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Who the heck are you?
Ph.D. from Chicago in 1996, supervised by Jim Heckman
Western Ontario, 1994-2001
Maryland, 2001-2005
Michigan, 2005-present
Main affiliation in economics, plus Ford School, plus QMP and PRC at
ISR
An interdisciplinary guy

My research
Social experiments
Non-experimental methods (especially matching and regression
discontinuity)
Performance management
Active labor market programs
University quality / mismatch and related issues in higher education
Participant evaluation

Introduction
Different disciplines approach these issues differently
My goal: provide a brief, accessible introduction to how economists
think about these issues

Notation
The Frost-Fisher-Neyman-Roy-Quandt-Rubin potential outcomes
framework
Let Y1 denote the outcome in the treated state
Let Y0 denote the outcome in the untreated state
The fundamental evaluation problem is that we observe at most one of
these two outcomes for each person
Let D be an indicator for participation in the program
Let R be an indicator for randomization into the treatment group in an
experiment

Usual parameters of interest
The usual parameter of interest is the impact of treatment on the treated
given by
E(Y1 −Y0 | D =
1) =
E(Y1 | D =
1) − E(Y0 | D =
1) .

This is sometimes called the ATET or TOT or ATT or just TT
In an experiment, this parameter is estimated by

E (Y1 | D ==
1, R 1) − E (Y0 | D ==
1, R 0) .
In non-experimental evaluations, the unobserved counterfactual is
obtained through econometric manipulation of the outcomes of nonparticipants: persons with (D = 0)

Other parameters of interest
Parameters requiring the joint distribution of outcomes
Experiments and standard non-experimental methods provide only the
marginal outcome distributions f (Y1 |=
D 1,=
R 1)
D 1,=
R 1) and f (Y0 |=
Some parameters require the joint distribution f (Y1 , Y0 |=
D 1,=
R 1)
Example: Fraction gaining or losing from the program
Example: Percentiles (e.g. median) of the impact distribution.
Example: Impact variance
Example: Outcome correlation.

Other parameters of interest (continued)
Heckman, Smith and Clements (1997) discuss how to use bounds and
other methods to obtain information on parameters that depend on the
joint distribution
Recent application and survey: Djebbari and Smith (2008)

Bounds / set identification / partial identification
Simple example: 2 x 2
Rows: employment status in control state: NE: 0.4, E: 0.6
Columns: employment status in treatment state: NE: 0.2, E: 0.8
These are the marginal distributions provided by an experiment
The formula for the Frechét-Höffding bounds is:

max[ F1(Y1) + F0 (Y0 ) −1,0)] ≤ F (Y1,Y0 ) ≤ min[ F1(Y1), F0 (Y0 )].
Apply to the case of the (NE, NE) or (0, 0) cell in the example

F1(0) = 0.2 and F0 (0) = 0.4
max[0.2 + 0.4 −1,0] ≤ F (0,0) ≤ min[0.2,0.4].
Thus, the probability of (NE, NE) is between 0.0 and 0.2. Cool!

Bounds (continued)
The bounds correspond to the cases of rank correlations of -1 and 1.

Rank preservation minimizes the impact variance while rank inversion
maximizes it.
Heckman, Smith and Clements (1997) show how to use the estimated
distribution of impacts in the rank preservation case to test the null of the
common effect model, i.e. of a zero impact variance.
HSC (1997) strongly reject the null in their empirical example

Quantile treatment effects
Compare quantiles of the treated and untreated outcome distributions
Interpretation 1: impacts on quantiles of the outcome distribution
Interpretation 2: impacts at quantiles of the outcome distribution
The latter interpretation requires an assumption about the joint
distribution of outcomes, namely rank preservation.
Testing rank preservation: see Bitler, Gelbach and Hoynes (2005)
Intuition: covariate balance at percentiles of the outcome distribution
The impacts under rank preservation provide the lower bound on the
impact variance

Random coefficient models
An alternative to the rank preservation assumption for identifying the
joint distribution of outcomes (and thereby the distribution of impacts)
Assumes impacts uncorrelated with untreated outcome: (Y1 − Y0 ) ⊥ D
In the simple case, the variance of the treatment effect is the difference in
the outcome variance between the treated and untreated units:

var(=
Y1 ) var(Y0 +=
∆) var(Y0 ) + var(∆) ⇒ var(=
∆) var(Y1 ) − var(Y0 )
Note the implicit test based on the sign of the estimated impact variance.

Random coefficient models (continued)
Can assume a normal distribution (the classic case, often invoked in
HLM / MLM style analyses)
Can assume a flexible parametric form
Can estimate non-parametrically via deconvolution as in HSC (1997)
When is this model ever economically plausible for voluntary
treatments?

Subgroup effects
What works for whom?
Useful for targeting / statistical treatment rules
Example: US Worker Profiling and Reemployment Services System
Example: Response to Intervention (RtI) in education
Example: SMART (Sequential, Multiple Assignment, Randomized Trial)
See e.g. Smith and Staghøj (2008) and Manski (2004)
Systemic versus idiosyncratic variation in treatment effects
See e.g. Djebbari and Smith (2008), Bitler, Gelbach and Hoynes (2014)

Are subgroup effects structural?
In economics, structural means “policy invariant”
Structural subgroup effects are often assumed in the literature,
particularly the literature on statistical treatment rules
What if effects are heterogeneous within subgroups? Consider an
example:
Half of men have impact 10 and half have impact 4
Half of women have impact 12 and half have impact 1
Assume that the cost of participation is five, so top half of both groups
participate if potential participants know their impacts
Evaluation finds program “works better for women” so gender-specific
subsidies are provided to induce the remaining women to participate ….

Are subgroup effects structural (continued)
General points:
(1) Conditional mean impacts on the treated in general do not equal
impact on marginal untreated person
(2) This relationship may vary across subgroups

Models of heterogeneous treatment effects
May or may not be models of subgroup effects
Relates to the question of whether subgroup effects are “structural”
Important for understanding mechanisms
Ex: Pitt, Rosenzweig and Hassan (2010) on gender differences in the
impact of education
Can provide testable predictions
Ex: Bitler, Gelbach and Hoynes (2006) on Connecticut Jobs First
Can provide restrictions on the joint distribution of outcomes
Ex: Kline and Tartari (2014) also on Connecticut Jobs First
Huge opportunities for research here

Site / context effects and external validity
Suppose that individual impacts depend on both unit characteristics and
site / context characteristics, as in:

∆is =g ( X i , X s ) , where not all characteristics may be observed
Example of unit characteristics: general health, age
Example of context characteristics: family members who smoke
How to generalize the results of an experiment implemented in a
particular population with particular unit and context characteristics
This is a problem of extrapolation. It requires, implicitly or explicitly, a
model.

External validity (continued)
Key issues identified in Hotz, Imbens and Mortimer (2005):
1. Selection into the study from the population of possible sites
2. Common support
Usual approach: reweighting based on observed unit and context
characteristics, paying attention to support issues
External validity concerns also have important implications for the
design of the experiment (i.e. for initial site selection)
See also: Gechter (2014) and Muller (2014) and the Imbens (2013)
review of the Manski (2013) book.

Subgroup effects and fishing
Problem: if you estimate and report enough subgroup impacts, some of
them will be statistically significant, even if they all really equal zero
Special case of what the literature calls the multiple comparisons
problem, and a good illustration of the occasional oddness of classical
statistical inference

Responses to fishing
1. Pre-commitment: confirmatory versus exploratory subgroup analyses
In US Department of Education evaluations, confirmatory outcomes /
subgroups subject to adjustment for multiple comparisons while
exploratory analyses are not.
2. Adjustment of p-values for multiple comparisons
See Schochet (2008) NCEE
3. Dimension reduction versus domain-specific indices
Ex: MTO studied by Kling, Liebman and Katz (2007)
See also Andersson (2008) for a Perry Preschool application.

Summary and conclusions
There are more parameters of interest than just ATET and ATE
Many methods exist for estimating those parameters, but more research
remains to be done, especially to integrate the economics and the
econometrics
Subgroup effects and site effects are not as simple as they might seem
External validity is important and economists have not thought much
about it.
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