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Abstract Body 
Limit 4 pages single-spaced. 

 
Background / Context:  
Description of prior research and its intellectual context. 
 

Design-based methods have recently been developed as a way to analyze data from impact 
evaluations of interventions, programs, and policies (Freedman, 2008; Lin, 2013; Imbens and 
Rubin, 2015; Schochet, 2013, 2016; Yang and Tsiatis, 2001). The non-parametric estimators are 
derived using the building blocks of experimental designs with minimal assumptions, and are 
unbiased and normally distributed in large samples with simple variance estimators. The 
methods apply to randomized controlled trials (RCTs) and quasi-experimental designs (QEDs) 
with comparison groups for a wide range of designs used in social policy research. The methods 
have important advantages over traditional model-based impact estimation methods, such as 
hierarchical linear model (HLM) and robust cluster standard error (RCSE) methods, and perform 
well in simulations (Schochet, 2016; Kautz et al, 2017). Design-based estimators are acceptable 
for What Works Clearinghouse (WWC) evidence reviews (Scher and Cole, 2017).   

The literature on design-based methods has focused on RCTs with a single treatment and a 
single control group. This theory, however, has not been formally extended to designs with 
multiple research groups. This is an important gap in the literature because multi-armed RCTs 
can simultaneously examine the effects of multiple interventions in a single study, thereby 
increasing the amount that researchers and policymakers can learn from impact evaluations. In 
social policy research, these designs are particularly relevant for interventions that are relatively 
easy to implement. Multi-armed designs are also useful for rapid-cycle or opportunistic 
experiments aimed at continuous program improvement, for example, using behavioral-based 
interventions and encouragement designs. 

Multi-armed RCT designs have been used in education research in a variety of contexts. For 
instance, they have been used to test the effects of different forms of teacher-to-parent 
communication on student outcomes (Kraft and Rogers, 2014) and the effects of text messaging 
and peer mentoring on college enrollment rates among high school graduates (Castleman and 
Page, 2015). Multi-armed RCTs have also been used in larger studies to test the effects of 
competing math curricula (Agodini et al., 2009) and reading curricula (James-Burdumy et al., 
2009). They have also been used internationally, for example, in Honduras to examine the effects 
of various data-driven assessment tools to improve teaching practices (Toledo et al., 2015).  

Purpose / Objective / Research Question / Focus of Study: 
Description of the focus of the research. 
 

This session will provide new results on the estimation of average treatment effects (ATEs) 
for multi-armed designs, building on the design-based literature for the two-group design. The 
approach is based on the Neyman-Rubin-Holland potential outcomes framework that underlies 
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experiments (Holland, 1986; Neyman, 1923, Rubin, 1974, 1977). The paper will consider both 
non-clustered and clustered designs as well as designs with blocking and baseline covariates.  

The session will discuss how design-based ATE estimators for the two-group design need to 
be modified for the multi-armed design when comparing pairs of research groups to each other. 
The session will also present an empirical example using data from a multi-armed RCT testing 
the effects of various supplemental reading interventions. The empirical analysis shows that 
these statistical adjustments can matter. 

The paper fits with the conference theme by providing new methods to produce rigorous 
evidence to inform education practice for RCT designs that are becoming increasingly popular in 
education.  

Setting:  NA 
Description of the research location. 
(May not be applicable for Methods submissions)  
 
Population / Participants / Subjects: NA 
Description of the participants in the study: who, how many, key features, or characteristics. 
(May not be applicable for Methods submissions) 
 
Intervention / Program / Practice: NA 
Description of the intervention, program, or practice, including details of administration and duration. 
(May not be applicable for Methods submissions)  
 
Significance / Novelty of study: 
Description of what is missing in previous work and the contribution the study makes. 
 
> This session will present new methods on design-based estimators for RCTs with multiple 
research groups. The asymptotic properties of the estimators will be presented, along with simple 
variance estimators, including those for clustered designs, blocked designs, and models with 
covariates. The literature has not addressed this topic.  
 
Statistical, Measurement, or Econometric Model:  
Description of the proposed new methods or novel applications of existing methods. 
 
> The paper considers designs where units are randomly assigned to one of K research groups, 
that could include a control group but does not have to. Under the simplest design with 
individual-level randomization, design-based theory in the multi-armed setting is based on the 
following data generating process for the observed outcome for an individual (yi): 
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In this expression, Yi(k) is the potential outcome for individual i in research condition k, and 
Ti(k) is a research status indicator variable that equals 1 if the person is assigned to research 
group k and 0 otherwise.  

The expression in (1) underlies the design-based inference for the multi-armed RCT. In the 
finite-population (FP) model, the potential outcomes are assumed to be fixed (so that Ti(k) is the 
only source of randomness), whereas the potential outcomes are considered to be randomly 
sampled from a broader inference population in the super-population (SP) model framework. 

The analysis of data for multi-armed designs typically involves comparing pairs of research 
groups to each other. Thus, causal inference for the multi-armed estimators can be derived from 
the design-based estimators for the simple treatment-control group design using the law of 
iterated expectations and variances by first conditioning on the data for the contrasted pairs and 
then averaging over possible randomizations to all research groups.  

As formalized mathematically in this article, the paper finds that key components of the 
design-based theory for the two-group design apply also to multi-armed RCTs. However, two 
modifications are required: 

1. Under the FP model, ATE estimators for each pairwise contrast pertain to the entire 
randomized sample, not just to the two groups being compared. Thus, variance estimators 
for the FP model for the two-group design need to be adjusted slightly to reflect the 
broader inference population.  

2. For similar reasons, analysis weights for each pairwise comparison need to be scaled to 
reflect the size of the full randomized sample for each block and subgroup. 

The paper shows the simple adjustments that are required and proves that the simple differences-
in-means and OLS estimators with covariates are asymptotically normal, which is critical for 
hypothesis testing. The paper concludes with an empirical example that shows that these 
adjustments can matter.  

The session will also mention that the free RCT-YES software has been updated to allow for 
multi-armed trials. 

Usefulness / Applicability of Method:  
Demonstration of the usefulness of the proposed methods using hypothetical or real data.  
 
> We believe that the new design-based methods will be useful to education researchers 
conducting multi-armed trials. Analysts typically ignore the required statistical adjustments in 
the multi-armed context. Thus, the new methods can improve the statistical rigor of causal 
inference for these designs.  
 
In addition, as mentioned, the free RCT-YES software has been updated to accommodate multi-
armed trials, which will facilitate the applicability and accessibility of the new methods.   
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Research Design: NA 
Description of the research design. 
(May not be applicable for Methods submissions) 
 
Data Collection and Analysis: NA  
Description of the methods for collecting and analyzing data. 
(May not be applicable for Methods submissions) 
 
Findings / Results: NA 
Description of the main findings with specific details. 
(May not be applicable for Methods submissions) 
 
Conclusions:  
Description of conclusions, recommendations, and limitations based on findings. 
 
> This session will present new research on design-based estimators for multi-armed impact 
evaluations for a wide range of designs used in education research. Because the analysis in the 
multi-armed setting typically involves pairwise contrasts across the research groups, the key 
methodological question addressed in the article is: How do the estimators for the two-group 
design need to be adjusted for multi-armed trials? The critical insight is that in multi-armed 
trials, the samples for each pairwise contrast are representative of the full set of randomized 
units, not just of themselves. The implications are that the design-based estimators for the 
treatment-control design need to be adjusted to reflect this generalization. The key lesson is that 
researchers should be wary about using the two-armed estimators in the multi-armed context.  
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