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Abstract 
 
Objective: Autism early intervention meta-analyses have provided initial answers to questions such 
as ‘what types of interventions work’ and ‘for what outcomes’? However, we also want to know ‘for 
whom’ is early intervention most effective for? Mega-analysis can offer up complementary insights 
to meta-analyses regarding the ‘what works’ and ‘for what’, while also offering unique insights into 
the ‘for whom’ question.  
 
Methods: Here we conduct a mega-analysis with linear mixed effect modeling on AEIR consortium 
early intervention datasets totaling n=645 children spanning several countries (e.g., USA, 
Switzerland, Italy, Israel, and Australia). Early Start Denver Model (ESDM) and other non-ESDM 
approaches (e.g., EIBI, NDBI, other community/treatment as usual approaches) was evaluated as 
contrasting intervention types. Models also evaluated intervention intensity, type, participant sex, age 
at intervention start, and pre-intervention developmental quotient. Subscales of Mullen Scales of 
Early Learning (MSEL), Vineland Adaptive Behavior Scales (VABS), and Autism Diagnostic 
Observation Schedule (ADOS) were utilized as outcome measures. 
 
Results: Neither intervention intensity nor participant sex affected outcomes. ESDM showed faster 
growth in language and non-verbal cognition compared to non-ESDM intervention. Irrespective of 
intervention type, earlier intervention start was associated with increased MSEL and VABS scores 
and decreased ADOS severity. Growth trajectories on the MSEL also varied by pre-intervention 
developmental quotient, with higher quotients predicting faster growth irrespective of intervention 
type. 
 
Conclusions: Age at intervention start and pre-intervention developmental quotient are important 
individualized factors that predict early intervention response. ESDM also impacts language, non-
verbal cognition, and core autism features. 
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Autism is one of the most common neurodevelopmental conditions in society today and 

represents a broad population of individuals that are heterogeneous across multiple scales, from 
genotype to phenotype (Lombardo et al., 2019), across development (Gentles et al., 2023), and across 
important clinical outcomes (e.g., responses to intervention) (Godel et al., 2022; Lombardo et al., 
2021; Vivanti, Prior, et al., 2014). A top priority on the path towards precision medicine is the 
development of early intervention approaches that facilitate developmental gains and positive 
outcomes aligned with multiple different stakeholder perspectives (Lombardo & Mandelli, 2022; 
Pellicano & den Houting, 2021; Tager-Flusberg & Kasari, 2013). The push for earlier diagnosis and 
intervention is also paramount (Pierce et al., 2021; C. J. Smith et al., 2022) and predicated on the idea 
that there is higher probability of facilitating more positive outcomes because of the greater neural 
plasticity offered during the earliest periods of neurodevelopment (Dawson, 2008). The top 
priorities/questions for early intervention research are quite clear. We seek to better understand 1) 
what works, 2) for whom, and 3) for what (Sandbank, Bottema-Beutel, Crowley, Cassidy, Dunham, et 
al., 2020)? Since heterogeneity in response to early intervention is a high priority topic, it is important 
to further unpack the ‘for whom’ question. We need to better understand how and why early 
intervention is facilitating differential individualized outcomes. For these important questions, we 
have to go beyond examination of on-average group-differences due to intervention and dissect what 
are the factors or characteristics present in children before intervention begins that would help us 
predict the subsequent developmental path during a particular intervention (Lombardo et al., 2021; 
Mandelli et al., 2023; Vivanti, Prior, et al., 2014). Another important priority is to better understand 
what is changing in terms of underlying neurobiology as a function of the differential experience and 
learning provided by effective early intervention (Dawson et al., 2012; Jones et al., 2017; Lombardo 
et al., 2021). 

 
Prior reviews and meta-analyses of autism early intervention research provide an initial 

starting point on the ‘what works’ and ‘for what’ questions. Such work helps us get a better sense of 
how early intervention may or may not have effects at a group-level. However, despite extensive culls 
through the literature on early intervention, results can seem mixed (e.g., (Crank et al., 2021; Eldevik 
et al., 2009; Fuller & Kaiser, 2020; Howlin et al., 2009; McGlade et al., 2023; Rodgers et al., 2021; 
Sandbank, Bottema-Beutel, Crowley, Cassidy, Dunham, et al., 2020; Sandbank, Bottema-Beutel, 
Crowley, Cassidy, Feldman, et al., 2020; Sandbank et al., 2023; Warren et al., 2011). For example, 
without filtering or controlling for study quality/bias, there is some evidence that various types of 
early intervention (e.g., developmental and naturalistic developmental behavioral interventions; 
NDBI) can be effective on-average in changing a variety of outcomes including language, intellectual 
and social communication abilities (Fuller et al., 2020; Sandbank, Bottema-Beutel, Crowley, Cassidy, 
Dunham, et al., 2020; Sandbank, Bottema-Beutel, Crowley, Cassidy, Feldman, et al., 2020; Sandbank 
et al., 2023). However, a somewhat different picture emerges when evaluating a smaller handful of 
high-quality randomized controlled trials (RCT). Using this particular restriction, earlier meta-
analyses showed that several types of early behavioral interventions may be limited in effectiveness 
in changing cognitive, language, or core autism symptom domains (Crank et al., 2021; McGlade et 
al., 2023; Sandbank, Bottema-Beutel, Crowley, Cassidy, Dunham, et al., 2020). However, a more 
recent updated meta-analysis suggests that some intervention types like naturalistic developmental 
behavioral interventions (NDBI) (e.g., Early Start Denver Model, ESDM) can promote positive 
outcomes in cognitive, language, adaptive functioning, and core diagnostic characteristics of autism 
(Sandbank et al., 2023).  

 
 While meta-analytic inferences are very important, there may also be some limitations for 
some research priorities/questions. First, meta-analytic work enables tests of whether replicable non-
zero group-level effects exist in the literature. This goal is tailored to answer the ‘what works’ and 
‘for what’ questions quite well. Nevertheless, these goals may be complicated when heterogeneity in 
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response to intervention exists (i.e. answering the ‘for whom’ question). Although evidence from 
high-quality RCTs suggests that group-level effects vary considerably across the literature (Crank et 
al., 2021; McGlade et al., 2023; Sandbank, Bottema-Beutel, Crowley, Cassidy, Dunham, et al., 2020; 
Sandbank et al., 2023), this does not preclude the fact that the interventions may still have important 
effects on specific types of individuals. Thus, a different analytic approach may be complementary 
for answering the ‘for whom’ question. Approaches such as individual participant data meta-analysis 
(IPD-MA) or ‘mega-analysis’ (Eisenhauer, 2021) may be complementary to meta-analysis by 
allowing for deeper insight than what may be possible from meta-analysis alone. Mega-analysis 
utilizes the raw data from individual participants across many studies and allows for testing not only 
group-level effects, but also factors that explain individual differences in intervention response. To 
our knowledge, the only IPD-MA/mega-analysis in the literature (Rodgers et al., 2021) compares 
early intensive applied behavior analysis (ABA) based interventions, such as variants of early 
intensive behavioral intervention (EIBI) and NDBI, to treatment-as-usual (TAU) or eclectic 
interventions. The primary findings here suggest that early intensive ABA- based interventions have 
a small effect on intellectual and adaptive functioning. Other moderating individual difference factors 
such as sex, age, baseline cognitive or adaptive functioning level, did not interact with intervention 
type to explain heterogeneity in intervention response. 

 
A second limitation of meta-analytic work is that statistical power to detect on-average group-

level effects may be low when restrictions are placed on filtering for only a small subset of high-
quality studies. Indeed, in contrast to earlier meta-analyses (Sandbank, Bottema-Beutel, Crowley, 
Cassidy, Dunham, et al., 2020), the more recent updated meta-analyses with higher statistical power 
via the inclusion of more studies, tends to reveal somewhat difference inferences (Sandbank et al., 
2023). Additionally, the small handful of existing high-quality RCT studies tend to have relatively 
small sample sizes. In the case of small sample sizes, unadjusted descriptive statistics and standardized 
effects size computed from them will be inherently less precise and possibly more prone to effect size 
inflation (Lombardo et al., 2019). Utilizing unadjusted statistics in meta-analysis is a necessary step 
to homogenize effect size computation across heterogeneous studies. However, this attribute does not 
allow for correction for covariates within-study that would typically be applied in each individual 
study. To tackle this issue to some extent, moderator analyses from meta-regression models can be 
implemented to test associations with study-specific factors and covariates (e.g., mean age at 
intervention start). These moderator analyses are limited though to study-specific summary factors 
(e.g., mean age) that themselves are descriptive statistics computed per study and are inherently not 
the same measuring and controlling for those covariates within individuals (e.g., age at intervention 
start per individual). Again, utilization of mega-analysis addresses this limitation by allowing for 
covariates to be applied within-study at the level of individuals.  

 
 To overcome these limitations, we developed the Autism Early Intervention Research (AEIR) 
consortium to pool together individual participant data from many studies on early intervention in 
autism for the purpose of conducting mega-analyses. AEIR has been able to pool together 645 autistic 
individuals with age range between 13 to 60 months that can be reduced to two main intervention 
types: Early Start Denver Model (ESDM) and non-ESDM high quality early interventions approaches 
(e.g., ABA, PRT, STAR) as well as interventions employed in community settings and commonly 
referred ‘treatment-as-usual’ (e.g., speech, occupational, psychomotor therapy). A contrast of ESDM 
versus non-ESDM is utilized in this work for sake of convenience given the roughly half split between 
these two intervention approaches within the AEIR consortium dataset (Figure 1; Supplementary 
Table 1). Contrasting ESDM to non-ESDM approaches in a mega-analysis can be useful for 
comparing to other meta-analyses (Fuller et al., 2020) as well as previous individual high-quality 
ESDM RCT studies (Dawson et al., 2010; Estes et al., 2015; Rogers et al., 2019, 2021). In addition 
to contrasting the effects of ESDM vs non-ESDM intervention types, we also evaluate main effects 
and interactions between factors such as age, intervention intensity, age at intervention start, and pre-
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intervention developmental quotient as possible factors that can predict significant variance in 
intervention responses.   
 
 
Methods 
 

All secondary data analysis reported here was approved by the Province of Trento Azienda 
Provinciale per i Servizi Sanitaria (APSS) ethical committee. 
 
Datasets 
 

Data utilized in this study come from 11 international datasets on early intervention in autistic 
toddlers as part of the Autism Early Intervention Research (AEIR) consortium. Many, though not all, 
of these datasets have already been previously published independently (Bacon et al., 2014; Colombi 
et al., 2018; Contaldo et al., 2020; Godel et al., 2022; Muratori et al., 2014; Robain et al., 2020; 
Rogers et al., 2019; Sinai-Gavrilov et al., 2020; Vivanti et al., 2019; Vivanti, Paynter, et al., 2014). 
The final dataset comprises n=645 (female n=128) autistic children, with ages at intervention start 
ranging from between 13-60 months. All datasets have at least 2 timepoints within an individual but 
some datasets possess more than 2 timepoints per individual. See Supplementary Table 1 for 
characteristics of individual datasets (Fig 1A).  
 
Early Intervention Programs 
 

Participants received between 3-27 months of early intervention from varying approaches and 
variable levels of intervention intensity (Supplementary Table 1). Given the considerable number of 
participants that completed one type of early intervention known as Early Start Denver Model 
(ESDM) we partitioned the data into two groups: 1) ESDM (n=304, females= 65) or 2) non-ESDM 
intervention (non-ESDM; n=341, females= 63). The non-ESDM interventions represents a 
combination of other types of early interventions commonly used in the literature and in community 
settings (e.g., speech therapy, occupational therapy, ABA/Discrete Trial Training, Pivotal Response 
Training, STAR program, etc). Early interventions varied in their format of administration and could 
be comprised of individual, group, and parent intervention components.  
 
Outcome measures 
 
 All datasets had commonalities with reference to measures utilized to examine cognitive 
ability, language, motor, adaptive functioning, and autism symptom severity. For cognitive ability, 
language, and motor skills, most datasets in AEIR, with the exception of those originating in Italy, 
utilized the Mullen Early Scales of Learning (MSEL) (Mullen, 1995). Scores on the MSEL that were 
utilized were subscales of expressive and receptive language (EL, RL), visual reception skills (VR) 
and fine motor (FM). For these subscales, we utilized age-equivalent scores in our developmental 
trajectory analyses to examine how outcome measures change over age and scale with changes in 
age-equivalent score growth. Adaptive functioning was measured in all datasets with the Vineland 
Adaptive Behavior Scales (VABS) (Sparrow et al., 2005). For the VABS we utilized standardized 
scores on domains such as Communication, Socialization, Daily Living Skills, and Motor. Finally, 
concerning autism symptom severity, here we utilized the Autism Diagnostic Observation Schedule 
(ADOS) Calibrated Severity Scores (CSS) (Esler et al., 2015; Gotham et al., 2009; Hus et al., 2014). 
ADOS CSS scores are advantageous because they are standardized relative to a child’s age and 
language ability and ensure comparability across ADOS administration modules.  
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Predictor Measures 
 

In this work we conducted a mega-analysis to clarify the main effects and interactions between 
intervention and subject characteristics, aiming to disentangle the contribution of each aspect. To 
achieve this, we needed to extract measures that were common across all datasets to use as predictors 
in our analysis. Regarding intervention-specific factors potentially able to predict intervention 
outcome measures, we assessed type of early intervention (ESDM or non-ESDM) and an intervention 
intensity index. The intervention intensity index we use helps to balance intensity formalized as hours 
and weeks of intervention with the number of adults and children present in the intervention context, 
and is computed as: (weeks of intervention * hours per week * number of adults) / number of children 
present (Waizbard-Bartov et al., 2021). Concerning the child characteristics at intervention start, we 
analyzed cognitive abilities at intervention start reported as developmental quotient scores (DQ). DQ 
scores were derived from the MSEL early learning composite (ELC) score. The exception here was 
for Italian datasets whereby MSEL was not collected. In this situation, DQ scores were derived from 
the Griffith Mental Development Scales (GMDS) (Griffith et al., 2006). Finally, age at intervention 
start and biological sex were also selected and analyzed as demographic factors that might be 
predictors associated with intervention responses.  
 
Statistical Analyses 
 

In the first set of analyses, we evaluated whether the initial pre-intervention characteristics of 
children or intervention intensity were comparable between the ESDM and non-ESDM groups. To 
examine this, we employed a linear mixed effect model with fixed effects of intervention type, sex, 
and their interaction and with dataset modeled as random effect. Additionally, we utilized a chi-
squared test to investigate whether the distribution of males and females varied by intervention type 
(Fig 1B). 

 
In the second set of analyses, we aimed to test the influence of the predictors on intervention 

outcomes. We utilized a set of linear mixed effect models to account for repeated measures and handle 
nested within-study factors. Three sets of models were analyzed, organized by whether the outcome 
measures were from MSEL, VABS, or ADOS. For MSEL models, the dependent variable was the 
age-equivalent scores of each of the MSEL subscales, with one model run for each subscale. Datasets 
from Italy were excluded from these models as these datasets did not have MSEL data available. For 
VABS models, the dependent variable was the standardized domain scores, with a separate model for 
each VABS domain. For the ADOS we employed three distinct models, with each model analyzing 
a different CSS score as the dependent variable. In terms of the independent variables, we used the 
same variables for all models to enable comparison. Fixed effects in the models were age, intervention 
type, intervention intensity index, sex, age at intervention start, and pre-intervention developmental 
quotient. Interaction effects were also modeled as fixed effects and include interactions between age 
and pre-intervention DQ, age at intervention start, and intervention type. Random effects were also 
utilized in the model to account for subject-specific age intercepts and slopes (i.e. age modeled within 
subject-ID, dataset). All linear mixed effect modeling was conducted in R using the lmer function 
within the lmerTest R library. To identify significant effects across multiple analyses, p-values were 
utilized to compute FDR values, and then FDR control for multiple comparisons was achieved with 
thresholding at q<0.05. Code implementing all analyses can be found at https://gitlab.iit.it/bmp006-
public/LAND_IIT/aeir1. 
 
 
Results 
 
Pre-intervention differences between ESDM and non-ESDM 
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 In this mega-analysis, we report data compiled from the AEIR consortium across 11 datasets 
(Figure 1A) comprising n=645 autistic individuals. Data were split into two main types of early 
intervention: 1) ESDM (n=304, male = 78.6%, age range = 14-57 months) and 2) non-ESDM (n=341, 
male = 81.5%, age range = 13-60 months). See Supplementary Table 2 for a breakdown of descriptive 
statistics of baseline measures between these intervention types. Intervention types did not differ in 
proportion of males versus females (χ2 = 0.68, p = 0.40). After controlling for dataset, pre-intervention 
developmental quotient did not differ between intervention types (F(1,569) = 2,6, p = 0.23). Age at 
intervention start differed between intervention types (F(1,637) = 32.7, p = 4.72e-08), with ESDM 
showing on average younger ages than non-ESDM by 3 months (mean age, ESDM = 30.46 months; 
non-ESDM = 33.61). Intervention intensity index also differed between intervention types (F(1,637) 
= 66.8, p = 4.66e-15) with ESDM being on-average more intense than non-ESDM (Supplementary 
Table 3). Given these differences between intervention types, these variables are included in all 
further models to account for variability attributed to them. 
 

 
Figure 1: The Autism Early Intervention Research (AEIR) consortium along with intervention 
and characteristics describing the combined AEIR dataset. Panel A shows sites around the world 
where data from the AEIR consortium originates from. On the far left of Panel B is a plot that shows 
the proportion of males (blue) versus females (pink) broken down by the two intervention types 
(ESDM, left; non-ESDM, right). The plot on the mid-left shows age at intervention start density plots 
for the two intervention types (ESDM, purple; non-ESDM, green), where age at intervention start is 
indicated in months on the x-axis. The plot on the mid-right shows the intervention intensity index 
(see Methods for a description of how this index is computed) for the two intervention types. The plot 
on the far right shows pre-intervention developmental quotients (DQ; x-axis) for the two intervention 
types.  
 
Effects of intervention type  
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 A primary research priority for early intervention is to examine questions of ‘what works’ and 
‘for what’. Here we assess those questions specifically with a contrast of ESDM versus non-ESDM 
intervention types. If intervention type differs, we would expect an intervention type*age interaction 
effect, whereby group-level trajectories of one intervention type significantly differ compared to the 
other intervention type (Fig 2A). Using ADOS CSS scores as the outcome measure, we find an 
intervention type*age interaction specifically for ADOS RRB CSS (F = 5.71, p = 0.0171, FDR q = 
0.0385) whereby ESDM has a slightly steeper trajectory (i.e. increasing severity over time) than non-
ESDM (Fig 2B). Such interactions with age were not found for ADOS CSS SA or total CSS scores. 
Using the VABS as the outcome measure, we did not find any intervention type*age interactions for 
any of the VABS domains (Fig 2C). Thus, ESDM and non-ESDM largely have relatively similar 
rates of growth over development for the VABS. Using the MSEL as the outcome measure, we 
detected a significant intervention type*age interaction for receptive language (RL) (F = 8.28, p = 
4.16e-3, FDR q = 7.49e-3) (Fig 2D). This effect can be described as ESDM showing a slightly steeper 
trajectory (i.e. faster growth) compared to non-ESDM. Similar effects of faster growth for ESDM 
compared to non-ESDM are evident for expressive language (EL) and visual reception (VR) 
subscales, when a more liberal false discovery rate (FDR) threshold of q<0.1 is applied to the 
intervention type*age interaction (EL: F = 4.19, p = 0.0412, FDR q = 0.0742; VR: F = 5.27, p = 
0.0395, FDR q = 0.0711). In contrast, no intervention type*age interaction is present for the MSEL 
FM subscale. See Supplementary Table 4 for the full set of statistics for all models and comparisons 
in Figure 2.  
 

 
Figure 2: Comparison of ESDM versus non-ESDM intervention. Panel A is a hypothetical figure 
showing an example of a significant intervention type*age interaction effect, whereby one 
intervention type (e.g., ESDM) shows faster growth over time than the other intervention type (e.g., 
non-ESDM). Panels B-D show spaghetti plots for ADOS (B), VABS (C) and MSEL (D) outcome 
measures. In all plots, ESDM is shown in purple, while non-ESDM is shown in green. The x-axis 
shows chronological age in months, while the y-axis shows the dependent variable for each measure 
(e.g., CSS scores for ADOS, standardized scores for VABS, age-equivalent scores for MSEL). Each 
individual child is shown with transparent lines, while the group-level trajectory along with 95% 
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confidence bands are shown overlaid on top. The ~ symbol indicates intervention type*age 
interaction effects passing FDR q<0.1, while a star (*) indicates intervention type*age interaction 
effects that passing FDR q<0.05.   
 
Effects of age at intervention start  
 
 While answering the ‘what works’ and ‘for what’ is fundamentally important, there is also the 
important question of ‘for whom and how’ does early intervention work best for individuals? To 
answer these questions, here we report results from our models for predictor variables such as sex, 
age at intervention start, and pre-intervention developmental quotient. Sex has no effect for nearly all 
MSEL, VABS, or ADOS dependent variables, apart from a small effect (i.e. Male>Female) for VABS 
motor (F = 4.99, p = 0.026, FDR q = 0.039). In contrast, there is a main effect for age at intervention 
start, which can be described as generally having better scores most outcome measures (i.e. higher 
VABS and MSEL scores, lower ADOS scores) for individuals that start intervention earlier (Fig 3A). 
This is clearly shown in Figure 3B for the VABS and MSEL, whereby individuals starting 
intervention earlier (e.g., depicted as progressively lighter blue across deciles defined by age at 
intervention start) have on-average higher scores both at entry and on the outcome measure. These 
effects are most evident on MSEL and VABS, as these main effects of age at intervention start are 
evident without an interaction between age at intervention start and age (Supplementary Table 4). An 
exception to this statement occurs for the VABS Motor subscale, because there is a significant 
age*age at intervention start interaction effect (F = 7.85, p = 0.00542, FDR q = 0.0122) described by 
declining motor trajectories in individuals that start earlier followed by later flattening of trajectories 
in individuals starting intervention later (Fig 3B). Age*age at intervention start interaction effects 
also occur for ADOS SA CSS scores (F = 8.03, p = 0.00472, FDR q = 0.0106) and to a lesser extent 
for ADOS CSS total scores (F = 4.51, p = 0.0338, FDR q = 0.06). These interactions are described 
by declining trajectories in individuals starting earlier (i.e. decreasing autism severity over time), 
while trajectories flatten out and become more stable over time for individuals who start intervention 
later (Fig 4A). See Supplementary Table 4 for all statistics for these effects across all models. 
 

 
Figure 3: Effect of age at intervention start and pre-intervention developmental quotient on Mullen 
(MSEL) and Vineland (VABS) scores. Panel A and C show hypothesized examples of a main effect 
of age at intervention start (A) and an interaction between pre-intervention developmental quotient 
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(Pre-Int DQ) and age (C). The coloring in all plots indicates continuous variation in each decile of 
the main predictor variable. For age at intervention start, the lowest deciles (lighter blue) are for 
individuals starting intervention at earlier ages. Increasing deciles (progressively darker blue) scale 
with progressively later age at intervention start. For Pre-Int DQ, the lowest deciles (darker red) are 
for individuals with the lowest Pre-Int DQ. Increasing deciles (progressively lighter red) scale with 
increasing levels of Pre-Int DQ. The plot in panel A shows a hypothetical main effect of age at 
intervention start, whereby there generally higher scores are observed for individuals that start 
intervention at the earliest ages. Note that there is no interaction with age, and this indicates a 
situation where the trajectories stay parallel as one increases from starting earlier to later. In 
contrast, Panel C shows a hypothetical interaction between Pre- Int DQ and age. In this situation, 
the slope of trajectories change as one goes from lower Pre- Int DQ (e.g., shallower slopes indicative 
of relatively slower growth) to higher Pre- Int DQ (e.g., steeper slopes indicative of relatively faster 
growth). Panels B and D show spaghetti plots of the actual data. Chronological age in months is 
plotted on the x-axis, while the outcome dependent variable is plotted on the y-axis (e.g., standardized 
scores for VABS, age-equivalent scores for MSEL). Individuals are shown with the transparent lines 
and decile trajectories are shown with thicker lines overlaid on top. Panels B and D shows the effects 
of age at intervention start (B) and Pre- Int DQ (D) on Mullen (MSEL, top) or Vineland (VABS, 
bottom). In panel B all outcome measures show a significant main effect of age at intervention start 
(e.g., indicated with the * for a significant effect passing FDR q<0.05), indicative of a stacking 
pattern with lighter blue deciles of individuals that started treatment earlier tending to have generally 
higher scores on the outcome measures. The Mullen Fine Motor also has a significant age at 
intervention start by age interaction (e.g., indicated by the star and brackets, ]*, passing FDR 
q<0.05). This effect can be explained by flatter slopes for individuals starting intervention earlier 
and steeper slopes for individuals that started later. Panel D shows Pre-Int DQ interaction with age 
for MSEL outcomes (e.g., ]*) and a main effect of Pre-Int DQ with no age interaction for VABS 
outcomes.  
 

 
Figure 4: Effects of age at intervention start and pre-intervention developmental quotient on 
autism calibrated symptom severity (ADOS CSS) scores. The plots in this figure depict the effects of 
age at intervention start (A) or pre-intervention developmental quotient (Pre-Int DQ) (B) on ADOS 
CSS SA (left), CSS RRB (middle) and ADOS CSS Total scores (right). In these spaghetti plots, the x-
axis shows chronological age in months, while the y-axis shows ADOS CSS scores from 0-10, with 0 
being least severe and 10 being most severe. Individuals are shown with the transparent lines, while 
decile trajectories are shown with thicker lines overlaid on top. Interaction effects between the 
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predictor variable and age are annotated with a star and bracket (e.g., ]*) or ~ and bracket (e.g., 
]~). A tilde symbol (e.g., ~) represents an effect passing FDR q<0.1, while the star (*) represents a 
significant effect passing FDR q<0.05. The coloring in all plots indicates continuous variation across 
deciles of the predictor variable. For age at intervention start, the lowest deciles (lighter blue) are 
for individuals starting earliest, with increasing deciles (darker blue) scaling with later age at 
intervention start. For Pre-Int DQ, the lowest deciles (darker red) are for individuals with the lowest 
Pre-Int DQ and increasing deciles (lighter red) scale with increasing levels of Pre-Int DQ. 
 
Effects of pre-intervention developmental quotient 
 

While intervention type and age at intervention start exert important effects on intervention 
responses, perhaps the strongest predictors of all are the effect of pre-intervention developmental 
quotient (Pre-Int DQ). Main effects of Pre-Int DQ are ubiquitous across all MSEL, VABS, and ADOS 
outcome measures. Individuals with generally higher Pre-Int DQ tend to have on-average higher 
scores on the developmental outcome measures (Supplementary Table 4). On the MSEL and ADOS 
(but not VABS) there is also evidence of an interaction between Pre-Int DQ and age, indicating 
differential developmental trajectories that vary as a function of Pre-Int DQ. This interaction effect 
for the MSEL is described as a ‘fanning out’ effect – individuals with the highest Pre-Int DQ show 
greater increases in developmental age over time than individuals with the lowest Pre-Int DQs, though 
those individuals also demonstrate an accelerating learning slope over time (Fig 3C-D). For ADOS 
SA and Total CSS scores, the interaction between Pre-Int DQ and age for individuals with the lowest 
pre-intervention developmental quotients start with very high severity CSS scores, and over time 
demonstrate decreasing severity of CSS scores. In contrast, those with higher pre-intervention 
developmental quotient individuals demonstrate little change over time in mid-severity CSS scores, 
which are similar at the endpoint to those of the individuals with lower pre-intervention 
developmental quotients (Fig 4B). Such effects can be interpreted differently than the RRB 
interaction effects, whereby flat trajectories in low Pre-Int DQ individuals but increasing in high Pre-
Int DQ individuals. See Supplementary Table 4 for all statistics for these effects across all models.  
 
 
Discussion 
 
 In this work we present insights from a mega-analysis of autism early intervention datasets 
from the AEIR consortium. This mega-analysis was positioned to facilitate answers to primary 
questions within research on early intervention in autism - that is, what works, for whom, and for what 
(Sandbank, Bottema-Beutel, Crowley, Cassidy, Dunham, et al., 2020). To target what works and for 
what questions, we focused on the contrast of one of ESDM, as one promising naturalistic 
developmental behavioral intervention (NDBI), versus other types of EIBI and NDBI early 
interventions or other community-based treatment-as-usual options. Congruent with some meta-
analytic inference on ESDM (Fuller et al., 2020), we find there is some evidence that ESDM has 
beneficial effects on development of skills, particularly in receptive language (MSEL RL). These 
benefits manifest after controlling for a variety of other factors in the model, such as variability 
inherent to different datasets, intervention intensity, sex, age at intervention start, and pre-intervention 
developmental quotient. While our observations are not couched solely within large and well-
controlled randomized double-blind studies, they complement insights from meta-analyses (Fuller et 
al., 2020; Sandbank, Bottema-Beutel, Crowley, Cassidy, Dunham, et al., 2020; Sandbank et al., 2023) 
that also describe some beneficial effects for NDBIs like ESDM when compared to other types of 
community early interventions. Despite this, the spaghetti plots shown in Figure 2 reveal considerable 
variability at the level of individuals that is not easily explained by intervention type. This observation 
underscores the fact that while ESDM may be on-average promoting some developmental skills more 
effectively than other non-ESDM intervention approaches, answers to the ‘for whom’ question will 
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likely be important for closing the gap relating to this unexplained variance (e.g., (Godel et al., 2022; 
Lombardo et al., 2021)). 
 

One of the key insights enabled by our mega-analysis relative to meta-analysis or prior smaller 
scale individual studies is the ability to isolate individualize factors and their key role in moderating 
developmental trajectories throughout the course of early intervention. Several factors tested here in 
this mega-analysis have been previously theorized as being potentially important individualized 
moderators of intervention response, particularly age at intervention start, pre-intervention 
developmental quotient, intervention intensity, and sex (Ben-Itzchak et al., 2014; Dawson, 2008; 
Godel et al., 2022; Rogers et al., 2021; Sandbank et al., 2024; T. Smith et al., 2015; Vivanti, Prior, et 
al., 2014). A characteristic separating this work from past work is that most past studies were 
individually of small sample size. Thus, this work benefits from pooling across datasets and increases 
statistical power and can make for a more definitive statement about the presence or absence of such 
effects on early intervention response. Here we find ubiquitous and strong impact for two variables:   
age at intervention start and pre-intervention developmental quotient across all variables examined 
(MSEL, VABS, ADOS). For age at intervention start, the main effect of this variable can be 
interpreted as higher scores on outcomes for individuals that started intervention earlier. Age at 
intervention start also interacted with age for the ADOS, with individuals who started intervention 
earlier showing some significant declining trajectories in symptom severity compared to individuals 
who started intervention relatively later. This effect could be congruent with some meta-analytic 
inference suggesting that NDBI interventions have a small effect on autism symptomatology 
(Sandbank et al., 2023). Qualifying this interpretation, our study shows that such an effect may be 
most present in individuals that start intervention at earlier timepoints. These observations are highly 
relevant to the discussion centered around the need for earlier diagnosis in order to begin interventions 
earlier (Dawson, 2008; Lombardo et al., 2021; Pierce et al., 2021; Zwaigenbaum et al., 2015). The 
theoretical idea behind this push is to capitalize on greater earlier neural plasticity to facilitate 
developmental gains for children (Dawson et al., 2012; Jones et al., 2017). Our findings illustrating 
the important impact age at intervention start has on intervention outcomes and is consistent with this 
idea. Overall, our results provide strong and definitive support for advocacy for earlier diagnosis and 
intervention, as age at intervention start was one of the most important moderating factors we found 
that positively influenced an individual’s response to intervention. 

 
For pre-intervention developmental quotient, we found that this individualized characteristic 

interacted with age, indicating differential developmental trajectories depending on the child’s 
general level of ability pre-intervention. While all children are growing on MSEL subscales, the rates 
of growth tend to be steeper for children that have higher pre-intervention developmental quotients 
(Figure 3D). It is notable here that MSEL subscales measure important developmental features in 
children that are generally considered as features that are outside of the core of autism (e.g., language, 
motor, intellectual functioning).  When considering core autism features, as measured by the ADOS, 
we find effects that are fundamentally different than those observed on the MSEL. Here, we find that 
individuals with the lowest pre-intervention developmental quotients tended to show improving 
ADOS severity levels and these trajectories differed from the flat to slightly increasing severity over 
time exhibited by individuals with higher pre-intervention DQ (Figure 4B). This effect on the ADOS 
suggests that interventions can still have considerable impact on core autism features, particularly for 
individuals that start intervention at lower levels. This type of effect on ADOS SA and Total CSS 
scores, but not the RRB is also important. Early interventions tend to target SA abilities more than 
early RRB, and thus the potentially important change that may facilitate improvements may be 
specific to SA behaviors targeted by early intervention. Overall, these results show promise for 
utilizing individualized characteristics to predict intervention outcomes and illustrates how core 
versus non-core features in autism may be differentially affected in individuals as a function of pre-
intervention developmental level. 
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 There are several caveats and limitations to underscore. First, the current mega-analysis was 
not restrictive in its inclusion criteria and as such, many of the contributing datasets may not meet the 
high standards of being well-controlled randomized double-blind studies. While such studies are a 
gold standard for evaluating interventions, the broader inclusion of other studies allowed for much 
wider reach and potentially enhanced generalizability to what is the reality in most community 
settings. The inferences observed in the current work on the effect of intervention type are however, 
consistent with most recent meta-analytic inferences about potential beneficial effects of NDBIs like 
ESDM (Fuller et al., 2020; Sandbank et al., 2023). Because the inclusion of datasets did not attempt 
to a priori equate certain variables, we found that intervention type significantly differed on variables 
such as age at start and intervention intensity. Although our statistical approach accounted for 
variance due to such variables in the model, further work contrasting intervention types with similar 
a priori control over age at start and intervention intensity would be needed to bolster inferences from 
such results. Second, our contrast tailored to assess the ‘what works’ question was limited to an 
assessment of how ESDM compares to a range of other diverse types of non-ESDM interventions 
that range from high-quality EIBIs and NDBIs to other approaches commonly used in the community 
and which target aspects that are not necessarily the core features of autism (e.g., speech, 
occupational, psychomotor therapy). Not enough datasets exist within the AEIR consortium for a full 
comparison of individual intervention types within the non-ESDM grouping we used for the current 
analysis. Thus, while the results suggest some facilitative effects of ESDM over non-ESDM 
interventions, this does not imply that other non-ESDM interventions were not also having a positive 
impact on a child’s progress. Third, although we have tested for effects like sex, due to the still limited 
number of actual females (e.g., around 60 individuals per each intervention type), statistical power to 
robustly test for sex differences in this study may be limited. Fourth, although we did not find an 
effect for intervention intensity, this null effect must be taken with caveat that intensity was not a 
variable that could be systematically manipulated and evaluated. Future work with more careful 
manipulations and variability in intervention intensity would be necessary to fully test whether this 
variable has important impact on outcomes. 
 
 In summary, using mega-analysis we have highlighted the prominent impact of two key 
factors: age at intervention start and pre-intervention developmental quotient, as moderators and 
predictors of individual differences in children’s response to early intervention. Second, we 
contrasted outcomes based on two different intervention types and found evidence for positive effects 
on receptive language, expressive language, and visual reception for ESDM compared to effects of 
non-ESDM interventions. Third, we found little evidence for effects related to a child’s sex or 
intervention intensity. These null findings must be taken with the caveat that both variables may not 
have been ideal (e.g., low power for females, lack of systematically varying intensity levels) in the 
current dataset. Finally, our work provides definitive strength and support to the knowledge base 
underlying some key factors that explain heterogeneity in intervention response.  
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