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Regression Discontinuity Design

• Units are assigned to treatment vs control based 
an assignment variable and a cut-off value.

• Treatment effects are measured by a 
discontinuity at the cut-off in the regression 
function linking outcomes to assignment scores.

• Limitation: treatment effects may be applicable 
to a narrow sub-population of people with 
assignment scores close to the cut-off.



Imagine a Regression Discontinuity Design

• Assignment variable is usually something that is 
correlated with downstream outcomes.
– Educational treatments

• Remedial class for students who score below c.

– Medical treatments
• Surgery if tumor size is greater than c.

– Financial assistance
• Assistance if area median income is less than c.

• What will the outcome vs assignment variable 
plot “look like” if there is no treatment effect?



There may be a correlation between assignment scores and 
outcomes. But nothing changes at the cut-off score.
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RDD: No Treatment Effect

What the graph will look like when there really is a treatment 
effect?



The size of the discontinuity is the treatment effect at 
the cut-off.
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What About Treatment Effects Further Away 
From The Cut-Off?
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Adding A Comparison Group
(Wing and Cook, 2013)

• Consider a scenario with two groups:
– An RDD Group

– A Comparison Group:
• Outcome variable is observed

• Assignment variable is observed.

• No one is treated and there is no RDD assignment 
procedure.

– Assumption: Regression functions linking the 
untreated outcomes and the assignment variable 
in the two groups are “parallel”.



In a comparison group RDD, the comparison group has a different intercept 
but shares the same functional form as the RDD group.
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Comparison Group RDD

The idea is to apply the logic of Difference-in-Difference analysis to the RDD context. 

1) Use the data below the cut-off to estimate the gap between the lines. 
2) Use the adjusted comparison group data from above the cut-off to support the 
extrapolation.

Δ = Score 
Invariant Fixed 
Effect

Comparison Group

RDD Group



Extrapolation Using The Comparison Group

-1000

0

1000

2000

3000

4000

E
(y

|r
)

0 20 40 60 80 100
Assignment Scores

Comparison Group RDD

Δ = Score 
Invariant Fixed 
Effect

Extrapolation = Comparison Group - Δ



How Well Does It Work?

• Wing and Cook (2013) study the comparison RDD 
using a within study comparison.
– Start with a multi-site RCT

– Create a RDD in each state.

– Use outcomes and assignment scores in the pre-test 
year as a comparison RDD.

• Study the performance of RDD and Comparison 
RDD:
– 1) At the cut-off

– 2) Extrapolations to form the ATT above the cut-off.



Measuring Performance

• Standardized Bias is the difference between the 
quasi-experimental and experimental treatment 
effects, scaled by the standard deviation of the 
outcome:

𝑆𝐵𝑞 =
𝜋𝑞 − 𝜋𝑅𝐶𝑇

𝜎𝑅𝐶𝑇

• Bootstrap Root Mean Squared Error:
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Performance At The Cut-Off: Conventional RDD vs 
Pretest Comparison Group RDD



Performance of the Comparison RDD Away From The Cut-Off: 
Standardized Bias and RMSE when the target is the ATT

• Average bias of the ATT Extrapolations was about .05 
SD Units. (Is that good?)
• The average standardized bias of the conventional 

RDD at the cut-off was about .095 SD units.

• Usually we think RDD is very good at the cut-off.

• By that standard, comparison RDD fared pretty well.



Adding A Conditional Independence Assumption
Angrist and Rokkanen (2015)

• Use the RDD to partially validate a conditional 
independence assumption.
– Key idea is that if the CIA holds:

• There should be no connection between the assignment 
scores and the outcome in the matched/adjusted sample.

• The RDD provides a way to validate the CIA because you can 
check to see whether you’ve “removed” the effect of the 
assignment scores above and below the cut-off.

• If CIA is valid: use the matching design as the 
basis for extrapolation beyond the cut-off. 
– Linear (regression-based) approach + inverse 

propensity score weighting approach.



Conventional RDD At Boston Exam Schools



Relationship Between Assignment Scores and Residualized
Outcomes After Adjusting For Covariates

After adjusting the outcomes for covariates, the assignment 
scores (mostly) no longer matter above and below the cut-off. 



Extrapolations Based On The Conditional Independence 
Assumption



Summary

• RDD provides a very credible strategy for estimating 
the effects of interventions.

• One limitation is that the treatment effects often 
correspond to a narrow sub-population.

• Adding multiple “design elements” is one way to make 
progress. 
– The RDD can often be used to partially validate the 

“weaker” design: 
• Does it give the same answer at the cut-off?
• Do the assumptions hold over some testable range of the data? 



Things To Think About

– Choose the cut-off so that the RDD effect is policy 
relevant. That way you don’t have to engage in these 
more complicated strategies.

– Collect data on non-equivalent comparison groups to 
help strengthen the RDD using comparison group 
methods.

– Collect data on covariates (particularly ones that are 
connected to the assignment scores) to help 
strengthen RDD using CIA methods.


