through a comparison of four highly
utilized tools such as the Vineland Adaptive Behavior Scales II and the Autism Diagnostic Interview (Alpern, 2009). Additionally,
other studies exploring predictor variables of treatment outcome have used parent report tools that are similar to the DP-3 (Ben-
Itzchak & Zachor, 2007; Granpeesheh et al., 2009; Trembath & Vivanti, 2014; Vivanti et al., 2012).

2.3.2. Outcome and predictor variables
We used four outcome variables and eight predictor variables. Repeated measures in four of the five developmental domains of

the DP-3 were used as ABA treatment outcomes: communication (Commu), social-emotional (SocEmo), adaptive behavior (Adaptive),
and physical (Physical) domains. All repeatedly measured outcomes were age-equivalent scores expressed in years, which are widely
used and have been found to be valid and reliable indicators of progress (Alpern, 2009). The fifth developmental domain, cognitive
functioning level (CognitiveLv), was used as a predictor variable and measured as the percentile rank for cognitive skills at the first
observation in the cognitive domain of the DP-3. We settled on using age equivalent scores for our outcome variables so that the
reader can easily interpret how much improvement has taken place in terms of average development in years. Also, when we
analyzed our data with all the DP-3 as age equivalent scores, all percentile ranks, and a mix (cognitive level as percentile rank and
outcome variables in age equivalent), our results were similar in terms of which variables significantly predicted growth. Thus, we
settled on using both representations of the variables to increase the comparability of cognitive functioning scores with other
measures of cognition (such as IQ) and outcome variables with average child development. Table 1 contains the summary statistics of
the outcome variables by the number of observed measures.

Tables 2 and 3 contain the summary statistics for all the predictor variables used in this study. First, Cognitive functioning level
(CognitiveLv) was the percentile rank for cognitive skills at the first observation in the cognitive domain of the DP-3, and thus a time-
invariant continuous variable. On the DP-3, cognitive functioning is measured using parent report data on a child’s pre-academic
skills related to reading, writing, and mathematics, as well as novel problem solving and cognitive flexibility. The percentile rank was
used as a predictor variable rather than the age-equivalent score, because percentile rank provided a fine grained measurement of
cognitive functioning that can be compared directly with other measures of cognitive functioning, such as IQ.

Intervention duration time in years (InterventTime) was calculated by the time difference between age of entry and age of DP-3
measurement. This time-varying variable was embedded as a continuous time variable, unequal numbers and spacing of time points,

Table 1
Summary Statistics of Outcome Variables by the Number of Observed Measures.

Variable Mean Standard Deviation Min Max N of Obs.

1st Observed Measure
Commu 1.99 1.57 0.00 5.50 35
SocEmo 1.75 1.34 0.00 6.75 35
Adaptive 2.07 1.29 0.67 5.75 35
Physical 2.29 1.07 0.83 4.83 35

2nd Observed Measure
Commu 2.77 1.60 0.25 6.42 35
SocEmo 2.24 1.42 0.25 5.75 35
Adaptive 2.55 1.32 0.83 6.17 35
Physical 2.81 1.15 1.5 6.00 35

3rd Observed Measure
Commu 3.57 1.94 0.25 7.75 27
SocEmo 3.09 1.72 0.67 6.92 27
Adaptive 3.14 1.31 1.00 6.17 27
Physical 3.40 1.26 1.83 5.58 27

4th Observed Measure
Commu 4.22 2.00 0.50 7.75 18
SocEmo 3.69 1.67 1.00 6.33 18
Adaptive 3.83 1.49 1.33 6.67 18
Physical 4.07 1.35 1.83 6.67 18

5th Observed Measure
Commu 4.72 1.96 1.00 7.75 12
SocEmo 4.72 2.19 1.67 8.67 12
Adaptive 4.56 1.70 1.83 7.17 12
Physical 4.57 1.31 2.33 6.67 12

6th Observed Measure
Commu 5.10 2.27 1.00 8.67 10
SocEmo 4.71 2.39 1.67 10.08 10
Adaptive 4.65 1.57 2.25 7.17 10
Physical 4.94 1.20 2.50 6.67 10

Total Overall Between Within
Commu 3.26 2.04 1.74 1.01 0.00 8.67 137
SocEmo 2.87 1.92 1.56 1.10 0.00 10.08 137
Adaptive 3.04 1.62 1.33 0.89 0.67 7.17 137
Physical 3.27 1.46 1.18 0.82 0.83 6.67 137
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in a growth curve model. When this variable was zero, an intercept of the model could be interpreted as an initial status of the ABA
treatment outcomes at entry.

Age in years of participants at entry to the intervention service (AgeatEntry) was a time-invariant continuous variable. To enable
the regression coefficients of the growth curve model more practically interpretable, one year was subtracted from the original age at
entry. For example, an intercept of the model could be interpreted as an average of the age-equivalent scores for one-year-old
children at entry rather than new born children.

Treatment hours (TreatedHours) was the maximum value of treatment hours per week during the intervention service. This time-
invariant continuous variable was different from intervention time because weekly treatment hours were a measure of treatment
intensity rather than treatment duration. Overall, the final sample of participants had an average number of 15.61 h of weekly
treatment.

Participants’ diagnosis severity of ASD at entry to treatment (DiagnosisASD) was verified by licensed professionals based on the
criteria of the DSM-5. As a time-invariant dummy variable, it was coded as 0 for a diagnosis indicating low severity and 1 for a
diagnosis indicating high severity. A majority of our participants had high severity diagnoses (26 out of 35).

Gender (Gender) was a time-invariant dummy variable coded for being male. It was coded as 0 for female and 1 for male. We used
this variable to check for any gender effects in treatment outcomes.

Parents’ education level (ParentEduLv) indicated whether the average of the parents’ education level was higher than a bachelor’s
degree or not. As a time-invariant dummy variable, it was coded as 0 for parents with less than a bachelor’s degree and 1 for parents
with a bachelor’s degree or higher. Twenty-one children had parents who had earned degrees lower than a bachelor’s degree (60%).

Lastly, primary language spoken at home (PrimaryLang) was a time-invariant dummy variable. It was coded as 0 for speaking a
non-English language and 1 for speaking English as the primary language at home. This variable was used to control for language
differences because nine of our participants spoke English as a second language.

3. Calculation

In our longitudinal data, the repeatedly measured outcomes were nested within participants. Multilevel Modeling (MLM; Rabe-
Hesketh & Skrondal, 2012), also called Hierarchical Linear Modeling (HLM; Raudenbush & Bryk, 2002), was used to conduct a growth
curve analysis to investigate the predictors relationship to longitudinal changes of the ABA treatment outcomes. This analysis method
allowed us to examine variability in growth trajectories of the developmental outcomes through a two-level hierarchical model,
including a within-person model (Level 1) and a between-person model (Level 2). The within-person model incorporated the time-
varying variables to examine variability within individuals, revealing how the developmental outcomes changed over time and
whether the time-varying variables explained these changes. The between-person model incorporated the time-invariant variables to
explain variability between individuals, revealing how the growth trajectories (e.g., initial status and growth rate) were different
across individuals and whether the time-invariant variables explained these differences (see Singer and Willett, 2003).

3.1. Formulating a conditional growth curve model

To set a conditional growth curve model that better explained the longitudinal outcomes with the predictor variables, comparable

Table 2
Summary Statistics of Continuous Predictor Variables.

Variable Name Overall Mean Standard Deviation Overall Min Overall Max N of clients N of Obs. N of Measures

Overall Between Within

InterventTime 1.50 1.32 1.05 0.85 −0.25 5.83 35 137 2 ∼ 6
AgeatEntry 2.10 1.30 1.25 0 0.25 5.42 35 137 1
CognitiveLv 18.60 23.90 25.61 0 0.05 92.00 35 137 1
TreatedHours 15.61 5.60 5.26 0 9.00 30.00 35 137 1

Table 3
Frequency Table of Time-invariant Categorical Predictor Variables.

Variable Name Category Freq. % N

DiagnosisASD Low Severity 9 25.71 35
High Severity 26 74.29

Gender Female 8 22.86 35
Male 27 77.14

ParentEduLv Less than Bachelor’s 21 60.00 35
Bachelor’s or Higher 14 40.00

PrimaryLang Non-English 9 25.71 35
English 26 74.29
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unconditional models as well as the overall pattern and variability of the participants’ observed growth trajectories were examined.
As we fitted unconditional models with a linear, quadratic, and cubic growth function for each developmental domain (see Table 4), a
linear growth curve model fit better than quadratic or cubic growth curve models except for the social-emotional domain. Also, a
visual examination in Fig. 1 suggested that overall trends in the observed trajectories followed a linear growth pattern, but they
varied considerably across individuals for each domain. For the purpose of consistent interpretation, we formulated a linear growth
curve model for every domain, and allowed random effects on both initial status and growth rate (i.e., intercept and slope).

Before incorporating the time-invariant predictors into the between-person model, referring to Hox’s (2002) suggestion, we
examined variability in the initial status and growth rate by checking their variances. The variances of the two showed significant
heterogeneity of the linear growth trajectories, but their covariance was very low for all outcomes. Thus, we input the predictor
variables into the between-person model of the initial status and growth rate parameters to explain such heterogeneity. Weekly
treatment hours was included only in the growth rate of between-person model because setting weekly hours took place after starting

Table 4
Unconditional Growth Curve Models for Each Developmental Domain.

Developmental Domain Growth Curve Goodness-Of-Fit

AIC BIC

Communication Linear 355.76 365.09
Quadratic 357.76 368.65
Cubic 358.59 371.04

Social-Emotional Linear 378.80 388.13
Quadratic 374.95 385.83
Cubic 372.89 385.33

Adaptive Behavior Linear 307.86 317.20
Quadratic 309.33 320.22
Cubic 310.89 323.33

Physical Linear 255.95 265.29
Quadratic 257.95 268.84
Cubic 256.20 268.64

Fig. 1. Observed trajectories of treatment outcomes by developmental domain.
Note. To make the intercept of the statistical model more interpretable, 1 year was subtracted from the original age at entry, so that 0 on this variable represents
participants’ at 1 year of age.
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the intervention. Finally, we set the conditional linear growth curve model with all predictors, as described below in terms of the two-
stage formulation (Raudenbush & Bryk, 2002).

Level 1 (within-person model):

= + +Y π π εInterventTimeti i i ti ti0 1

where ∼ε N θ Y(0, ) and is one of the Commu , SocEmo , Adaptive and Physicalti Time ti ti ti ti titi
Level 2 (between-person model):

= + + + + + + +

= + + + + + + + +

π β β β β β β β ζ
π β β β β β β β β ζ

AgeatEntry DiagnosisASD CognitiveLv Gender ParentEduLv PrimaryLang ,
AgeatEntry DiagnosisASD CognitiveLv TreatedHours Gender ParentEduLv PrimaryLang ,

i i i i i i i i

i i i i i i i i i

0 00 01 02 03 04 05 06 0

1 10 11 12 13 14 15 16 17 1

where ∼ ∼ =ζ N ψ ζ N ψ Cov ζ ζ ψ(0, ), (0, ), ( , )i i i i0 00 1 11 0 1 01
In this conditional linear growth curve model, π0i is a person-specific intercept (initial status) and π1i is a person-specific slope

(growth rate; coefficient of the time). Also, βs are fixed effects indicating the population averaged intercept and coefficients of each
covariates. For the random effects,θ is the variance of the Level 1 residual (εti), ψ00 is the variance of the random intercept (ζ0i), ψ11 is
the variance of the random slope (ζ1i), and ψ01 is the covariance between ζ0i andζ1i. Subscript ti indicates time-varying variables and
subscript i denotes time-invariant covariates.

4. Results

4.1. Conditional linear growth curve model

Descriptive statistics for the longitudinal outcomes are presented in Table 1. An overall mean of the age-equivalent scores across
time was 3.26 years for the communication domain, 2.87 years for the social-emotional domain, 3.04 years for the adaptive behavior
domain, and 3.27 years for the physical domain. Due to the longitudinal nature of the data, within-person standard deviations were
less than between-person standard deviations for each time-varying outcome. The number of observations varied across participants
for all outcomes totaling 137 repeated observations within 35 participants. The intraclass correlation (ICC) was large for every
outcome: 0.66 for the communication domain, 0.55 for the social-emotional domain, 0.59 for the adaptive behavior domain, and 0.57
for the physical domain.

The conditional linear growth curve model we formulated was estimated for each domain to investigate if the predictors of
interest predict the initial status and growth rate of participants’ developmental outcomes over the course of ABA therapy. Table 5
shows the results of the estimated fixed effects and random effects and the goodness-of-fit statistics for each domain. The initial status
(π0i) indicates the value of the ABA treatment outcome when the intervention time is zero at entry, and the growth rate (π1i) means
the rate of change over time in the outcome.

An examination of goodness-of-fit indices, such as the Akaike Information Criterion (AIC) and the Bayesian Information Criterion
(BIC), showed that the conditional model was much improved for all of the outcome domains of the DP-3 after incorporating each
predictor into the respective unconditional model. The likelihood ratio (LR) tests between the unconditional model and conditional
model were statistically significant for all outcomes ( ≥LRχ 47.88(13)

2 , p < 0.001). Both variances of the initial status and growth rate
(ψ00 and ψ11) were considerably reduced compared to the unconditional model for each outcome. Those initial results indicated that
the predictors were functioning well in explaining variability of the initial status and growth rate in the conditional linear growth
curve models.

For the communication domain, age of entry and cognitive functioning predicted initial status significantly (β01 = 0.932,
p < 0.001 for age of entry; β03 = 0.020, p < 0.001 for cognitive functioning). The initial communication age-equivalent score at
entry increased on average by approximately 11 months for one year increase in children's age of entry, and also increased by
approximately 7 days for one percentile increase in their cognitive functioning. Only cognitive functioning predicted growth rate
significantly (β13 = 0.008, p < 0.05). The communication age-equivalent score grew on average faster by 3 days per year for one
percentile increase in children's cognitive functioning.

For the social-emotional domain, age of entry and primary language predicted the initial status significantly (β01 = 0.713,
p < 0.001 for age of entry; β06 =− 0.745, p < 0.05 for primary language). The initial social-emotional age-equivalent score at
entry increased on average by 8.5 months for one year increase in children's age of entry, and decreased by 8.9 months for children
speaking English as the primary language at home. Moreover, cognitive functioning and primary language predicted growth rate
significantly (β13 = 0.015, p < 0.001 for cognitive functioning; β17 = 0.656, p < 0.01 for primary language). The social-emotional
age-equivalent score grew on average faster by 5.4 days per year for one percentile increase in children's cognitive functioning, and
also grew faster by 7.8 months per year for children speaking English as the primary language at home than children speaking non-
English languages.

For the adaptive behavior domain, only age of entry predicted initial status significantly (β01 = 0.717, p < 0.001). One year
increase in children's age of entry resulted in 8.6 months increase on average in the initial adaptive behavior age-equivalent score at
entry. Also, cognitive functioning and gender predicted the growth rate significantly (β13 = 0.010, p < 0.01 for cognitive func-
tioning; β15 = 0.346, p = 0.05 for gender). The adaptive behavior age-equivalent score grew on average faster by 3.6 days per year
for one percentile increase in children's cognitive functioning, and also grew faster by 4.2 months per year for male children than
female children.

For the physical domain, age of entry and primary language predicted initial status significantly (β01 = 0.585, p < 0.001 for age

M. Tiura et al. Research in Developmental Disabilities 70 (2017) 185–197

192



of entry; β06 = −0.500, p < 0.05 for primary language). The initial physical age-equivalent score at entry increased on average by 7
months for one year increase in children's age of entry, and decreased by 6 months for children speaking English as the primary
language at home. Furthermore, diagnosis severity, cognitive functioning, gender and primary language predicted the growth rate
significantly (β12 = − 0.330, p < 0.05 for diagnosis severity; β13 = 0.012, p < 0.001 for cognitive functioning; β15 = 0.365,
p < 0.01 gender; β17 = 0.370, p < 0.01 for primary language). The physical age-equivalent score grew on average slower by 4
months per year for children with high severity diagnosis than children with low severity diagnosis, and grew faster by 4.3 days per
year for one percentile increase in children's cognitive functioning. It grew on average faster by 4.4 months per year for male children
than female children, and also grew faster by 4.4 months per year for children speaking English as the primary language at home than
children speaking non-English languages.

We found that two predictors were significant for every domain. Age of entry predicted the initial status and cognitive functioning
predicted the growth rate consistently. The predicted individual growth trajectories from the fitted model are represented in Fig. 2.
On the whole, the high age of entry and high cognitive functioning group had greater intercepts and steeper slopes than the low age
of entry and low cognitive functioning group. Age of entry was not a statistically significant predictor of the growth rate, but
cognitive functioning was a statistically significant predictor.

Some variables predicted growth rate in only one or two domains, such as (a) speaking English as the primary language at home in
the social-emotional domain (0.656, p < 0.01) and the physical domain (0.370, p < 0.01); (b) being male in the adaptive behavior
domain (0.346, p = 0.05) and physical domain (0.365, p < 0.01); and (c) having a high severity diagnosis in the physical domain
(−0.330, p < 0.05). However, treatment hours per week and parents’ education level did not predict the growth rate in any of the
outcome domains.

5. Discussion

This study examined potential predictors of the growth trajectories of children receiving intensive ABA therapy across four
developmental domains (communication, social-emotional, adaptive behavior, physical). Potential growth predictors examined in-
cluded: cognitive functioning, age at entry, diagnosis severity, treatment hours, diagnosis severity, primary language, gender, and
parents’ education level. Our growth curve analyses indicated that two predictors were significant across all four developmental
domains.

Table 5
Conditional Linear Growth Curve Models.

Communication Social-Emotional Adaptive Behavior Physical

Fixed Effects
Initial Status
Intercept −0.267 (0.484) 0.789 (0.471) 0.610 (0.386) 1.512 (0.347)
AgeatEntry 0.932 (0.131) 0.713 (0.128) 0.717 (0.106) 0.585 (0.095)
DiagnosisASD −0.386 (0.346) −0.303 (0.335) −0.362 (0.276) −0.151 (0.249)
CognitiveLv 0.020 (0.006) 0.010 (0.006) 0.007 (0.005) 0.001 (0.004)
Gender 0.129 (0.337) −0.265 (0.327) −0.327 (0.267) −0.317 (0.241)
ParentEduLv 0.280 (0.306) −0.125 (0.298) 0.174 (0.245) 0.073 (0.219)
PrimaryLang −0.192 (0.338) −0.745 (0.328) −0.023 (0.268) −0.500 (0.242)

Growth Rate
InterventTime (T) 0.845 (0.390) −0.248 (0.451) 0.434 (0.394) 0.630 (0.254)
T × AgeatEntry −0.083 (0.066) 0.057 (0.076) 0.030 (0.068) −0.037 (0.045)
T × DiagnosisASD −0.157 (0.249) −0.255 (0.289) −0.175 (0.257) −0.330 (0.166)
T × CognitiveLv 0.008 (0.003) 0.015 (0.004) 0.010 (0.003) 0.012 (0.002)
T × TreatedHours −0.002 (0.012) 0.018 (0.014) 0.006 (0.013) −0.007 (0.007)
T × Gender 0.130 (0.171) 0.318 (0.198) 0.346 (0.177) 0.365 (0.113)
T × ParentEduLv 0.115 (0.171) 0.290 (0.196) 0.054 (0.173) −0.183 (0.112)
T × PrimaryLang 0.263 (0.197) 0.656 (0.225) 0.050 (0.193) 0.370 (0.127)
Random Effects 95% C.I. 95% C.I. 95% C.I. 95% C.I.
ψ00 0.415 [0.208, 0.830] 0.330 [0.141, 0.774] 0.256 [0.116, 0.566] 0.222 [0.103, 0.480]
ψ11 0.036 [0.010, 0.127] 0.056 [0.016, 0.195] 0.072 [0.020, 0.259] 0.014 [0.001, 0.286]
ψ01 0.122 [0.043, 0.200] 0.136 [0.056, 0.215] 0.056 [−0.046, 0.157] 0.010 [−0.049, 0.069]
θ 0.272 [0.206, 0.358] 0.337 [0.256, 0.443] 0.170 [0.119, 0.243] 0.124 [0.085, 0.180]
N of Participants 35 35 35 35
N of Observations 137 137 137 137
Log likelihood −147.943 −159.001 −122.304 −93.413
AIC 333.887 356.002 282.607 224.825
BIC 363.438 385.554 312.159 254.377
LR test (df= 13) 47.880 48.790 51.260 57.130

Note. Standard errors in parentheses. Underline p = 0.05, Bold p < 0.05.
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5.1. Cognitive functioning

First, cognitive functioning at entry predicted the growth rates of participants. In fact, cognitive functioning at treatment onset
was more predictive of children’s growth rates across all developmental domains than other variables. Children with higher cognitive
functioning had more rapid growth rates across the four domains than did those with lower cognitive functioning. This finding is
consistent with other research done in this area (e.g., Anderson et al., 2007; Ben-Itzchak & Zachor, 2007). Thus, practicing clinicians
should expect children with higher cognitive functioning to progress more quickly through therapy, necessitating more rapid ad-
justments over the course of their treatment.

5.2. Age at entry

Second, age at entry predicted the initial status of the participants at the start of therapy, but did not predict their growth rate.
This finding makes intuitive sense because older children would be expected to start with more skills than younger children due to
natural maturation. However, many other studies have found that participants who enter ABA therapy at earlier ages tend to improve
more than those who enter later in life (Ben-Itzchak & Zachor, 2007; Eikeseth et al., 2002; Gabriels et al., 2001; Granpeesheh et al.,
2009; Harris & Handleman, 2000). Our findings did indicate a negative relationship between age at entry and growth rate in the
communication and physical domains, but these findings were not statistically significant (see Table 5). In a similar study, Vivanti,
Dissanayake, Zierhut, & Rogers (2012) found that when other behavioral predictors were investigated along with age at entry, age at
entry no longer significantly predicted treatment outcomes. It is likely that investigating multiple predictors in our study also resulted
in statistical non-significance for age at entry. However, such mixed findings do not mean that clinicians should discourage parents
from pursuing early intervention for their children. Starting therapy earlier can have other benefits, such as preparing children with
ASD for placement in general education classrooms before the start of kindergarten (Harris & Handleman, 2000).

5.3. Diagnosis severity

Diagnosis severity, primary language spoken at home, and gender predicted growth rates in specific developmental domains.
First, diagnosis severity only predicted growth rates in the physical domain. Children with ASD diagnoses indicating higher severity
tended to improve at a slower pace than those with lower severity diagnoses in the physical development domain. This finding is in
line with previous research findings that those with higher severity ASD diagnoses require more intensive care (Ben-Itzchak & Zachor,
2007). However, Ben-Itzchak & Zachor (2007) used play and language skills as their outcome variables and we used four develop-
mental domains from the DP-3. Most likely, the physical domain of the DP-3 most closely resembles Ben-Itzchak and Zachor’s
outcome measures because the physical domain questions involve play skills, such as block stacking. Clinicians should expect that
children with more severe ASD diagnoses will take longer to learn play skills based on our findings and those of other studies.

5.4. Language

Participants who spoke English as a primary language had faster growth rates than participants who spoke another language at
home in the social-emotional and physical development domains. This makes intuitive sense because treatment was delivered in
English and research suggests that children who speak English as a second language tend to perform lower on average on assessments
of functioning (Oritz et al., 2012). However, native English speakers presented with lower skills in the social and physical domains at
the start of treatment. This is likely because a majority of the sample was English speaking and thus more high severity cases would be
represented in the English speaking sample. Thus, the English speaking sample with more high severity cases would present with
lower skills in the social and physical domains at the start of treatment because delays in these domains are often the first signs of
disorder.

5.5. Gender differences

Gender also predicted growth rates of participants. Male participants tended to improve more quickly in the areas of adaptive
behavior and physical development. Although this finding was significant, there was a great discrepancy in the number of male (27)
and female (8) participants in this study. Other studies have not found gender to be predictive of treatment outcomes (Anderson et al.,
2007; Stahmer, Schreibman, & Cunningham, 2011). The small sample of female participants in this study may have resulted in
limited variability, thus producing this result. Literature on human development also supports the assertion that no gender difference
exists between male and female physical development in early childhood (e.g., Law, Pellegrino, & Hunt, 1993; Thomas & French,
1985).

Fig. 2. Predicted growth trajectories of treatment outcomes by developmental domain.
Note. To make the intercept of the statistical model more interpretable, 1 year was subtracted from the original age at entry, so that 0 on this variable represents
participants’ at 1 year of age.
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5.6. Treatment hours

Our results also indicated that the number of treatment hours and parent education level did not significantly predict growth rates
in any of the four developmental domains. These results conflict with findings in other studies, which have shown that each of these
variables predict outcomes of ABA therapy (Granpeesheh et al., 2009; Stahmer et al., 2011). Granpeesheh et al. (2009) found that
increasing the number of treatment hours increased the number of new skills children acquired in ABA therapy. One likely reason for
the difference in our findings and that of Granpeesheh et al., is the difference between the ranges of treatment hours included in the
two studies. If this study had participants with more variability in their number of treatment hours, then a significant finding may
have been found.

5.7. Parent education level

Lastly, parent education level did not significantly predict growth rate in any of the DP-3 domains which we measured. We used
parent education level as an indicator of socioeconomic status, which has been shown to predict health outcomes (Stahmer,
Schreibman, & Cunningham, 2011). It is encouraging that when controlling for other variables, parent education level did not sig-
nificantly predict outcomes of ABA therapy. Such a result is encouraging because it means children from all economic backgrounds
can potentially benefit equally from ABA therapy when controlling for other variables, such as cognitive functioning and age.
However in this study, parent education level was split into only two categories, low (less than a bachelor’s degree) and high
(bachelor’s degree or higher). A more refined look at parent education level, such as having three or more categories, may produce
significant results.

5.8. Limitations

Three features of the study were of greatest concern in limiting the validity of this study, the subjective nature of the develop-
mental checklist, the use of age-equivalent scores, and the use of dichotomous instead of continuous predictor variables. Data were
gathered through administration of the DP-3, which was completed by parents. While most of the items on the checklist are concrete,
some items have the potential to be misinterpreted by parents. For example, in the communication domain, parents may have very
different ideas regarding whether or not a child understands “what they mean when they say no.” Also, the physical domain offers
more concrete items that are less open to interpretation than the other domains (e.g., Does your child make a tower of eight things,
such as blocks?). Thus, the results in the physical domain more closely reflect the findings of previous research, where diagnosis
severity, cognitive functioning, gender, and primary language spoken at home all predicted growth rate throughout treatment (see
Table 5).

Additionally, we used age-equivalent scores in our data analysis. Age-equivalent scores are not as robust as standardized scores on
the DP-3, but age-equivalent scores can be directly compared to children’s actual ages. Alpern (2009) demonstrated that age-
equivalent scores on the DP-3 are suitable for research purposes. However, our use of age-equivalent scores narrowed the variability
between participants’ scores, thus making predictors with small effect sizes harder to detect. Future studies using standardized scores
may reveal that some of our predictors are related to accelerated growth in small, yet significant ways.

Using dichotomous variables in some cases may have limited our ability to find relationships because dichotomous variables have
less variability than continuous ones. For example, the finding that level of parent education had no significant effect on growth rates
in any of the developmental domains may be due to our variable being dichotomous instead of continuous. Other studies, using
continuous variables, show higher socioeconomic status predicting favorable health outcomes (e.g., Stahmer,
Schreibman, & Cunningham, 2011).

5.9. Implications

This study confirmed that clients with higher cognitive functioning improve more quickly and thus goals will need to be adjusted
more often over the course of treatment. Also, we have shown that parent education level does not predict the pace of skill acqui-
sition. Clinicians can take comfort knowing that the socioeconomic status of their clients will likely not affect the pace of their
improvement. However, some of our findings should be interpreted with caution (e.g., gender predicting growth rates in certain
domains) because they have not been replicated in other studies.

Future longitudinal studies are needed to examine which variables have the greatest impact on children’s developmental growth
for children to receive truly individualized treatment. Although many studies have documented the correlation between cognitive
functioning, age at entry, and higher outcomes, few have used a longitudinal analysis to investigate this relationship (e.g., Anderson
et al., 2007; Magiati et al., 2011; Szatmari et al., 2003). This study not only confirmed the findings of other studies using longitudinal
data, but also showed the value of using multilevel growth curve analysis for longitudinal ASD research. More research using
longitudinal experimental designs with control groups is needed to capture the possible causal effects of these predictors.
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