Optimal Design of Digital Early Childhood Development Interventions: A Multifactorial Randomized Control Trial
Analysis Plan

PRIMARY ANALYSIS
To address our primary research question about the average impacts of the Afini intervention on our primary and secondary outcomes, we will use a regression-based intent-to-treat (ITT) approach that uses random assignment as the exogenous variation that allows us to identify the causal effect of the intervention. We will run two sets of regression models: one set that is unadjusted and one set that adjusts for a basic set of sociodemographic covariates, children's baseline outcome scores (as available), and any other baseline characteristics with evidence of imbalance. All regression analyses will account for children's nesting in-home visitors (the unit of randomization) and municipalities. Specifically, we use robust standard errors clustered at the home visitor level while controlling for municipalities (our strata) as fixed effects.

SECONDARY ANALYSES
We will also conduct a series of additional analyses to address our secondary research questions:
First, we will examine the average treatment effects on the treated (ATT), corresponding to treatment effects on both primary and secondary outcomes amongst those who took up the treatment (i.e., compilers), based on 2-stage least square (2SLS) methods using random assignment as our instrumental variable (IV). We will use multiple definitions of take-up in these analyses, ranging from Afini registration (the most basic) to more complex, multidimensional indices of program usage. When defining take-up by different levels of program usage, we will also estimate ATT through the principal grouping method. This method assumes that, given the observed covariates, the exact usage is essentially random (Feller, Mealli & Miratrix, 2017). We use baseline covariates to fit a prediction model within the treatment group to predict usage. Using this model, we predict usage for all treated and control units, which we then bin into low, median, and high usage groups to analyze the treatment effect for each group Second, we will leverage the multifactorial design to examine the relative effectiveness of different versions of the intervention: delivery platform (a standalone app vs. WhatsApp), frequency of message alerts (one vs. two per week), and the approach to content customization (considering parents’ preferences vs. children’s developmental skills). With our 2x2x2 multifactorial design, we will estimate the main (individual) and interactive effects of specific intervention components on all primary and secondary outcomes (Collins et al., 2014).
Third, we will explore whether the impacts differ across subgroups (i.e., heterogeneous average treatment effects (HATE)) by adding interaction terms in our ITT and ATT estimation models. Specifically, we will examine the interactions of the random assignment (and the take-up for ATT) with participant characteristics, including household wealth, parent educational attainment, child age, urbanicity, and baseline outcomes.  
Fourth, we will examine potential mediators to shed light on mechanisms through which the intervention affects the outcomes. In the analysis, we include all secondary outcomes as potential mediators of the intervention’s impacts on the primary outcome (child development).
Fifth, we will conduct a series of cost-benefit analyses to understand the costs and benefit of the program, both to participants and to implementers.
Finally, we will contextualize the primary and secondary quantitative results by analyzing results of qualitative interviews with study participants and home visitors. Specifically, after transcribing and translating the interviews, we will code them using both inductive and deductive approaches, then apply thematic analysis.

SUPPORTING ANALYSES
We will also conduct additional analyses to support our primary and secondary analyses. First, we will conduct psychometric analyses to examine the measurement properties of our primary and secondary outcomes and covariates, making necessary adjustments to ensure psychometric rigor (e.g., dropping items that don't load well in confirmatory factor analysis and combining subscales that load highly together). Second, we will conduct a baseline covariate balance check. If any baseline imbalances are found in our outcomes or covariates, we will account for them in our primary and secondary analyses by controlling for them in the models. Third, we will conduct attrition analysis to assess whether the loss to follow-up is random or if there is selective attrition. If we identify selective attrition, we will use Lee's bounds (Lee, 2009) to construct upper and lower bounds for the treatment effects. Lastly, we will conduct sensitivity analyses for all analyses, particularly where there are untestable identification assumptions (e.g., IV-based ATT analysis and mediation analysis). 
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