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• Discontinuities in program implementation, based on eligibility 

criteria or other exogenous factors, can be very useful in non-

experimental program evaluation

• People above and below the threshold can be compared in terms of 

outcomes; but, to ensure comparability, the samples across which to 

compare need to be sufficiently close to the eligibility cutoff

• This way, selection on unobservables close to the eligibility cutoff is 

minimized

• Regression Discontinuity Design (RDD) is similar to IV because it 

introduces an exogenous variable that is highly correlated with 

participation

Introduction
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• For example:

• Grameen Bank’s microcredit is targeted to households with 

landholdings of less than half an acre

• Pension programs are targeted to populations above a certain age

• Scholarships are targeted to students with high scores on 

standardized tests

• By looking at a narrow band of units that are below and above the 

cutoff point and comparing their outcomes, one can judge the 

program’s impact because the individuals just below and above the 

threshold are likely to be very similar to each other
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• To model the effect of a particular program on individual outcomes Yi 

through an RDD approach, one needs a variable Xi that determines 

program eligibility (such as age, asset holdings, or the like) with an 

eligibility cutoff of X*

• The sharp RDD is defined by the following assignment rule:

• Suppose that in addition to the above assignment mechanism, 

potential outcomes can be described by a linear model:

leading to the regression,

E(Y0i | Xi ) =a + bXi

Y1i =Y0i + r

RDD Theory – Sharp RDD

Di =
1 if Xi ³ X

*

0 if Xi < X
*

ì

í
ï

îï

Yi =a +bXi + rDi +ei
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• The key difference between this regression and others in this course, 

is that Di is not only correlated with Xi but also a deterministic function 

of Xi

• RDD distinguishes the discontinuous function

from the smooth (linear) function Xi

• Note that we can be more general and assume a more general model 

non-linear in Xi

• As long as f(.) is continuous in a neighborhood of X*, it should be 

possible to estimate the model

I(Xi ³ X
*)

Yi =a + f (Xi )+ rDi +ei
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• For example, modeling f(.) with p-th order polynomial, RDD 

estimates can be constructed from the regression

• A slightly different version of the above also allows different trend 

functions for both potential outcomes Y0i and Y1i

• The validity of RDD estimates of causal effects based on the above 

specification relies on whether the polynomial model provides an 

adequate description of

• If not, what looks like a jump due to treatment might be an 

unaccounted for non-linearity in the counterfactual conditional mean 

function

Yi =a +b1Xi +b2Xi
2 +...+bpXi

p + rDi +ei

E(Y0i | Xi )
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• Comparisons of average outcomes in a small neighborhood to the left 

and right of X* estimate the treatment effect in a way that does not 

depend on the correct specification of a model for

• Then we have for small positive Δ 

so that

which is our RDD estimate of interest

E(Yi | X
* - D < Xi < X

*) » E(Y0i | Xi = X
*)

E(Yi | X
* < Xi < X

* + D) » E(Y1i | Xi = X
*)

E(Y0i | Xi )

lim
D®0
E(Yi | X

* < Xi < X
* + D)-E(Yi | X

* - D < Xi < X
*)

= E(Y1i -Y0i | Xi = X
*)
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• The non-parametric approach to RDD requires good estimates of the 

mean of Yi in small neighborhoods to the right and left of X*

• This is difficult because of data availability

• Typical solutions include:

• Local linear regression (Hahn et al., Econometrica, 2001)

• Local polynomial regression estimators

• For example, the local linear estimator for

is the constant estimated parameter from (the local polynomial 

estimator is analogous):

E(Yi | X
* < Xi < X

* +D)ºY +

(â, b̂) º argmin
a,b

(Yi -a - b(Xi - X
*))2K

Xi - X
*

h

æ

è
ç

ö

ø
÷I(Xi > X

*)
i=1

n

å
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• Three robustness tests particularly useful:

• The density of the variable determining eligibility around the 

sharp threshold can help show whether the RDD is valid, i.e., 

that members of the non-eligible sample do not become 

participants (namely through misreporting the value of the 

eligibility variable)

• As we adjust the interval of analysis around X* and approach X* 

(losing precision of the estimate), and diminish the number of 

controls, the estimate of the TE should be stable

• The average values of the pre-determined covariates around the 

threshold also can provide an indication of RDD validity (they 

should not vary with the threshold)

• See Lee and Lemieux (JEL, 2010) for many tips on implementation 

decisions and presentation of results
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• Fuzzy RDD exploits discontinuities in the probability or expected 

value of treatment conditional on a covariate

• This may occur when eligibility rules are not strictly adhered to or 

when certain geographic areas are targeted but boundaries are not well 

defined and mobility is common

• There is now a jump in the probability of treatment at X*

• Let’s assume

• We can then write

where

• We can then see that Ti can be used as an instrument for Di

Fuzzy RDD

P(Di =1| Xi ) =
p1(Xi ) if Xi ³ X

*

p0 (Xi ) if Xi < X
*

ì

í
ï

îï
with p1(Xi ) ¹ p0 (Xi )

p1(Xi ) > p0(Xi )

E(Di | Xi ) = P(Di =1| Xi ) = p0(Xi )+ (p1(Xi )- p0(Xi ))Ti

Ti = I(Xi > X
*)
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• We can then follow a 2SLS procedure where the first stage is

• We can then substitute the prediction of the above equation in our 

equation of interest

with

• Just like for the sharp case, it is crucial to distinguish the effect of the 

discontinuity from the non-linear functions

Di =g0 +g1Xi +g2Xi
2 +...+g pXi

p +pTi +xi

Yi =a + b1Xi + b2Xi
2 +...+ bpXi

p + rD̂i +ei =

m +k1Xi +k2Xi
2 +...+k pXi

p + rpTi +V i

m =a + rg0,k j = b j + rg j for j =1,..., p
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• The non-parametric version of fuzzy RDD consists of IV estimation 

in a small neighborhood around the discontinuity

• We know the effect of the instrument on the outcome near the 

threshold is

• Similarly for the first stage, we have

• These mean we can identify our parameter of interest through

E(Yi | X
* < Xi < X

* +D)-E(Yi | X
* -D < Xi < X

*) » rp

E(Di | X
* < Xi < X

* +D)-E(Di | X
* -D < Xi < X

*) » p

lim
D®0

E(Yi | X
* < Xi < X

* +D)-E(Yi | X
* -D < Xi < X

*)

E(Di | X
* < Xi < X

* +D)-E(Di | X
* - D < Xi < X

*)
= r
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• Angrist and Lavy (QJE, 1999)

• The twelfth century rabbinic scholar Maimonides proposed a 

maximum class size of 40

• Maimonides’ rule (MR) is not the only source of variation in 

Israeli class sizes, and average class size is generally smaller, but 

the ceiling of 40 is a real constraint faced in many schools

• A regression of actual class size on size predicted by MR 

explains about half the variation in class size

• The class-size function induced by MR is used to construct 

instrumental variables estimates of effects of class size on test scores

• This can also be seen as a fuzzy RDD

Example: Class sizes revisited
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• The instrument comes from:

fsc =
es

int
es -1

40

æ

è
ç

ö

ø
÷+1
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• RDD yields an unbiased estimate of treatment effect at the 

discontinuity, while making use of a known rule in the assignment of a 

policy

• Note that compared to randomization, no group of eligible 

individuals needs to be excluded from the policy

• However, RDD produces a LATE that is not always generalizable (or 

interesting for the evaluator), it typically relies on a low number of 

observations (close to the threshold), and the results can be sensitive to 

functional form

• The typical problem about applying RDD is that program officials 

often do not know well the eligibility criteria

What have we learnt?
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Exercise: Follow the instructions in chapter 16 of Khandker et al 

(2009). You should produce a do file and a log file, which should be 

commented to show that you understood the results. These should be 

emailed to the grader (Matilde Grácio): only one email per group, 

please. 

Note: We should be able to run the do file on a computer given the 

original datafile and produce the raw log file.

Due date: Friday, March 18.

Problem Set 5 (Optional)
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The Table we show in the next page is taken from Ludwig, Jens, and 

Douglas Miller (2007), ‘Does Head Start Improve Children’s Life 

Chances? Evidence from a Regression Discontinuity Design’, QJE. 

In that paper, the child mortality effects of the social program ‘Head 

Start’ in the U.S. are estimated.

a) Describe in general terms the identification method employed 

in this paper. Distinguish from fuzzy regression discontinuity.

b) Describe the difference between the main results and the 

specification tests in the Table.

c) Describe the difference between the non-parametric and the 

parametric estimators in the Table.

d) What do the bandwidth numbers mean in the Table?

e) What is the advantage the method employed in this paper has 

over randomization? Explain.

f) Which treatment effect is being estimated in the Table?
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