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Abstract
Evidence-based practices (EBP) for children with autism are under-used in special-education schools. No research compared 
child-level versus teacher-level influences on EBP use, which could guide implementation strategies. We derived longitudinal 
profiles of EBP receipt by children (N = 234) in 69 autism-support classrooms, over an academic year. We compared overall 
impacts of child-level and teacher-level factors on profile membership. Most children received little EBP throughout the 
year; however substantial subgroups received increasing, and decreasing, doses of EBP. Child-level and teacher-level factors 
contributed about equally to profile membership. Children’s autism symptoms and verbal ability, teachers’ EBP skills, train-
ing/experience, classroom support, class size, and implementation leadership climate predicted profile membership. Early 
identification of treatment profiles could facilitate targeted implementation strategies increasing EBP use.
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Background

Evidence-based practices (EBP) for treating autism spectrum 
disorder (ASD) often don’t make their way into schools, 
where most children with ASD receive care (Locke et al. 
2017; Stichter et al. 2016). These practices often require 
intensive, extended implementation support to be effective 
(Locke et al. 2017). The importance of continuous sup-
port and fidelity monitoring for the sustainment of EBPs 
has been emphasized in implementation science literature, 

including in the Exploration, Preparation, Implementation, 
and Sustainment (EPIS) framework (Aarons et al. 2011). 
EPIS framework recommends public-academic collabora-
tions as a mechanism to support sustaining EBP use in ser-
vice settings (Aarons et al. 2011). Little empirical evidence, 
however, suggests how to best organize sustainment support 
over time, and how implementer and client characteristics 
shape sustainment needs. For more than a decade, our uni-
versity based team of coaches has supported special edu-
cation teachers in EBP for students with ASD. Over that 
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time, we have found that teachers vary considerably in their 
willingness and ability to implement EBP the way they were 
designed, and that their use of these practices changes over 
the course of the year. These anecdotal observations have not 
been tested in quantitative analysis, however.

Studying these patterns of implementation over the 
course of the year and teacher and child characteristics asso-
ciated with different patterns of implementation may have 
implications for how to best support teachers in using EBP. 
For example, if certain times during the year are character-
ized by poor implementation, it may suggest the need for 
concentrated support at those times. Teachers who decrease 
their use of EBP over time may need different messages and 
support than teachers who increase their use over time to 
maximize implementation. Most studies of EBP use for chil-
dren with ASD are cross-sectional (Cook and Odom 2013). 
Studies that account for EBP use over time tend to average 
EBP use across multiple time points, rather than take advan-
tage of the multiple data points (Howlin et al. 2009).

Additionally, little is known about the relative contribu-
tions of child and provider characteristics to the use of evi-
dence-based treatment for children with autism. Some teach-
ers have told us that they don’t use an intervention because 
they think it is the wrong intervention for a particular child, 
as opposed to considering it a bad fit for their classroom in 
general; this anecdotal information has not been formally 
tested yet. Parsing out what portion of variance in imple-
mentation is due to each of these two perceptions may have 
important implications for how administrators and coaches 
message the importance of EBP use.

The present study addresses these gaps by pursuing three 
aims: (a) examining changes in the intensity of teachers’ use 
of EBP with individual children over an academic year; (b) 
estimating the proportion of variance in EBP use that can 
be attributed to overall child-level or teacher-level character-
istics; and (c) examining the association of specific teacher 
and classroom characteristics, and child characteristics, with 
trajectories of EBP use. Our outcomes of interest are fidelity 
to two evidence-based one-to-one interventions for children 
with autism: discrete trial training (DTT; Smith 2001) and 
pivotal response training (PRT; Koegel and Koegel 2006).

Method

Procedure and Participants

Data came from a study conducted in 69 K-2 autism support 
classrooms in Philadelphia with children (n = 234) aged 5 to 
8 (Pellecchia et al. 2016). In the year from which data was 
provided for the current study, all teachers were trained in 
an intervention package that included DTT and PRT. Most 
students served by the school district are ethnic minorities 

(69%); 75% live below the poverty line. Teachers (N = 69) 
were recruited from 69 autism support classrooms that had 
an average of 8 students. The procedures were approved by 
the university Institutional Review Board and the research 
office of the School District of Philadelphia.

Throughout the year, teachers received coaching in using 
DTT and PRT. Coaches encouraged teachers to use both 
methods for each child instead of picking one method over 
another.

Measures

Dependent Variable

Intensity of DTT and PRT The dependent variable of inter-
est was teachers’ report of how often the teacher used DTT 
and PRT with each child in their classroom during the past 
week, measured on a 0 to 4 scale, where 0 = less than once 
a week, 1 = once a week, 2 = from two to four times a week, 
3 = once a day, and 4 = twice a day. Data were collected 
monthly during the academic year (8 time-points total) by 
coaches who visited participating classrooms. Teachers 
were coached to conduct each DTT and PRT session for at 
least 20 min, and to report only sessions of this, or longer, 
duration. To minimize social desirability bias, coaches were 
trained to form cohesive, honest and mutual relationships 
with teachers, devoid of power differentials. Additionally, 
coaches observed and took notes on each teacher’s work 
with each child. The coach and teacher discussed teach-
ers’ intensity reports that did not converge with the coach’s 
case observations until they came to consensus. Previous 
research (Pellecchia et  al. 2015) has found strong conver-
gence (r = 0.73) between the teacher-reported measure of 
intensity (used in the present study), and observation (Pel-
lecchia et al. 2015). We also estimated test–retest reliability 
of teachers’ intensity reports by correlating teacher-reported 
scores of DTT and PRT intensity between two adjacent time 
points at which the least external influences on the teachers’ 
intensity of EBP were expected, because of the year’s low-
est level of coaching activity. We found high correlations 
(r = 0.7–0.8) between these adjacent intensity scores.

Independent Variables

Teacher’s Intentions to  Provide DTT and  PRT Intentions, 
a mental representation of a commitment to carrying out 
an action, are an important predictor of behavior (Jaccard 
and Levitz 2015). A weak intent-behavior link may suggest 
a need to account for contextual and skill-related factors, 
among others, in order to increase implementation. Inten-
tions were measured by one item for each (Fishbein and 
Ajzen 2011). Teachers evaluated the likelihood of their 
use of DTT, and separately, of PRT at least once a day, in 
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the following 4–6  weeks. The scale ranged from 0= very 
unlikely to 4= very likely. We did not include a more generic 
measure of intent to use evidence-based practices, because 
multiple studies have shown that behavior-specific meas-
ures of intentions are uniformly much stronger predictors of 
behavior (e.g. Jaccard and Levitz 2015). A new psychomet-
ric study based on the same data set as the present research 
(Fishman et al. under review) shows that behavior-specific 
measures of EBP intentions have considerably stronger pre-
dictive power compared to more generic EBP intentions 
measures. The same study also demonstrates that for some 
EBPs, a single-item measure of intent to implement has pre-
dictive validity on the par with that of a three-item intent 
scale (Fishman et al. under review).

Teacher’s Baseline DTT and  PRT Skills Skill is among the 
modifiable moderators of the translation of intentions into 
successful behavior (Jaccard and Levitz 2015; Fishbein and 
Ajzen 2011). The skill level, or accuracy of the teachers’ 
performance of DTT and PRT techniques was measured via 
hour-long direct observations. Trained research assistants 
recorded the occurrence or non-occurrence of each specified 
component of DTT and PRT on a data collection form (Pel-
lecchia et al. 2015). Components were specific to DTT (e.g. 
prompting and reinforcement strategies) and to PRT (e.g. 
providing the child with a choice of tasks). The research 
assistants were trained to reliability with the doctoral-level 
supervising research staff. Training of research assistants 
involved didactic instruction on data coding procedures, 
role-playing, and practice coding. Training continued until 
research assistants were 80% reliable with the supervising 
research staff, as recommended by the previously published 
training protocol (Pellecchia et al. 2015). Teachers’ perfor-
mance of each DTT and PRT component was measured 
by a 0 to 4 observation scale: 0 = teacher does not imple-
ment correct intervention technique during the session; 
1 = teacher occasionally implements, but misses the major-
ity of opportunities, 2 = teacher sometimes implements, but 
misses many opportunities, 3 = teacher often implements, 
but misses some opportunities, and 4 = teacher always 
implements technique during appropriate opportunities. 
The items measured implementation of 16 components of 
DTT, and 17 components of PRT, and were averaged across 
components. In prior studies using video recordings of DTT 
and PRT sessions, this observational scale has demonstrated 
inter-rater agreement over 80% (Stahmer et al. 2015). Meas-
urement of teacher skills occurred after the initial DTT and 
PRT coaching sessions.

Teacher Characteristics Teachers’ special education expe-
rience and prior training in ASD intervention are possible 
sources of “tacit knowledge” (Nonaka and Von Krogh 2009; 
Polanyi 1966, 2009) that may influence EBP use, and may 

be difficult to measure by a structured observational proto-
col. At baseline, teachers were asked about the number of 
years they had worked in special education, whether they 
received training in ASD intervention, as well as their age, 
gender, race and ethnicity.

Classroom/Teaching Team Characteristics Smaller numbers 
of children in classes and more support staff may increase 
the capacity for EBP implementation. Research staff meas-
ured, through direct observation: number of children in each 
classroom, and number of classroom support staff; each 
variable was averaged across data collection time points.

Implementation Leadership A growing literature has 
highlighted the relevance of organizational leadership for 
implementing EBP (Aarons et  al. 2014). Teachers com-
pleted the Implementation Leadership Scale (ILS; Aarons 
et al. 2014), which measures various dimensions of imple-
mentation leadership in a respondents’ organization, with 
response anchors ranging from 0= not at all to 4= to a very 
great extent. Examples of items included: [Leadership in 
my organization] has developed a plan to facilitate imple-
mentation of EBP; is knowledgeable about EBP; supports 
employee efforts to learn more about EBP; and perseveres 
through the ups and downs of implementing EBP. Items did 
not reflect leadership specific to DTT or PRT.

Implementation Climate Studies have highlighted the 
role of implementation climate, usually operationalized as 
providers’ perception of openness to innovation within an 
organization (Ehrhart et al. 2014). Teachers completed the 
Implementation Climate Scale (ICS; Ehrhart et  al. 2014), 
which measures several dimensions of implementation cli-
mate in a respondents’ organization, with response anchors 
ranging from 0= not at all to 4= to a very great extent. 
Examples of items included: (to what extent your organiza-
tion) is open to new interventions; values using EBP; and 
promotes using EBP as a top priority. Items did not reflect 
implementation climate specific to DTT or PRT.

Child Characteristics: Autism Symptoms These were meas-
ured using the teacher version of the Pervasive Develop-
mental Disorders Behavior Inventory (PDDBI; Cohen and 
Sudhalter 2005). This questionnaire is designed to measure 
both adaptive skills and maladaptive behaviors relevant to 
ASD. It provides a quantitative assessment of the sever-
ity of a child’s ASD symptomology, as compared to other 
children with ASD. We used standard scores from the two 
subscales of ASD symptoms, social approach abilities, and 
sensory symptoms, which were associated with DTT and 
PRT use in a prior study (Nuske et al. 2019). For the social 
approach subscale, higher scores indicate better ability; for 
the sensory symptoms, higher scores indicate more prob-
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lems. Teachers completed a Teacher PDDBI form for each 
consented student in their classroom a minimum of 1 month 
after the beginning of the school year, therefore they had 
adequate time to become familiar with the child’s ASD 
symptom presentation prior to filling out this measure.

Child Characteristics: Language Ability The Early Years 
Battery of the Differential Abilities Scales 2nd Edition 
(DAS-II) was used as a clinical assessment of a child’s cog-
nitive abilities (Beran 2007; Elliott 1990; Marshall et  al. 
2011), administered by researchers at the beginning of the 
school year. The present study used the DAS-II Verbal Abil-
ity subscale that had been associated with DTT and PRT use 
in the prior study (Nuske et  al. 2019). Other studies have 
similarly chosen to use the DAS-II as the outcome meas-
ure in studies of children with ASD (Anderson et al. 2007; 
Thurm et al. 2007).

Analytic Strategy

The primary analytic goal of this study was to examine how 
the frequency of DTT and PRT use for each child changed 
over the academic year, across eight monthly time points. To 
identify distinct clusters of children with similar trajectories 
of DTT and PRT use within clusters, we relied on transi-
tional cluster analysis (Schulenberg et al. 1996) via latent 
profile analysis (LPA; Asparouhov and Muthén 2014). We 

examined longitudinal patterns, across eight monthly time 
points, of the use of DTT for each child, and separately, of 
the use of PRT for each child, nested in classrooms. Explora-
tory model building began with a one-class model, continu-
ing until fit indices suggested further classes did not improve 
fit. Consistent with guidelines (Nylund et al. 2007), final 
model selection was determined through a combination of 
fit indices [Bayesian information criterion (BIC), Akaike 
information criterion (AIC), Vuong-Lo-Mendell-Rubin like-
lihood ratio test (VLMR LRT), and the Lo-Mendell-Rubin 
Adjusted LRT test] along with parsimony, interpretability, 
and generalizability. All analyses were conducted using 
Mplus with robust (Huber-White) maximum likelihood algo-
rithms (Lai 2018). Each resulting profile represented trajec-
tories of use of DTT (Fig. 1) and PRT (Fig. 2) for each child.

We then estimated the overall contribution of (1) 
teacher and classroom characteristics, and (2) child char-
acteristics, to children’s trajectory-profile membership by 
deriving intraclass correlations (ICC), an established tech-
nique in multilevel data analysis (Castro 2002; Preacher 
et al. 2011). ICC compares the portions of outcome varia-
tion that occur on different levels of data organization (e.g. 
group level variation vs. individual level variation). In our 
case, ICC analyzed the variation of children’s member-
ship in different trajectories, and compared the magnitude 
of this variation between classroom groups versus among 
individual children. The proportion of classroom-level 

Fig. 1  Trajectory profiles of the average DTT use intensity across the 8 time points
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variation in the mix represents the overall impact of 
teacher characteristics, because each teacher is specific 
to a classroom. The proportion of child-level variation 
represents the overall impact of child characteristics. ICC 
method does not compare the contributions to the outcome 
variance from specific teacher/classroom variables or child 
variables per se.

As a secondary analysis, we examined the associations 
between classroom and child characteristics and trajec-
tory profile membership, using multi-level, multinomial 
logistic regression (MLR) to account for the nested nature 
of the data. Regression models controlled for teacher age 
and ethnicity/race, and provided results in the form of odds 
ratios. In our MLR analysis, continuous predictor vari-
ables, e.g., number of years spent by teachers in Special 
Education, or the child’s DAS Verbal Subscale score, were 
not dichotomized and were used in their original, continu-
ous form, following recommendations by Jaccard (2001). 
In this approach, an odds ratio indicates by how much, 
on average, each step of the continuous predictor variable 
(e.g. each year of special education experience) changes 
the likelihood of the child entering a “higher” EBP use 
trajectory, instead of the “Low Stable” trajectory (e.g., 
“For each additional step of the scale, the likelihood of 
entering High Ascending trajectory decreases by…”). The 
potential multiple statistical test error was addressed by 
Holm-modified Bonferroni sequential rejective multiple 
test procedure (Holm 1979).

Results

Table 1 displays the sample characteristics. Teachers’ mean 
age was 37; they averaged 8.4 years of special education 
experience, and 68% had received some training in ASD 
interventions; 97% was female; therefore teachers’ gender 
was not used as a covariate. Most (85%) teachers identi-
fied as white. Teachers’ race/ethnicity was dichotomized as 
White versus Non-White.

Trajectories of DTT and PRT Use

Profiles

Latent profile analyses for trajectories of DTT and PRT use 
was conducted for 1–5 profile models. Table 2 displays fit 
indices for 2–4 profile solutions. For DTT trajectory pro-
files, a 3-profile model yielded better model fit than 2-profile 
model (AIC = 3661.324, BIC = 3776.396, Entropy = 0.868). 
Although fit indices for 4-profile model were slightly bet-
ter than for 3-profile model (Table 2), adjusted likelihood 
ratio test (LRT) indicated that a 4 profile model did not 
improve fit beyond a 3 profile model (p > .05). For PRT tra-
jectory profiles, a 3-profile model also yielded better model 
fit than 2-profile model (AIC = 2757.664, BIC = 2872.737, 
Entropy = 0.942). For the PRT trajectory profiles, fit indices 
for 4-profile model were slightly better than for 3-profile 
model (Table 2); however, adjusted LRT indicated that a 4 

Fig. 2  Trajectory profiles of the average PRT use intensity across the 8 time points
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profile model did not improve fit beyond a 3 profile model 
(p > .05). Additionally, 4-profile solutions yielded some pro-
files with very small sample sizes, making interpretation dif-
ficult. We therefore chose 3-profile solutions over 4-profile 
solutions for both DTT and PRT trajectory profiles.

Figure 1 illustrates the three-profile solution for DTT 
implementation. The graph represents average DTT inten-
sity at each of the 8 time points for each of the three profiles. 
Profile 1, termed “Low Stable” comprised the largest pro-
portion of the sample (n = 141, 64%) and was characterized 
by low mean DTT implementation at all 8 time points, from 
0.26 ± 0.15 (on the metric of 0–4), at Time 1, to 0.52 ± 0.16 
at Time 2, and to 0.07 ± 0.05 at Time 8. Profile 2, termed 
“High Ascending” (n = 46, 21%) was characterized by an 
ascending trajectory from low mean DTT implementation 
at Time 1 (0.95 ± 0.58), with a steep increase by Time 2 
(1.94 ± 0.38), ending with a high average DTT use at Time 

8 (2.6 ± 0.34). Average DDT use in this profile was signifi-
cantly higher than in both other profiles at all time points. 
Profile 3, termed “Late Ascending” (n = 31, 14%), was 
characterized by low mean levels of DTT use from Times 1 
(0.17 ± 0.32) through 6 (0.75 ± 0.50), followed by a spike at 
Time 8 (2.4 ± 0.34).

Figure 2 displays the three PRT implementation profiles 
over the 8 time points. Profile 1, termed “Low Stable”, as 
with DTT model, represented the largest proportion of the 
sample (n = 160, 73%); it was characterized by low use of 
PRT implementation at all 8 time points, from 0.03 ± 0.04 
at Time 1, to 0.19 ± 0.13 at Time 5, and to 0.08 ± 0.05 at 
Time 8. Profile 2, termed “Ascending” (n = 33, 15%), was 
characterized by low mean PRT implementation at Time 1 
(0 ± 0), with a relatively consistent increase though Time 
6 (2.23 ± 0.50), continuing through Time 8 (2.06 ± 0.66). 
Profile 3 termed, “Descending” (n = 25, 11%), represented 

Table 1  Descriptive statistics 
and means of key variables

a Intensity of DTT and PRT use, fidelity of DTT and PRT performance, implementation leadership and 
implementation climate are measured on the 0 to 4 scale

Mean (SD) Percent

Average intensity of DTT use, across time  pointsa 0.76 (0.80)
Average intensity of PRT use, across time  pointsa 0.42 (0.58)
Teacher’s age 37.3 (10.6)
Teachers’ gender female 97.4
Teachers’ race: White 85.0
Teachers’ race: Black 10.7
Teachers’ race: Asian + others 2.1
Teachers’ Latino identity 3
Average class size 7.4 (1.2)
Average number of classroom support staff 3.7 (1.2)
Teacher’s intentions to provide DTT 2.2 (1.2)
Teacher’s intentions to provide PRT 2.1 (1.3)
Teacher’s DTT skill (DTT fidelity measured at baseline)a 1.7 (1.6)
Teacher’s PRT skill (PRT fidelity measured at baseline)a 1.4 (1.4)
Teacher received training in ASD intervention 68.0
Teacher’s number of years spent in special education 8.4 (7.1)
Implementation  leadershipa 2.7 (1.1)
Implementation  climatea 3.1 (2.4)

Table 2  Comparative model fit 
of latent profile solutions

Fit indices Number of DTT profiles Number of PRT profiles

DTT
2 profiles

DTT
3 profiles

DTT
4 profiles

PRT
2 profiles

PRT
3 profiles

PRT
4 profiles

Loglikelihood − 1862.090 − 1796.662 − 1717.596 − 1498.259 − 1344.832 − 1195.974
AIC 3774.180 3661.324 3521.192 3046.518 2757.664 2477.948
BIC 3858.792 3776.396 3666.725 3131.131 2872.737 2623.481
Entropy 0.916 0.868 0.777 0.964 0.942 0.950
Adjusted LRT p = .10 p = .09 p = .18 p < .01 p = .09 p = .69
Bootstrapped LRT p < .01 p < .01 p < .01 p < .01 p < .01 p < .01
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a trajectory starting with high mean intensity of PRT use 
(2.36 ± 0.4, at Time 1), with a steep decrease to 0.82 ± 0.46, 
at Time 3, then plateauing with mean PRT use of 0.95 ± 0.52, 
at Time 8.

ICC Analysis

To estimate the overall contribution of teacher and class-
room team characteristics to predicting children’s member-
ship in one of the three trajectory profiles, we derived intra-
class correlations (ICC) that reflect the portion of overall 
outcome variance accounted for by group-level variation. 
ICCs were 0.44 for DTT trajectory profiles and 0.54, for 
PRT trajectory profiles, indicating that teacher and class-
room characteristics account for about a half of the variance 
in predicting children’s profile membership.

Associations of Covariates with Profile Membership

Because most children were in the Low Stable profiles for 
both DTT and PRT implementation, this group was used as 
the reference for both DTT and PRT analyses. The upper 
portion of Table 3 presents odd ratios reflecting differences 
in teacher/classroom level predictors, and child level predic-
tors, between the High Ascending DTT Trajectory versus 
the Low Stable DTT Trajectory profiles (left column), and 
between the Late Ascending DTT Trajectory profile versus 
the Low Stable DTT Trajectory profiles (right column). The 
lower portion of Table 3 displays odd ratios representing 
differences in teacher/classroom level predictors, and child 
level predictors, between the Ascending PRT Trajectory ver-
sus the Low Stable PRT Trajectory profiles (left column) 
and between the Descending PRT Trajectory profile versus 
the Low Stable PRT Trajectory profiles (right column).

Teacher/Classroom Level Predictors of DTT Use

Teachers’ training in ASD intervention significantly pre-
dicted students’ membership in the High Ascending DTT 
trajectory versus the Low Stable DTT trajectory (OR 3.70, 
[95% CI 1.25, 10.97]), as did the number of years teach-
ers spent in special education (OR 1.20, [95% CI 1.06, 
1.35]). Teachers’ DTT skill significantly predicted the High 
Ascending DTT trajectory vs. the Low Stable DTT trajec-
tory (OR 1.45, [95% CI 1.04, 2.04]). Higher ILS (Aarons 
et  al. 2014) predicted fewer children being in the High 
Ascending DTT trajectory, versus the Low Stable DTT tra-
jectory (OR 0.58, [95% CI 0.40, 0.81]). Teachers’ assess-
ment of implementation climate via ICS (Ehrhart et al. 
2014) was not significantly associated with DTT trajectories. 
Number of classroom support staff significantly predicted 
the High Ascending DTT trajectory versus the Low Stable 
DTT trajectory (OR 1.45, [95% CI 1.04, 2.01]); but average 

class size difference was not statistically significantly associ-
ated with DTT trajectories. Teachers’ baseline intentions to 
provide DTT did not significantly predict DTT trajectories. 
Teachers’ age significantly predicted fewer children being on 
the High Ascending DTT trajectory (OR 0.92, [95% CI 0.86, 
0.97]). Teachers’ racial identity did not predict DTT trajec-
tory. The only statistically significant difference between the 
Late Ascending DTT use trajectory and the Low Stable DTT 
use trajectory was teacher’s age (OR 1.04 [95% CI 1.01, 
1.08]) (Table 3).

Child Level Predictors of DTT Use

Children’s greater scores on DAS Verbal Subscale (greater 
verbal ability) and on PDDBI Social Approach Subscale 
(greater ability for social approach) significantly decreased 
children’s chances of being on the High Ascending versus 
the Low Stable DTT trajectory (OR 0.97 [95% CI 0.95, 0.99] 
and OR 0.99 [95% CI 0.95, 0.99], respectively). It is worth 
noting that, while these ORs are modest, they represent the 
average change of trajectory membership likelihood mapped 
onto only one point of a DAS and PDDBI metric, not onto 
the whole continuum of the 4-point metric; therefore these 
ORs should not be interpreted as marginal. Children’s 
greater scores on PDDBI Sensory Symptoms Subscale 
(greater sensory processing problems) non-significantly pre-
dicted the High Ascending DTT trajectory versus the Low 
Stable DTT trajectory. Child-level characteristics’ prediction 
of the Late Ascending versus the Low Stable DTT trajectory 
were statistically non-significant, in the same directions as 
for High Ascending DTT trajectory (Table 3).

Teacher/Classroom Level Predictors of PRT Use

Teachers’ training in ASD intervention and the years they 
spent in special education did not significantly predict 
differences among PRT use trajectories (Table 3). Teach-
ers’ PRT skill significantly predicted the Ascending PRT 
trajectory vs. Low Stable PRT trajectory (OR 1.68 [95% 
CI 1.06, 2.70]). As with DTT, higher ILS predicted fewer 
children being in the Ascending PRT trajectory, versus 
the Low Stable DTT Trajectory (OR 0.60, [95% CI 0.38, 
0.94]). Teachers’ assessment of implementation climate 
was not significantly associated with PRT trajectories. 
Average class size significantly predicted less children 
being on the Ascending PRT trajectory (OR 0.56, [95% 
CI 0.36, 0.86]); but difference in the number of classroom 
support staff was not significant for PRT trajectories. 
Teachers’ baseline intentions to provide PRT did not sig-
nificantly predict the Ascending PRT Trajectory versus 
the Low Stable PRT Trajectory. Teachers of white racial 
identity had, on average, less children in their care on 
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Ascending PRT trajectory vs. Low Stable PRT trajectory 
(OR 0.16, [95% CI 0.04, 0.69]); the difference in teacher 
age was not significant for PRT trajectories.

Comparisons between Descending PRT use trajectory 
and Low Stable PRT use trajectory yielded several statis-
tically significant differences. Children in the Descending 
PRT use trajectory (which started at a relatively high average 
intensity of PRT use) had, on average, fewer students in the 
class (OR 0.63 [95% CI 0.46, 0.87]) and more classroom 
staff (OR 1.42 [95% CI 1.05, 1.92]). Teachers of children in 
the Descending PRT Use trajectory profile had, on average, 

lower intentions to use PRT (OR 0.75 [95% CI 0.57, 0.99]) 
(Table 3).

Child Level Predictors of PRT Use

Children’s greater scores on PDDBI Sensory Symptoms 
Subscale significantly predicted the Descending PRT use 
trajectory versus the Low Stable PRT trajectory (OR 1.03 
[95% CI 1.00, 1.05]). Other child-level characteristics’ pre-
diction of the Ascending and Descending PRT Trajectories 
versus the Low Stable PRT trajectory were statistically 

Table 3  Multinomial logistic regression predicting DTT and PRT trajectory class membership

PDDBI pervasive developmental disorder behavioral inventory; DAS differential ability scales for autism
*p < .05

\ High ascending DTT use (referent group: low 
stable DTT use)
OR [95% CI]

Late ascending DTT use (refer-
ent group: low stable DTT use)
OR [95% CI]

Teacher/classroom/organizational characteristics
Training in ASD intervention 3.70* [1.25–10.91] 1.13 [0.41–3.09]
Years teacher spent in special education 1.20* [1.06–1.35] 1.03 [0.97–1.09]
DTT skill (accuracy measured at baseline) 1.45* [1.04–2.04] 1.01 [0.66–1.52]
Implementation leadership 0.58* [0.40–0.81] 0.62 [0.38–1.01]
Implementation climate 1.02 [0.71–1.33] 0.92 [0.60–1.25]
Average class size 0.88 [0.6–1.27] 1.27 [0.80–2.01]
Number of classroom support staff 1.45* [1.04–2.01] 0.89 [0.50–1.57]
Teacher’s intentions to provide DTT 0.76 [0.39–1.50] 0.76 [0.39–1.50]
Teacher’s age 0.91* [0.86–0.97] 1.04* [1.01–1.08]
Teachers’ race: White 0.36 [0.12–1.10] 0.36 [0.12–1.10]
Child characteristics
 DAS verbal subscale 0.97* [0.95–0.99] 0.98 [0.97–1.01]
 PDDBI social approach subscale 0.98* [0.95–0.99] 0.98 [0.95–1.01]
 PDDBI sensory symptoms subscale 1.02 [0.99–1.04] 1.01 [0.99–1.04]

Ascending PRT use (referent group: low 
stable PRT use)
OR [95% CI]

Descending PRT use (referent 
group: low stable PRT use)
OR [95% CI]

Teacher/classroom/organizational characteristics
Training in ASD intervention 1.00 [0.34–2.89] 0.34 [0.10–1.20]
Years teacher spent in special education 1.03 [0.90–1.18] 0.98 [0.90–1.08]
PRT skill (accuracy measured at baseline) 1.68* [1.06–2.70] 1.21 [0.79–1.87]
Implementation leadership 0.40* [0.23–0.68] 1.24 [0.67–2.30]
Implementation climate 1.05 [0.53–1.57] 0.94 [0.60–1.28]
Average class size 0.56* [0.36–0.86] 0.63* [0.46–0.87]
Number of classroom support staff 1.35 [0.87–2.08] 1.42* [1.05–1.92]
Teacher’s intentions to provide PRT 0.91 [0.60–1.39] 0.75* [0.57–0.99]
Teacher’s age 0.92* [0.85–0.99] 0.97 [0.96–1.01]
Teachers’ race: White 0.16* [0.04–0.69] 0.51 [0.35–3.97]
Child characteristics
 DAS verbal subscale 0.99 [0.97–1.02] 1.00 [0.99–1.02]
 PDDBI social approach subscale 0.99 [0.98–1.01] 1.00 [0.98–1.02]
 PDDBI sensory symptoms subscale 1.01 [0.99–1.03] 1.03* [1.00–1.05]
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non-significant, in the same directions as for High Ascend-
ing and Late Ascending DTT trajectories (Table 3).

Based on the Holm-modified Bonferroni sequential rejec-
tive procedure (Holm 1979), multinomial logistic regression 
coefficients of DTT skill and DAS Verbal Subscale on High 
Ascending DTT trajectory vs. Low Stable DTT trajectory 
were no longer statistically significant; other reported regres-
sion coefficients remained statistically significant.

Multinomial logistic regression analyses comparing the 
High Ascending DTT Trajectory profile to the Late Ascend-
ing DTT Trajectory profile, and comparing the Ascending 
PRT Trajectory profile to the Descending PRT Trajectory 
profile, did not yield statistically significant regression coef-
ficients. Therefore, these comparisons are not reported.

Discussion

Our study examined latent profiles of children’s receipt 
of DTT and PRT in autism support classrooms during the 
course of an academic year. The results revealed consider-
able variability in children’s receipt of evidence-based treat-
ment over the course of the year. Throughout the year, more 
than 30% of children received increasing doses of DTT, 
some at faster and others at slower pace; 15% of children 
received increasing doses of PRT. Most children received 
consistently low doses of DTT and PRT throughout the year. 
Our findings emphasize that children with ASD and their 
teachers cluster by differential needs for EBP sustainment 
support patterned over time.

One can conceptualize the factors that shape teachers’ use 
of EBP for children with autism as falling into two catego-
ries. First, the teacher decides whether the particular EBP 
is appropriate for each child based on the child’s charac-
teristics. Second, the teacher and classroom characteristics 
facilitate or hinder the use of that EBP. Our ICC analyses 
suggest that child-level and teacher-level factors contrib-
ute roughly in equal proportion to determining the child’s 
year-long trajectory of treatment. One major implication is 
that “half the battle” in increasing implementation of evi-
dence-based treatment for children with ASD may be won 
by understanding and modifying the teacher’s perception of 
the child’s needs and barriers in working with a particular 
child, such as behavior management issues, or teacher’s per-
ception of each child’s malleability to evidence-based treat-
ment. For example, the higher severity of children’s autism 
symptoms was linked to their greater likelihood of being on 
higher trajectories of DTT and PRT use. More specifically, 
greater scores on adaptive subscales, DAS Verbal Subscale 
and PDDBI Social Approach Subscale, were associated 
with lower likelihood of being on the High Ascending DTT 
trajectory; while greater scores on a maladaptive subscale, 
PDDBI Sensory Symptoms Subscale, were associated with 

a greater likelihood of being on the Descending (vs. the Low 
Stable) PRT trajectory (Table 3). This finding is similar to 
that in Nuske et al. (2019), where teachers gave more treat-
ment to children with more obvious impairments. While 
promising in some sense, this also means that the children 
with less severe symptoms may be inadvertently neglected, 
although they also are likely to benefit from DTT and PRT 
(Nuske et al. 2019).

The other half of the “battle” to increase EBP use may 
be won by implementation strategies that target teacher and 
classroom characteristics. For example, we found that teach-
ers’ prior training in ASD interventions, their EBP skills, as 
well as the number of children in the classroom and the num-
ber of support staff were associated with their use of EBP. 
These findings suggest that implementation strategies target-
ing the sustainment of EBP for children with ASD should 
focus on multiple components of the EPIS framework (Aar-
ons et al. 2011), including (a) inner context modifications 
such as increasing staff-student ratios, (b) fidelity support by 
teacher training in ASD treatment, and (c) ongoing coaching 
to support teachers’ understanding of each individual child’s 
need for evidence-based instruction.

Neither half of the “battle” has been won yet. The results 
of our ICC analysis should be interpreted in the context of 
the limited uptake of both DTT and PRT in the classrooms 
where the data were collected. Teacher and classroom vari-
ables, and particularly child variables, used in this study, 
contribute modestly to the trajectory membership. Our study 
encourages further search for stronger implementation tar-
gets, both on teacher-classroom level and among individ-
ual child characteristics. More generally, further research 
is needed to better understand teachers’ decision-making 
about particular interventions being appropriate for either 
the classroom or the individual child.

Finally, our finding that patterns of treatment intensity 
throughout the year differ across children, highlights a need 
for early identification of children and teachers likely to be 
on ascending, high descending, or consistently low trajecto-
ries of treatment. Different trajectory groups may require dif-
ferent supportive coaching approaches (Aarons et al. 2011). 
For example, for teachers in ascending trajectory clusters, 
who apparently respond well to the skill-based coaching 
our consultants provided, more intense coaching earlier 
in the academic year may be sufficient. For teachers in the 
descending PRT profile, reassessments of psychological and 
environmental barriers to PRT use throughout the year, and 
matching coaching efforts accordingly, may be warranted. 
In the low stable profiles, traditional training and coaching 
don’t seem to work. In this group, a potentially promising 
approach may involve individually tailored strategies. For 
example, some teachers in stable low profiles may have unfa-
vorable opinion about DTT and PRT; they might potentially 
respond to a strategy strengthening their behavioral and 
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normative beliefs in reference to these treatment methods. 
Other teachers may experience long-term environmental 
barriers to DTT and PRT use such as difficulty organizing 
classroom time; they may respond to a strategy focused on 
better classroom time organization. Additionally, teachers 
may be persuaded about each particular child’s potential 
developmental malleability in response to DTT and PRT.

Somewhat puzzling is the finding that teachers’ posi-
tive beliefs about organization leaders’ EBP support and 
expertise measured by ILS was inversely associated with 
ascending DTT and PRT profiles. One possible interpre-
tation relates to the fact that the ILS asks questions about 
“evidence-based practice” in general rather than specific 
practices such as DTT and PRT. Teachers may perceive that 
principals support for EBP as support for whatever interven-
tions the teacher is using. This may lead to teachers’ compla-
cency, resulting in their reduced motivation to increase the 
use of EBP over time. Literature on organizational behavior 
suggests that studies focusing on specific behaviors such as 
particular treatment methods, should measure highly behav-
ior-specific constructs (Judge and Kammeyer-Mueller 2012). 
Implementation science may benefit from this approach to 
using measures more specific to the practice of interest. 
Teachers’ assessment of the implementation climate in their 
organizations was not associated with their trajectory pro-
file. It may be that teachers in ASD support classrooms are 
isolated from the broader fabric of their schools, potentially 
leading to the low relevance of organizational implementa-
tion climate for teachers’ classroom decisions.

Several study limitations should be mentioned. First, 
our analyses examined EBP use at the child rather than 
teacher level; to the extent that the choice of EBP is the 
teacher’s decision, this approach may inflate the statistical 
power because there are fewer teachers than children in the 
analysis. We used this approach because emerging evidence 
emphasizes the importance of individual child character-
istics for EBP use (Nuske et al. 2019). Our ICC analysis 
confirmed that some of teachers’ treatment decisions may 
be based on children’s individual characteristics, while some 
other decisions are more teacher-driven. Not accounting for 
child-level variation in deriving the trajectories of EBP use 
would effectively wipe out individual variability among 
the children and would assume that teachers approach to 
intervention selection is the same for all children in their 
classrooms. Our ICC analysis, and the analyses of predic-
tors of EBP use would not be possible without accounting 
for child-level variability of longitudinal EBP patterns. Our 
analyses predicting child EBP trajectories from teacher and 
child characteristics statistically accounted for the multilevel 
data, increasing our confidence in our results, which still 
should be interpreted with caution.

Another limitation is that the measures of DTT and PRT 
intensity with each child relied on teachers’ reports which 

were not verified by an independent source, e.g. by observa-
tion of intensity. This may potentially introduce social desir-
ability bias and recall bias, among other problems. Unfor-
tunately, in the real classroom context, the lack of process 
control and teachers’ constant attention to the emergent 
needs of multiple students with ASD makes it unfeasible 
to reliably quantify the intensity of their DTT and PRT use 
with each child by any means except self-report. Appropriate 
steps were taken to assure honest responding: teachers were 
assured of the confidentiality of their responses and that 
their responses would not be shared with their employers; 
and research staff were trained to build trustworthy relation-
ships with the teachers. For example, teachers did not per-
ceive coaches as having an evaluative function or authority; 
therefore teacher reports were unlikely to be distorted by 
social desirability bias (Pellecchia et al. 2016). Addition-
ally, coaches’ case observations of teachers’ work with each 
individual child served as an informal verification proce-
dure: teachers’ intensity reports that did not converge with 
the coach’s case observations were discussed between the 
coach and the teacher until agreement was reached. To mini-
mize recall bias, teachers reported intensity of their work 
with each child in a short time span (previous week only). 
Such reporting tends to tap into the episodic memory of 
the reported events versus the semantic memory of how the 
events tend to/should happen. Episodic memory is known to 
provide more accurate reconstruction of events; and recall 
bias has been linked to semantic memory more than to epi-
sodic memory (Houtveen and Oei 2007; Jaccard and Wan 
1995). A third limitation is that DTT and PRT intentions 
were measured by only one item each. This is not ideal; how-
ever studies have demonstrated high predictive validity of 
these measures in autism support classrooms (Fishman et al. 
2018); and prior research has indicated high correspondence 
of single-item intentions indicators with more complex mul-
tiple-item measures of the same constructs (Guilamo-Ramos 
et al. 2011). Additionally, a new psychometric study (Fish-
man et al. under review) shows that, at least for some EBPs, 
a single-item measure of intent to implement has predictive 
validity on the par with that of a three-item intent scale.

One more potential concern is teachers’ skills in PRT 
and DTT are likely to grow throughout the year, given the 
coaching program they receive; while our data on teacher 
skills represent only the baseline measure (or “intercept” 
value) of this presumably growing characteristic. A similar 
consideration may also be relevant for some other (but not 
all) predictor variables used in our MLR analysis, includ-
ing teachers’ intentions to use PRT and DTT. Within the 
scope of this study, we did not pursue formal analysis of 
the co-evolution between variables, e.g. growth curve anal-
ysis; we rather explored whether the data would reveal 
meaningfully clustered trajectories of EBP use. Further 
studies should follow our novel discovery of the above 
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trajectories; and examine how they temporally co-evolve 
with the development of teachers’ skills. An additional 
limitation is that, for an individual child, a teacher may 
choose not to use DDT because they are using PRT, or vice 
versa. This could potentially lead to a lack of independence 
of the two dependent variables. It is worth mentioning that 
coaching procedures encouraged the use of DTT and PRT 
as distinct treatment methods, and the use of both methods 
for each child instead of picking DTT over PRT for a par-
ticular child, or vice versa. Additionally, the majority of 
children received little of either DTT or PRT throughout 
the year (the Stable Low Trajectories). There is, therefore, 
little likelihood for a child to receive DTT at stable low 
intensity, but receive PRT at a higher intensity, and vice 
versa. This somewhat reduces the concern about a lack of 
independence of the two dependent variables. Finally, the 
modest sample size apparently contributed to the absence 
of statistically significant comparisons between the High 
Ascending DTT Trajectory profile and the Late Ascending 
DTT Trajectory profile, as well as between the Ascending 
PRT Trajectory profile and the Descending PRT Trajectory 
profile. Further studies in schools for children with autism 
may benefit from larger samples of teachers and children 
to allow more precise comparisons.

Despite these limitations, there are important implica-
tions related to these findings. There is considerable variabil-
ity in children’s receipt of evidence-based treatment over the 
course of the year, with some children receiving increasing 
doses of treatment and most receiving no or consistently low 
treatment throughout the year. Child-level and teacher-level 
factors contribute roughly in equal proportion to determin-
ing the child’s year-long trajectory of treatment. About half 
of the potential success in increasing the implementation of 
EBP for children with autism may be achieved by modifying 
factors on the level of child-teacher dyads. Another half may 
be obtained by addressing factors at the teacher/classroom 
level such as teacher training in ASD interventions, EBP 
skills, as well as the number of children in the classroom and 
the number of support staffers. There is a need to identify, 
early in the academic year, groups of children and teach-
ers likely to be on ascending, or descending, or consistently 
low trajectories of treatment, because different groups may 
require tailored implementation strategies.
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