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Introduction

As with almost everything else we will do in this class, the question
of interest is this:

What is the effect of a treatment (often some
program) D on a given outcome y?

The difference between this topic and the other topics covered in
this class is that I do not have first-hand experience with regression
discontinuity (RD) designs. As such, these lecture notes were first
drafted by my doctoral student Camilo Bohorquez-Peñuela, who
gave the RD lecture in my class as a guest lecturer two years ago.
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Introduction

In an RD design, broadly speaking, we know the “rule”assigning
an observation to treatment or control, and we have some score s
that determines that assignment.

For instance, you may be interested in the effect of a private
Catholic education D on wage y . If admission to private Catholic
schools is determined by an admissions test whose score is s and
you know the admission threshold (e.g., 60 percent),
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Introduction

An RD estimates the treatment effect using a more precise
knowledge of assignment rules:

I Treatment is determined– at least in part– by a continuous
assignment variable s.

I There is a discontinuity in treatment status (i.e., D goes from
0 to 1) at the cutoff point s = c .

I Observations around the threshold are assumed to be identical
except for treatment status– observable characteristics x do
not vary around c , like a balancing test in an RCT.

I Units cannot manipulate the assignment mechanism.
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Perfect Compliance

Treatment is such that D = 1 if s ≥ c and D = 0 if s < c . With
full compliance, we have what’s called a sharp RD:

1. P(D = 1|s ≥ c) = 1 and P(D = 1|s < c) = 0.
2. Treatment is a deterministic function of the assignment (or
running, or forcing) variable, and

3. There is no s for which some Di = 1 and some Di = 0.

For instance, grad school funding might be determined only by
GRE scores, and we can look at whether grad school funding has
an impact on student performance.
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Imperfect Compliance

In this case, we have what’s called a fuzzy RD.

1. 0 < P(D = 1|s ≥ c) = 1− P(D = 1|s < c) = 0 for a given
c .

2. Treatment status is not completely determined by the
assignment variable. A fuzzy RD exploits the discontinuity in
the probability of treatment, conditional on covariates.

For instance, grad school funding is determined by GRE scores and
unobservable factors (e.g., admissions committee preferences,
letters of recommendation content, etc.), and we can look at
whether grad school funding has an impact on student
performance.
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Sharp RD

Figure: Source: Bloom (2012).
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Fuzzy RD

Figure: Source: Bloom (2012).
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Sharp RD

A sharp RD is a kind of selection on observables design.

Validity, however, is not given by an overlap of covariate values
among treatment and control groups (at least in the vicinity of the
cutoff point), as in matching.

A rich set of controls can help control for endogeneity from other
sources.
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Sharp RD– Interpreting Estimates

Discontinuity of the outcome at the cutoff point implies an average
effect of the ITT.

In a sharp RD, however, assignment to treatment is the same as
receiving the treatment.

Thus, estimates around the threshold correspond to ATE for the
treated and imply a LATE.

The assumption here is that the expected outcome is a continuous
function of the running variable around the cutoff point.
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Sharp RD– Parametric Estimation

Suppose the outcome can be described by the following linear,
constant effect model:

E (y0i |si ) = α+ βsi (1)

and
y1i = y0i + ρ, (2)

where ρ represents the treatment effect. Then, estimation of the
following by OLS yields the causal effect ρ:

yi = α+ βsi + ρDi + εi . (3)
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Sharp RD– Parametric Estimation

What if E (yi |si ) is nonlinear? Then,

1. Estimate yi = f (si ) + ρDi + εi , where f (si ) is a continuous
function of si at the cutoff point.

2. f (si ) is an N th-order polynomial.

3. yi = α+∑ βj s
j
i + ρDi + εi .

If the functional form differs on both sides of the cutoff point, you
can introduce interaction terms between D and distance from the
cutoff.
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Sharp RD– Parametric Estimation

Note, however, that in a recent article, Gelman and Imbens (JBES,
forthcoming), write:

We argue that controlling for global high-order
polynomials in regression discontinuity analysis is a flawed
approach with three major problems: it leads to noisy
estimates, sensitivity to the degree of the polynomial, and
poor coverage of confidence intervals. We recommend
researchers instead use estimators based on local linear or
quadratic polynomials or other smooth functions.
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Sharp RD– Parametric Estimation

The estimation of a sharp RD thus generalizes to

E (yi |si ) = E (y0 i |si )︸ ︷︷ ︸
Average Behavior

+ {E (y1i |si )− E (y0i |si )}Di︸ ︷︷ ︸
Average Effect

, (4)

and so

yi = β01 s̃i + ...+ β0j s̃
j
i + ρDi + β∗1Di s̃i + ...+ β∗j Di s̃

j
i + εi , (5)

where ρ is the treatment effect at the cutoff and s̃i = si − c .

c© Marc F. Bellemare, 2018 5. Regression Discontinuity



Sharp RD– Parametric Estimation

In the preceding slide:

I The treatment effect at the cutoff is ρ.
I The treatment effect at point s is ρ+ β∗1s + ...+ β∗j s.

c© Marc F. Bellemare, 2018 5. Regression Discontinuity



Sharp RD– Parametric Estimation

Under a parametric (i.e., OLS) approach, validity comes from the
adequate selection of the functional form representing the causal
effect.

I No room for agnostic approaches regarding the functional
form,

I Nonparametric approaches could ease the problem, but at the
cost of less effi ciency (“the curse of dimensionality”),

I Importance of visual evidence.
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Sharp RD– Parametric Estimation

Figure: Different Functional Forms.
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Sharp RD– Nonparametric Estimation

Compare averages in a small neighborhood of the discontinuity:

I Approaches: Kernel, local linear weighted regression
I Problem: Incorrect bandwidths imply biased estimators
I Another problem: Small bandwidths imply less effi ciency
I There are some techniques to select the “right”bandwidth;
see Lee and Lemieux (2010)

I Anyway, they help to provide visual evidence
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Fuzzy RD

Imperfect compliance allows exploiting treatment assignment as an
IV for treatment, unlike deterministic assignment under a sharp
RD.

I Hahn et al. (2001), Imbens and Lemieux (2008), Angrist and
Pischke (2009), and Lee and Lemieux (2010) explain and
demonstrate that under fuzzy RD, full exogeneity of the
running variable is no longer required.

I That external manipulation of the running variable resembles
a randomized experiment.

I Still, an assumption is made regarding balancing across
observations around the cutoff point remains.

I Moreover, we still assume that units cannot manipulate the
running variable themselves.
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Fuzzy RD– Parametric Estimation

P(Di = 1|si ) =
g1(si ) if si ≥ c
g0(si ) if si < c

(6)

such that

E (Di |si ) = g0(si ) + [g1(si )− g0(si )]Ti (7)

where Ti = I (si ≥ c). E (Di |si ) is the first-stage equation of the
2SLS system where Ti is the IV. Interpreting the parameter, we get
a LATE only at si = c , and only for the compliers. Pretty limited!
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Tips

I Determine whether you actually have an RD.
I Determine whether your RD is sharp or fuzzy.
I Graph y vs. s with a smoothing tool, and visually inspect it.
I Also graph a histogram of s and inspect any discontinuity
around the threshold to assess whether there was
manipulation of s.

I Remember that RD is invalid if units can manipulate s in
order to receive or avoid treatment!
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Tips

I Begin with nonparametric methods
I Nonparametrics are not the solution– they provide good
visual evidence about which nonlinearities to incorporate in
parametric estimations

I Use the simplest specification possible, and exploit complexity
when conducting robustness checks.

I Conduct a parallel RD analysis on baseline covariates, like a
balancing test.

I Sharp RD yields LATE at si = 0 with full compliance; fuzzy
RD yields late at si = 0 only, and only for compliers.

I All versions of RD have low external validity.
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Miller et al. (2013)

Question: What is the effect of a subsidized health care regime on
financial risk protection, use of health care services, and
self-reported health care conditions among Colombian households?

Subsidized regime (SR) eligibility based on household well-being
conditions measured by a proxy means test.

I SISBEN score: Categorization of households not only based
on their income, but also on socio-demographic characteristics
(e.g., dwelling, durable goods, employment, schooling)

I SISBEN is in (0, 100), with a low SISBEN meaning a poorer
household.

I SISBEN also determines eligibility for other publicly provided
welfare programs.
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Miller et al. (2013)

Participation in the SR is subject to self-selection and political
manipulation.

I Researchers cannot observe SISBEN, but know the algorithm,
so they estimate a synthetic score using independent data
(2003 Living Standards Survey and 2005 DHS)

I This synthetic score is not subject to manipulation by the
households, but may suffer from measurement error

I Due to financial constraints, some municipalities used different
cutoffs for determining eligibility so the authors follow Chay et
al. (2005) in order to estimate municipality-specific thresholds
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Miller et al. (2013)

Identification strategy:

I IV is a dummy variable for whether the household’s SISBEN is
below the cutoff

I IV seeks to correct for self-selection and for manipulation of
the assignment process by politicians (unobserved
heterogeneity).

I Reverse causality seems not to be a problem
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Miller et al. (2013)

Figure: Probability of Enrollment in the SR Around the Cutoff.
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Miller et al. (2013)

Figure: Balance Across Eligibility Thresholds.
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Miller et al. (2013)

Figure: Balance Across Eligibility Thresholds (cont’d).
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Miller et al. (2013)

Figure: Discontinuity of Outcomes.
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Miller et al. (2013)

Figure: Discontinuity of Outcomes (con’d)
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Miller et al. (2013)
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Miller et al. (2013)
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Miller et al. (2013)
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Miller et al. (2013)

Robustness checks:

I Different bandwidths
I Higher-order polynomials of the simulated SISBEN score
I Excluding municipality FEs
I Nonparametric local linear regressions

Parameter signs are robust to different specifications, with changes
in magnitudes and precision.
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Miller et al. (2013)

External validity:

I Miller et al. acknowledge that their results lack external
validity

I However, they exploit heterogeneity in thresholds (remember,
they calculated them at the municipality level) in order to run
second-stage equation including interaction between absolute
SISBEN score and SR enrollment

I They found no statistical significance– standard errors on the
interaction terms are large

c© Marc F. Bellemare, 2018 5. Regression Discontinuity


