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Description

This short course has three goals: (1) to think about the importance and different possibil-
ities of allowing for heterogeneous treatment effects in program or policy evaluation, (2) to
familiarize students with the basics of correcting inference for multiple testing, and (3) to
cover recent papers that use multiple testing methods in the estimation of treatment effects.

In the early days of the program evaluation literature, studies usually estimated a homoge-
neous treatment effect for the whole sample (e.g., the average treatment effect, ATE). More
recently, authors have recognized that individuals may react differently to the same treatment.
Treatment heterogeneity may occur by observed characteristics (subgroup-specific treatment
effects) or across the outcome distribution (quantile treatment effects).

While it is relatively straightforward to estimate heterogeneous treatment effects, less at-
tention has been paid on how to conduct inference. The main problem lies in the fact that
estimating heterogeneous treatment effects implies testing multiple hypotheses. For example,
if we estimate a treatment effect for 10 subgroups, we test 10 null hypotheses of no treatment
effect. If each of these hypotheses has a false rejection rate of 0.05, the probability of falsely
rejecting at least one of the 10 hypotheses equals 0.4. This is problematic because we over-
estimate the effect of a given policy with a high probability. To control for this issue, several
adjustments have been proposed, starting with the Bonferroni correction that suffers from
low power to more recent developments such as the step-down method proposed by Romano
and Wolf (2005).

In the last part of this course, we apply multiple testing to treatment effect heterogeneity and
cover a few recent papers that use multiple testing methods for subgroup-specific treatment
effects, multiple outcomes, and quantile treatment effects (Lee and Shaikh, 2014; Lehrer et
al., 2016; List et al., 2016).
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