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 The purpose is to introduce regression discontinuity design (RDD) and some 
practical considerations when using it.

 Structure and organization follows:
• Jacob et al. (2012). A Practical Guide to Regression Discontinuity
• Cattaneo, M., Idrobo, N., & Titiunik, R. (2020). A Practical Introduction to 

Regression Discontinuity Designs: Foundations
• Cattaneo, M., Idrobo, N., & Titiunik, R. Forthcoming. A Practical Introduction to 

Regression Discontinuity Designs: Extensions
 We will not cover everything.
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Source: Placeholder for sources and permissions (if needed).

Introduction

Presenter
Presentation Notes
The purpose of this module is to introduce RD research designs and some practical considerations when using them. The talk will focus on the intuition of the method rather than technical details.The structure of this module follows the organization of Jacob et al. (2012), A Practical Guide to Regression Discontinuity. Much of the content is derived from this source. Additional content is derived from Cattaneo et al. (2018a), A Practical Introduction to Regression Discontinuity Designs: Volume I, and Cattaneo et al. (2018b), A Practical Introduction to Regression Discontinuity Designs: Volume II.We will not cover every aspect of RD design and analysis in detail, but we will provide supporting materials that will help you find more information if interested.



 In some settings, program rules use cutoffs to determine who is eligible to 
participate in the program.
• Schools with average test scores below a particular threshold may be required 

to do things other schools are not required to do.
• Programs with limited slots may admit participants based on a test score or a 

composite score.
 Under certain conditions, you can compare outcomes for those just below and 

just above the cutoff to identify the effect of the program.
 The idea is that people near the cutoff on either side are like one another, but 

one group is in the program and the other is not.
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Basics of RDD

Presenter
Presentation Notes
Some programs may have rules that enforce cut-points for eligibility or assignment to a treatment may be determined by a threshold.For example, schools might be assigned to a particular treatment based on whether their average achievement score on an examination falls above or below a particular score.If a program has more demand than available slots, applicants might be ranked according to some composite score, and a place in the program might be offered only to those applicants who score above a threshold.If you are interested in learning about the effect of a program on an outcome of interest, if certain conditions hold, the cut-point can be used to identify the effect of the program.The idea is that people just below and just above the cut-point should be very similar to one another, so the difference in outcomes between those just above and those just below the cut-point tells you the impact of the program.
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Source: Jacob, R., Zhu, P., Somers, M., & Bloom, H. (2012). A Practical Guide to Regression Discontinuity. New York, NY: MDRC. Reprinted with permission of MDRC.

Visualizing the Intuition Behind RDD

Presenter
Presentation Notes
This graph shows the basic intuition behind RD.The graph plots a rating of student poverty on the x-axis and an outcome of interest, student test scores, on the y-axis.The vertical line shows a threshold for student poverty that determines which students are assigned to the treatment group.The jump in test scores at the cut-point shows the impact of the program. The idea is that students in the boxes to the left and the right of the cut-point are sufficiently similar to one another that the only explanation for the difference in test scores at the cut-point is the treatment.



 There are some terms used in RDDs that you need to know:
• Rating variable (also called forcing variable or running variable)
• Sharp RDD and fuzzy RDD

 RDDs are classified as sharp or fuzzy based on whether everyone on the 
program side of the cutoff actually participates in the program.

 Internal validity of an RDD depends on several conditions:
• The program cannot influence the rating variable.
• The cutoff is independent of the rating variable.
• There are no other treatments assigned using the same cutoff.
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Terms and Validity

Presenter
Presentation Notes
There are some terms used in RD settings that you should know. Some of the terms can be referred to in different ways in the literature. We’ll default to using the same terminology as in Jacob et al. (2012).The variable that determines the treatment assignment is called the rating variable (also called the forcing variable or the running variable).There also is a distinction between applications of RD that are sharp versus fuzzy.In a sharp RD design, all units of analysis comply with their treatment assignment. For example, if the units of analysis are cities and the treatment is having a mayor from a particular political party, then applying a RD design using the margin of victory for the party as the rating variable is an example of a sharp RD because all cities with a positive margin of victory for the party by definition receive the treatment, and, similarly, no cities with a negative margin of victory receive the treatment (Meyersson, 2014).In a fuzzy RD design, some units of analysis may not comply with their treatment assignment.Some treatment group members may not actually receive the treatment (e.g., students are eligible to receive support services, but some do not).Some comparison group members may receive the treatment.This same noncompliance issue also can arise in experimental studies.An RD design is an appealing alternative when it may not be feasible to implement an RCT, or otherwise when a program of interest already uses a rating mechanism to determine who can participate.But for an RD estimate to be internally valid—i.e., it truly represents an unbiased estimate of the impact of the program being studied—several conditions must hold:The rating variable cannot be influenced by the treatment.The cut-point is independent of the rating variable.Aside from the assignment to treatment, there are no other discontinuities in the analysis sample.For this training module, we’ll focus first on sharp RD to illustrate the concepts. Then we’ll talk briefly about fuzzy RD.



Knowledge Check #1
RDD Scenarios
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Presenter
Presentation Notes
Ask students to identify which of the hypotheticals listed below appear to be good candidates for an RD study (answers: 2)Students at a single high school who want to participate in a work-based learning program are chosen by a lottery for spots in the program.High school students in grade 11 are given a math exam. Students scoring above 75 are eligible to enroll in college-level math courses in their senior year.A high school youth apprenticeship program scores student applications and accepts students to fill 30 open spots by taking the 30 students with the highest-scoring applications.A career readiness-focused soft skills course, open to all interested students, requires that students provide their GPAs when signing up.



Knowledge Check #1
1. Students at a single high school who want to participate in a work-based 

learning program are chosen by a lottery for spots in the program.
2. High school students in grade 11 are given a math exam. Students scoring 

above 75 are eligible to enroll in college-level math courses in their senior 
year.

3. A high school youth apprenticeship program scores student applications and 
accepts students to fill 30 open spots by taking the 30 students with the 
highest-scoring applications.

4. A career readiness-focused soft skills course, open to all interested students, 
requires that students provide their GPAs when signing up.
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Presenter
Presentation Notes
Ask students to identify which of the hypotheticals listed below appear to be good candidates for an RD study (answers: 2)Students at a single high school who want to participate in a work-based learning program are chosen by a lottery for spots in the program.High school students in grade 11 are given a math exam. Students scoring above 75 are eligible to enroll in college-level math courses in their senior year.A high school youth apprenticeship program scores student applications and accepts students to fill 30 open spots by taking the 30 students with the highest-scoring applications.A career readiness-focused soft skills course, open to all interested students, requires that students provide their GPAs when signing up.



 It is good to start your analysis by plotting the data.
 Plot data points with

• The rating variable on the horizontal axis.
• The outcome variable on the vertical axis.

 Look for visual evidence of a jump at the cutoff score (though this can be difficult 
to see).
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Starting an RDD Analysis With Graphs

Presenter
Presentation Notes
A good place to start an RD analysis is to prepare a graph that plots the forcing variable on the x-axis and the outcome on the y-axis. If you do not see graphical evidence supporting a discontinuity at the cut-point, you are not likely to find any substantive treatment effects.It is worthwhile to plot the raw data, but it may be hard to draw many conclusions from it.
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Source: Jacob, R., Zhu, P., Somers, M., & Bloom, H. (2012). A Practical Guide to Regression Discontinuity. New York, NY: MDRC. Reprinted with permission of MDRC.

Graphing the Raw Data

Presenter
Presentation Notes
From this graph, you can sort of make out a negative discontinuity at the cut-point of 215, but it is still a bit unclear.



 The next step is to look more closely at the data using smoothed plots.
 Graphing the data is a three-step process:

• Divide the data into bins based on the value of the rating variable.
• For each bin, calculate the average value of the outcome variable.
• Plot the data for all the bins, using the midpoint of the bin and the average 

value of the outcome variable.
 You can use either evenly-spaced bins or quantile-spaced bins.
 There are ways to identify the optimal number of bins if desired.
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Graphing the Data Using Smoothed Plots

Presenter
Presentation Notes
To make it easier to judge whether there is a discontinuity at the cut-point, the next step is to plot the data using what are called “smoothed” plots according to a three-step process:Divide the observations into a number of bins, based on the value of the rating variable. Each bin defines a range of the rating variable.Within each bin, calculate the mean of the outcome.Plot (x, y) pairs in which each x value is the midpoint of the rating variable for that bin, and the y value is the mean of the outcome for that bin.There are different ways to choose the number of bins and how they cover the range of the rating variable. For any number of bins, two options for defining the bins are evenly spaced and quantile spaced.Evenly spaced bins divide the regions to the left and right of the cut-point into bins of equal size (measured by the range of the rating variable).Quantile-spaced bins divide the regions into bins containing roughly the same number of observations.There are formal ways to determine the optimal number of bins, which is beyond the scope of this module.
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Source: Jacob, R., Zhu, P., Somers, M., & Bloom, H. (2012). A Practical Guide to Regression Discontinuity. New York, NY: MDRC. Reprinted with permission of MDRC.

Smoothed Plots

Presenter
Presentation Notes
In the example on the left, the data have been split into evenly spaced bins of length 10. In the example on the right, the data have been split into evenly spaced bins of length 3. You can see that the size of the dots in the graphs vary—larger dots indicate bins containing a greater number of observations.Comparing the two graphs also shows how a smaller bin size can make it easier to see the discontinuity at the cut-point.
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Source: Dougherty, S. (2018). The Effect of Career and Technical Education on Human Capital Accumulation: Causal Evidence from Massachusetts. Education Finance and Policy, 13(2), 119–148.

Smoothed Plots: CTE Example

Presenter
Presentation Notes
The previous graphs were based on a simulated data set that has nice properties to make it easy to work with.These four graphs are examples from a published study of CTE in Massachusetts (Dougherty [2018]) that implemented an RD design to examine the impact of participating in a specialized high-school CTE system on academic achievement outcomes. As you can see, the figures are not necessarily easy to interpret.In this study the author argued that the graphs showed evidence of discontinuities in outcomes A, B, and C but not D (as well as for two outcomes related to test scores that are not shown).



 The goal of RDD is to use the jump at the cutoff score to estimate the impact of 
the program on the outcome.

 There are two approaches to doing this:
• The global strategy uses all the data.
• The local strategy uses only the observations close to the cutoff score.

 We will talk about both but focus more on the local strategy.
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Estimation: Two Strategies

Presenter
Presentation Notes
The goal of using RD is to use the discontinuity at the cut-point to estimate the causal impact of the treatment on an outcome.To accomplish this, we must correctly model the relationship between the rating variable and the outcome. We can do that in different ways. The different approaches to estimation fall under two headings, generally referred to as global and local strategies. We will talk about both but focus more on the local strategy because it is the one most often used in practice. The feature that distinguishes the two strategies is whether the analysis uses all observations in the sample or only those in the vicinity of the cut-point.Much of the mechanics of estimation is done automatically by common statistical computing programs.



 The global strategy approach to RDD uses all the data to estimate a regression 
model:

𝑌𝑌𝑖𝑖 = 𝛼𝛼𝑖𝑖 + 𝛽𝛽0 � 𝑇𝑇𝑖𝑖 + 𝑓𝑓 𝑟𝑟𝑖𝑖 + 𝜀𝜀𝑖𝑖
 𝑌𝑌𝑖𝑖 is the outcome, 𝑇𝑇𝑖𝑖 is an indicator for being in the treatment group, and 𝑟𝑟𝑖𝑖 is the 

rating variable. 
 The parameter 𝛽𝛽0 is what we want to know—the effect of the program at the cutoff.
 We do not know the true 𝑓𝑓 𝑟𝑟𝑖𝑖 , so in practice you may test different models (e.g., 

linear, quadratic, cubic).
 As sensitivity tests, you can re-run the models excluding some of the observations 

with the highest and lowest values of the rating variable.
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Global Strategy

Presenter
Presentation Notes
The global strategy approach to RD uses all the data to estimate a regression model that expresses the outcome as a function of a constant, the rating variable, a treatment indicator, and an error term. Though not necessary, the model also can include additional covariates for greater precision. 𝑌 𝑖 = α 𝑖 + β 0 ∙ 𝑇 𝑖 +𝑓  𝑟 𝑖  + ε 𝑖 The term 𝑓  𝑟 𝑖   represents some function of the rating variable that approximates the true underlying relationship.The parameter  β 0  is what we care about; it represents the effect of the treatment at the cut-point.Because we do not know the true functional form for 𝑓  𝑟 𝑖  , applying the global strategy involves testing a variety of alternatives to identify the one that best fits the data. A common approach is to test models that include a linear, quadratic, and cubic of the rating variable, both with and without terms that interact the rating variable terms with the treatment indicator.The different models are compared using statistical tests such as F-tests of the Akaike information criterion to choose the best fit.Once the best functional form is identified, the robustness of the estimated treatment effect can be checked by rerunning the regression after excluding observations with the highest and lowest values of the rating variable, such as the outermost 1%, 5%, or 10%. If the estimate is sensitive to these exclusions, the functional form may be misspecified.



 The local strategy approach to RDD uses only observations close to the cutoff score 
to estimate the treatment effect.

 The range around the cutoff score that defines which observations are included is 
called the bandwidth.

 The process for estimating the impact of the program on the outcome is:
• Estimate two separate regression models, one for below the cutoff and one for 

above it, using the model 𝑌𝑌𝑖𝑖 = 𝛼𝛼𝑖𝑖 + 𝑓𝑓 𝑟𝑟𝑖𝑖 + 𝜀𝜀𝑖𝑖.
• Calculate two predicted values of the outcome at the cutoff, using each set of 

estimated regression coefficients.
• Subtract the predicted value of the outcome using the below-cutoff regression 

coefficients from the predicted value using the above-cutoff regression coefficients.
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Local Strategy

Presenter
Presentation Notes
Whereas the global strategy uses all observations to estimate the treatment effect, the local strategy uses only those observations within a selected boundary around the cut-point, called the bandwidth. If the cut-point is defined as r = C and the bandwidth by B, then the analysis uses all observations with rating variable values between C ± B.Conditional on a choice of bandwidth, estimating the treatment effect involves a series of steps:Estimate two separate regression functions, one using only data to the left of the cut-point and one using only data to the right, using a similar setup as described for the global strategy: 𝑌 𝑖 = α 𝑖 +𝑓  𝑟 𝑖  + ε 𝑖 As with the global strategy, the term 𝑓  𝑟 𝑖   can be specified as linear in  𝑟 𝑖  or might include quadratic or higher order terms.If the regression functions are linear in  𝑟 𝑖 , this approach is called local linear regression. If the regression functions have higher order  𝑟 𝑖  terms, the approach is called local polynomial regression.After estimating both regressions, calculate the predicted value of  𝑌 𝑖  at the cut-point using the estimated coefficients from each regression.The RD estimate of the treatment effect is the difference between the two predicted values.Another potential wrinkle is to estimate the regressions using weighted least squares, giving greater weight to observations that are closer to the cut-point using a kernel function.
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Source: Cattaneo, M., Idrobo, N., & Titiunik, R. (2020). A Practical Introduction to Regression Discontinuity Designs: Foundations (Elements in Quantitative and Computational Methods for the Social 
Sciences). Cambridge: Cambridge University Press. Reproduced with permission of the authors.

Visualizing the Local Strategy

Presenter
Presentation Notes
This graph shows what is occurring when implementing the local strategy. The cut-point is at c, and the bandwidth is h. The red points are data for the treatment group, and the blue points are data for the comparison group.The black lines to the left and the right of the cut-point show the linear regression fit to the data within the bandwidth. The vertical difference between where each dark black line intercepts the dashed line representing the cut-point is the RD estimate of the treatment effect. The solid red and blue lines show the fit of local polynomial regressions.



 To apply the local approach to RDD, you have to choose a bandwidth.
 There is a tradeoff you have to balance:

• Choosing a smaller bandwidth always reduces bias (which is good).
• But, a smaller bandwidth also reduces precision (which is not good).

 There are accepted empirical methods for choosing a bandwidth.
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Choosing a Bandwidth

Presenter
Presentation Notes
When applying the local strategy, the choice of bandwidth is important, and researchers face a trade-off when selecting the bandwidth.For a given form of 𝑓  𝑟 𝑖  , choosing a smaller bandwidth will always make the model do a better job of approximating the true (unknown) relationship. In other words, smaller bandwidths reduce the bias of the functional form.However, a smaller bandwidth reduces the number of observations used to estimate the regression function, so the coefficients will be estimated less precisely.The end result is that choosing a bandwidth involves a tradeoff between bias and precision.Because of the tradeoff involved in choosing a bandwidth, methods have been developed to determine the optimal bandwidth that balances the bias and precision tradeoff based on the data, rather than the ad hoc judgment of the researcher. The technical details are beyond the scope of this module but can be implemented automatically in common statistical computing packages.



 As part of an RDD analysis, you should assess whether critical assumptions for 
the validity of the design are satisfied.

 Some common approaches are:
• Learn about how the rating variable is created and how the cutoff score was 

determined.
• Analyze the probability of participating in the program.
• Analyze variables that should not be affected by the program, such as 

placebo outcomes.
• Look for evidence of manipulation in the density of the rating variable.
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Validating RDD Estimates

Presenter
Presentation Notes
Estimates from RD designs are internally valid only if the assumptions underlying the RD framework are satisfied. Key assumptions deal with the rating variable being determined via a process that is independent of the cut-point and in a way that cannot be perfectly manipulated to include or exclude certain observations.As part of an RD analysis, you need to assess whether there is any evidence that the rating variable may have been manipulated, which can be done in various ways:One starting point is to learn how the rating variable was created and how the cut-point was determined. Talk to the program administrators who assigned the ratings and determined the cut-point, review available documentation that explains the rating and assignment process, and compare the actual ratings and assignment to the planned mechanisms.A second approach is to analyze the probability of receiving the treatment. To do this, plot the probability of receiving the treatment as a function of the rating variable using the same type of smoothed plots we talked about earlier. For the RD design to be valid, there must be a jump in this probability at the cut-point.Another validation test is to use a similar graphical approach to analyze variables that are not outcomes and for which there is no reason to expect the treatment to have an impact. Two types of variables are commonly used: (a) those determined before the treatment assignment (e.g., participant demographic characteristics), and (b) those determined after the treatment assignment but not affected by the treatment. The latter are sometimes called placebo outcomes. If the RD design is valid, there should be no systematic differences between observations close to but on either side of the cut-point. If a graphical analysis shows a jump at the cut-point for any of these kinds of variables, the result suggests that the RD design may be invalid.A third type of test is to look at the density of the rating variable. If the assumptions of RD are met, then the number of observations with rating scores just below and just above the cut-point should be roughly the same. If we look at the distribution of the rating variable and see a jump in the number of observations just above the cut-point compared with the number just below, the rating variable may have been manipulated to push some people into the treatment group. You can perform this test both graphically and more formally using statistical tests. The details of the statistical tests are beyond the scope of this module.



 There are other types of sensitivity tests you can use:
• Checking for placebo cutoffs

– Look for a jump in the outcome at other values of the cutoff.
• Using the donut hole approach to test for manipulation of the rating variable

– Drop observations near the cutoff.
• Using different bandwidths

– Use bandwidths slightly larger and smaller than the optimal bandwidth.
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Other Sensitivity Tests

Presenter
Presentation Notes
There are a few other sensitivity tests worth mentioning:Placebo Cutoffs: The idea behind this test is to see whether the function relating the rating variable to the outcome shows any evidence of a discontinuity other than at the known cut-point. You can implement this graphically or by rerunning the RD estimation for different values of the cut-point. If there is evidence of a discontinuity somewhere other than at the cut-point, one of the key identifying assumptions of the RD design has been violated.Donut Hole Approach to observations near the cut-point: The intuition behind this test is that if the rating variable were indeed being manipulated, you would expect that the observations closest to the cut-point would be the ones affected by the manipulation. This procedure involves dropping observations closest to the cut-point (creating a “donut hole” in the data) and re-estimating the treatment effect. You can repeat the process for a set of different windows around the cut-point in which you drop observations. If the RD point estimate changes substantially, the result would suggest potential manipulation.Bandwidth Choice: One final type of sensitivity test to mention is related to bandwidth. Recall that there is a tradeoff between bias and precision when selecting a bandwidth. One way to check the robustness of the results is to re-estimate the regression model for other bandwidths. It is best to do this near the optimal bandwidth. As the bandwidth increases, we know the variance will decrease and the bias will increase, so it should not be surprising to see the point estimate change and confidence intervals get smaller. The point of this procedure is to observe how sensitive the estimated treatment effect is to the inclusion of observations farther away from the cut-point.



Knowledge Check #2
Validation Tests
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Presenter
Presentation Notes
Provide students with a handout featuring a series of 4-5 examples showing the results of different types of validation tests. Ask students to identify whether each example suggests that the RDD is valid.



 Up to this point, we have assumed that the cutoff completely determines whether 
an individual is in the program.

 But program participation may not be completely determined by the cutoff score.
• Some people with scores above the cutoff may not enroll (no-shows).
• Others with scores below the cutoff may find a way to enroll (crossovers).

 Non-compliance with assignment is a well-known problem in experimental 
settings.

 In an RDD, we call an application with non-compliance a fuzzy RDD.
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Fuzzy RDD

Presenter
Presentation Notes
To this point, we have assumed that the assignment mechanism is completely deterministic. In other words, all observations with ratings above the cut-point are not just assigned to the treatment; they also receive the treatment, and none of the observations with ratings below the cut-point receive the treatment.Sometimes receipt of the treatment is not completely determined by the assignment. For example, students with ratings above the cut-point might be offered spots in a program, but some of them may end up not enrolling (i.e., “no-shows”). Alternatively, some students with ratings below the cut-point may not be offered spots in the program but might nevertheless enroll somehow (i.e., “crossovers”).Noncompliance with treatment assignment and its implications for analysis are issues that are well understood in experimental settings. When applying RD to a context that features any form of noncompliance with treatment assignment, the design is called a fuzzy RD design.
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Source: Cattaneo, Matias D., Idrobo, Nicolás, and Titiunik, Rocío. Forthcoming. A Practical Introduction to Regression Discontinuity Designs: Extensions. Cambridge Elements: Quantitative and
Computational Methods for the Social Sciences. Cambridge University Press. Reproduced with permission of the authors.

Visualizing Sharp Versus Fuzzy RDDs

 

Presenter
Presentation Notes
These two graphs show the key difference between sharp and fuzzy RD designs.In the panel on the left (sharp RD), the probability of receiving the treatment is zero for all observations with ratings below the cut-point and one for all observations with ratings above it.In the panel on the right, the probability of receiving treatment is still zero for all observations with ratings below the cut-point (e.g., no crossovers), but it is no longer the case that all observations with ratings above the cut-point received the treatment (e.g., there were some no-shows).



 Estimation in a fuzzy RDD context is not the same as the process in a sharp RDD 
setting.

• Data on either side of cutoff include a mix of participants and non-participants.

 You can just ignore non-compliance and estimate the intent-to-treat (ITT) effect.

• The estimate tells you the effect of the program on those eligible for it.

 A more common approach is to estimate the local average treatment effect (LATE).

• The estimate tells you the effect of the program on compliers.
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Estimation in a Fuzzy RDD Context

Presenter
Presentation Notes
Estimating treatment effects in a fuzzy RD setting is not the same as estimating treatment effects in a sharp RD setting. The observations on each side of the cut-point include a mix of those who received the treatment and those who did not. We cannot conclude that any observed jump in the outcome at the cut-point is strictly caused by the treatment.One approach is to ignore the noncompliance and estimate the treatment effect as you would in a sharp RD design. The resulting estimate is called the intent to treat (ITT) effect because it estimates the effect of the treatment on those offered it, regardless of whether they actually received the treatment.The most common approach is to estimate the local average treatment effect (LATE) (sometimes called the complier average causal effect [CACE]), which represents the marginal effect of the treatment on those who complied with their treatment assignment. 



 The LATE is estimated equal to the jump in the outcome at the cutoff divided by the jump in the 
probability of participating at the cutoff:

LATE = ��βoutcome βassignment�

 In practice, to estimate the LATE, researchers use an instrumental variables (IV) approach to 
estimate two equations:

𝑇𝑇𝑖𝑖 = α1 + γ0 � 𝐷𝐷𝑖𝑖 + 𝑓𝑓1 𝑟𝑟𝑖𝑖 + ϵ𝑖𝑖
𝑌𝑌𝑖𝑖 = α + β0 � 𝑇𝑇𝑖𝑖 + 𝑓𝑓2 𝑟𝑟𝑖𝑖 + μ𝑖𝑖

 𝑇𝑇𝑖𝑖 is an indicator for treatment, and 𝐷𝐷𝑖𝑖 is an indicator for treatment assignment.

 The two-equation model is estimated using two-stage least squares (2SLS).

 You can test different functional forms for 𝑓𝑓1 𝑟𝑟𝑖𝑖 and 𝑓𝑓2 𝑟𝑟𝑖𝑖 .
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Estimation in a Fuzzy RDD Context (cont.)

Presenter
Presentation Notes
Under some assumptions about the nature of noncompliance, the LATE is estimated as follows:𝐿𝐴𝑇𝐸=   β outcome     β assignment   The numerator is the jump in the relationship between the rating variable and the outcome at the cut-point (e.g., what we would estimate if this were a sharp RD). The denominator is the jump in the relationship between the rating variable and the probability of receiving the treatment.In practice, estimating the treatment effect in a fuzzy RD setting is typically implemented using an instrumental variables approach, with two equations: 𝑇 𝑖 = α 1 + γ 0 ∙ 𝐷 𝑖 + 𝑓 1   𝑟 𝑖  + ϵ 𝑖  𝑌 𝑖 =α+ β 0 ∙ 𝑇 𝑖 + 𝑓 2   𝑟 𝑖  + μ 𝑖 The first equation expresses the treatment indicator (for receipt of treatment) on a constant, an indicator for treatment assignment ( 𝐷 𝑖 ), a function of the rating variable, and an error term. The second equation expresses the outcome as a function of a constant, the treatment indicator, a function of the rating variable, and an error term.When choosing the functional forms for  𝑓 1   𝑟 𝑖   and  𝑓 2   𝑟 𝑖  , you can either test different polynomials as we talked about in the sharp RD setting or choose a bandwidth around the cut-point within which you assume both  𝑓 1   𝑟 𝑖   and  𝑓 2   𝑟 𝑖   to be linear.



 Precision
• RDDs require much larger sample 

sizes than experiments (~ 2x to 4x).
• The need for a larger sample to 

compensate for the reduced 
precision of an RDD is called the 
design effect.
– Larger for non-parametric 

methods than parametric methods
– Larger for fuzzy RDD than sharp

 Extensions
• Multiple cutoffs
• Multiple scores
• Clustered RDDs
• Combinations with experiments
• Adding a nonequivalent group

Other Topics in RDD
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Presenter
Presentation Notes
Some other topics related to RD analysis are beyond the scope of this module to cover in detail but are worth touching on. The first is the precision of RD estimates.In general, RD designs require much larger sample sizes than a similar RCT. The increased sample size requirement because of the reduced precision of an RD design compared to a similar RCT is sometimes called the design effect.As an approximation, RD designs need from 2x to 4x the sample size of an RCT to have equivalent power.For a given sample size, nonparametric methods are less precise than parametric methods because they use less information from observations farther from the cut-point.The design effect is larger for fuzzy RD than for sharp RD (e.g., you need a larger sample to achieve the same power).There are other extensions to the basic sharp or fuzzy RD frameworks.Multiple Cut-Points: Assignment to treatment could be conditional on the rating variable falling both above a lower bound and below an upper bound. Or a set of cut-points could define a set of treatments (e.g., different dosages).Multiple Scores: Treatment assignment might depend on two or more ratings variables. For example, students may be eligible for a program only if they score above specific cut-points on two different subject examinations.Clustered RD Designs: Like a clustered RCT, a clustered RD would assign treatment eligibility at an aggregated level (e.g., a school) based on a cut-point score, with data available to estimate lower level outcomes (e.g., student level).Combinations With RCTs: RD designs can be combined with randomization to create opportunities for multiple comparisons. For example, with two cut-points for a rating variable measuring need, individuals in the lowest and highest ranges could be assigned to treatment and comparison groups, respectively, with those having ratings in the middle being assigned to treatment at random.Adding a Nonequivalent Group: Recent research has proposed adding to the basic RD setup a separate untreated comparison group. The purpose of the additional observations is to estimate the functional relationship between the rating variable and the outcome across the entire range of the rating variable. If the functional relationship for the supplemental (untreated) group is parallel to that for the main comparison group, information from the nonequivalent group can improve precision and allow for the extrapolation of treatment effects away from the cut-point.



 WWC standards for RDDs are based on five key aspects of the design:

1. Integrity of the rating variable

2. Sample attrition

3. Continuity

4. Bandwidth/functional form

5. Fuzzy RDD

 To be rated Meets WWC RDD Standards Without Reservations, the study has to completely 
satisfy all five individual standards.

 To be rated Meets WWC RDD Standards With Reservations, the study has to at least partially 
satisfy 1, 4, and 5 plus either 2 or 3.
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WWC Standards for RDDs
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The WWC has a set of standards for studies featuring RD designs. According to Version 4.0 of the WWC Standards Handbook, a study is eligible for review if the following hold true:Treatment assignments are based on the threshold value of a numerical variable.Studies that use multiple assignment variables or cut-points with the same study sample are eligible for review only if they reduce those variables to a single variable or analyze each assignment variable separately.The assignment variable must be ordinal and include a minimum of four unique values at both below and above the cut-point.The study must not have a confounding factor, which perfectly aligns with either the treatment or comparison group.The assignment variable used to calculate must not be a proxy or estimation of the actual assignment variable.See the summary table handout for more details.



Regression Discontinuity 
Designs: Practice
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The next section of this training session focuses on implementing RDD techniques in practice.



 The goal is to let you practice carrying out RD analysis using real data.
• First, I will demonstrate some examples.
• Second, you will have time to work in small groups through a series of activities.

 The first part is meant to show you how to implement some of the techniques we 
discussed.
• All commands are from Stata but have R equivalents.

 After your independent work time, you will meet with trainers in virtual office hours.
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Overview

Presenter
Presentation Notes
The goal of the practice-focused component of the session is to give you all the opportunity to practice applying RD using real dataThere are two parts to this part of the sessionFirst, I’m going to walk through some examples for you. You can follow along and execute my examples with me as I go, or you can just watch and listenSecond, you’ll have time to work together in small groups through a set of activitiesFor my examples, I’ll present code in Stata, but we have provided you with code for both Stata and RLater in the afternoon, you’ll meet with trainers in virtual office hours



 Suppose that a state features a number of CTE-focused high schools.
• Students have to apply for admission.
• Admission is based on several factors that are combined into a single score for 

each applicant, with a threshold for acceptance.
 Assume all students who are accepted to the CTE-focused schools actually enroll.
 We can use RD to estimate the impact of attending a CTE-focused high school on 

an outcome of interest.
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Example Analysis Scenario
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To motivate the examples I’ll show you, we developed a hypothetical scenario that’s summarized hereThe scenario is that a state operates some CTE-focused high schoolsStudents who want to attend have to apply for admissionApplicants are given a composite score that’s used to decide which students will be offered spots in the schoolsThere’s a threshold above which students are acceptedTo make things simple, we’ll assume that all students who get accepted to the CTE schools actually enrollBecause the intervention (in this case, enrolling in a CTE-focused high school) is applied to students based on a cutoff score, we can use RD to estimate the impact of attending a CTE-focused high school on an outcome of interest



 The data we will use are all hypothetical.
• Derived from Meyersson (2014) but manipulated

 The key variables in the data set are:
• Y, the outcome of interest (Grade 12 test score)
• X, the rating variable (application score; assume a cutoff of 50)
• Z1, an example student characteristic

 This analysis is a sharp RDD because the treatment (attending a CTE-focused 
high school) is completely determined by the application score cutoff.
• We assumed that all accepted students will enroll.
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Example Analysis Variables and Approach
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You should have already downloaded a data file that includes the data for the examples I’ll give.The data are hypothetical, derived from Meyersson (2014). We’ve manipulated the data a bit to suit our purposes.I’m going to focus on three key variables:Y is the outcome we care about. Let’s assume it represents a 12th grade test score. Outcomes like this are the kind of outcomes you’re likely to want to consider in CTE-related research.X is the rating variable. In our example, this is the application score for students who want to enroll in the CTE-focused high schoolsZ1 is a student characteristic. In our example, this could be a baseline test score or other variable.The examples I’ll give are based on a sharp RDD analysis. That’s because we assumed that all students that are offered a spot in a CTE-focused school will actually enroll.



twoway (scatter Y X, 
mcolor(black) xline(50, 
lcolor(black))), 
graphregion(color(white)) 
ytitle(Outcome) xtitle(Score)

Step 1: Plot the Raw Data
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One of the first steps you may take when considering an RD analysis is just to plot the raw data.The Stata code on the left does this, giving the output on the right.The rating variable (X) runs from 0 to 100.The vertical line at 50 is the cutoff score.The outcome variable (Y) runs from 50 to 100.Like we noted earlier, the raw data may be hard to interpret. In this case, the plot doesn’t give any indication of whether there’s a discontinuity at the cutoff.



Number of bins = 20

rdplot Y X, c(50) nbins(10 10) 
binselect(esmv)
graph_options(
graphregion(color(white)) 
xtitle(Score) ytitle(Outcome) 
legend(off))

Step 2: Plot the Data Using Bins (20)
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The Stata command rdplot makes it easy to plot the data in bins, rather than plotting just the raw data.When using rdplot, you specify both the cutoff value, c(50), and the number of bins, nbins.For the number of bins, you have to specify the number below the cutoff and the number above. So nbins(10 10) equals 20 bins total.The binselect option specifies how to choose the number of bins using different data-driven methods. Those are only applied if nbins() is not specified. Esmv is the default option.Each dot represents the average value of the outcome variable Y among observations in that bin.The line represents a 4th order polynomial fit to the data on either side of the cutoff. You can set the order of the polynomial if you’d like; the default is 4.You can see that putting the data into 20 evenly-spaced bins makes it much easier to see the discontinuity at the cutoff.



Number of bins = 40

rdplot Y X, c(50) nbins(20 20) 
binselect(esmv)
graph_options(
graphregion(color(white)) 
xtitle(Score) ytitle(Outcome) 
legend(off))

Step 2: Plot the Data Using Bins (40)
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You can also change the number of bins you use, to see if more or fewer bins gives you a better sense for the pattern in the data.Here, we’ve doubled the number of bins to 40. Notice that the output shows many more dots.The lines on either side of the cutoff are the same because the polynomial fit is estimated using the raw data, not the binned data. The raw data doesn’t change with the number of bins.



Number of bins = 80

rdplot Y X, c(50) nbins(40 40) 
binselect(esmv)
graph_options(
graphregion(color(white)) 
xtitle(Score) ytitle(Outcome) 
legend(off))

Step 2: Plot the Data Using Bins (80)
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As one more example, we’ve doubled the number of bins once more, to 80 total.You can see there are many more dots on either side of the cutoff.One other note is that with 80 bins, the vertical axis scale changes a bit to accommodate one bin with a high value. Before, the scale ended around 65. Here, it ends at 80, and you can see the one bin (with an X value around 15) with a much higher average outcome than the others.Again, the polynomial fit lines don’t change.



Step 2: Plot the Data Using Bins (Summary)

35

40 Bins 80 Bins20 Bins

50
55

60
65

O
ut

co
m

e

0 20 40 60 80 100
Score

50
55

60
65

O
ut

co
m

e
0 20 40 60 80 100

Score

50
60

70
80

O
ut

co
m

e

0 20 40 60 80 100
Score

Presenter
Presentation Notes
Here you can see the three previous graphs all in one placeThe point is that using bins helps you better judge whether there is a discontinuity at the cutoff.Also, more bins may make it easier to judge patterns, but too many bins may defeat that purpose.Beyond the bins, the polynomial fit line produced by rdplot is a really effective way to observe whether there’s a discontinuity.



qui rddensity X, c(50)

local bandwidth_left = e(h_l)

local bandwidth_right = e(h_r)

twoway (histogram X if X >= 50 -
`bandwidth_left' & X < 50, freq 
width(1) color(blue)) (histogram X 
if X >= 50 & X <= 50 + 
bandwidth_right', freq width(1) 
color(red)), xlabel(35(10)65) 
graphregion(color(white)) 
xtitle(Score) ytitle(Number of 
Observations) legend(off)

Step 3: Check for Manipulation (Histogram)
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If the data confirm a discontinuity at the cutoff, the next step should be to confirm that there is no evidence that the rating variable has been manipulated.In our hypothetical scenario, this would mean that students near the cutoff were somehow able to bump up their cutoff scores so that they would go from not meeting the acceptance threshold to meeting it.One way to check for this is to look at a histogram of the cutoff score.The code on the left does thisThe command rddensity implements some testing procedures based on Cattaneo, Jansson, and Ma (2019). We run that as a first step so we can reference the bandwidths chosen for the test.The second and third lines store the left and right bandwidths so we can use them in the twoway command below.If you compare the height of the blue and red bars nearest the cutoff (50), you can see that there doesn’t appear to be any evidence of manipulation.



rddensity X, c(50) plot 
plot_range(35 65)
graph_options(xlabel(35(10)65) 
graphregion(color(white)) 
xtitle(Score) ytitle(Density) 
legend(off))

Step 3: Check for Manipulation (Density)
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Another way to check for manipulation of the rating variable is to plot the density of the rating variable around the cutoffThe Stata command rddensity does this easilyYou have to specify the cutoff, c(50)The plot range tells Stata the window around the cutoff you want to useThe output also includes a statistical test of the hypothesis that there is no manipulation (if the test statistic is statistically significant, that would be evidence of manipulation)The lines on either side of the cutoff represent the estimated densities.The shaded area represents a 95% confidence interval around the estimated densitiesBecause the confidence intervals overlap at the cutoff, this graph shows no evidence that the rating variable was manipulated



sum T if abs(X-C) <= 1

bitesti r(N) r(mean) 0.5
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Step 3: Check for Manipulation (Binomial Test)
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Another way to test for manipulation is to use a formal statistical test (binomial)If you consider only the observations close to the cutoff, you can test whether the proportion that ended up in the treatment group is meaningfully different from what you would expect if they were assigned at random with a 50% chance of ending up above the cutoff.Using our example scenario, the idea is to look at the students with application scores pretty close to the cutoff on either side, then see if it looks like the proportion who scored above the cutoff is much higher than you would expect if each student had a 50/50 chance of getting a score above the cutoff.You can do this in Stata using the binomial test command (bitesti)The term r(N) is the total number of observations with application scores between 49 and 51, retrieved from the preceding summarize commandThe term r(mean) is the proportion of those observations that ended up above the cutoffThe last term 0.5 is the proportion you’re testing against – in this case, 50%.The output from the test is on the rightIf you look at the last row of output, you see the results of a two-sided test; the p-value is equal to 0.617, meaning there’s no evidence of manipulation in this neighborhood around the cutoff



qui reg Y X if X < 50 & X >= 40

matrix coef_left = e(b)

local intercept_left = coef_left[1, 2] + 
50*coef_left[1,1]

qui reg Y X if X >= 50 & X <= 60

matrix coef_right = e(b)

local intercept_right = coef_right[1, 2] + 
50*coef_right[1,1]

local difference = `intercept_right' -
`intercept_left'

display "The RD estimator is `difference'"

Step 4: Estimate the Treatment Effect With an 
Ad-Hoc Bandwidth
Regression approach
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Just to demonstrate some of the intuition behind the RD estimate of the treatment effect, one way to do this is via several manual steps:Choose an ad-hoc bandwidth. Here we picked a bandwidth of 10 on each side of the cutoff (50)Estimate an OLS regression model on each side of the cutoff, using only the observations inside the bandwidth. The outcome variable is Y and the only explanatory variable is the rating variable X.Use the estimated regression coefficients on either side of the cutoff to generate a predicted value at the cutoff (50). In the code, the two estimated values are called “intercept right” and “intercept left,” for the estimates from the right and left sides of the cutoffSubtract the estimated left intercept from the estimated right intercept. The difference is the RD estimate of the treatment effect. In this case, the estimate is 2.151.In practice, you wouldn’t want to generate the estimates manually like this. This is just to show you what you get when you go about it this way, so we can confirm that the result from the automated command is the same.



Step 4: Estimate the Treatment Effect 
With an Ad-Hoc Bandwidth
Local linear model, uniform kernel
rdrobust Y X, c(50) kernel(uniform) p(1) h(10)
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Instead of separately estimating regression models on either side of the cutoff, the rdrobust package (for both Stata and R) does the estimation automatically.Here’s the command for estimating a local linear model with a bandwidth of 10.You have to specify the cutoff, c(50)The kernel option allows you to give more weight to observations nearer the cutoff. The uniform option gives each observation equal weight.The p() option specifies the degree of the polynomial you want to fit on either side. So, since we specified p(1), we’re estimating a linear model.The rdrobust output is to the right. You can see that the point estimate is given at the end, in the column labeled “Coef.”The point estimate is 2.151, the same thing we got when we estimated the two linear models separately and took the difference in estimated intercepts (see the output on the left)The two rows give the results of testing for the statistical significance of the point estimateThe first row reports conventional standard errors and associated confidence intervals and p-values.The second row reports robust bias-corrected confidence intervals and p-values. If you choose your own ad-hoc bandwidth, you should look at the conventional p-value, as the robust values only apply to an estimate based on the optimal bandwidth.In our example, the increase of 2.15 percentage points on the 12th grade exam score is statistically significant, with a p-value less than 0.05.



Step 4: Estimate the Treatment Effect 
With an Ad-Hoc Bandwidth
Local polynomial (quadratic) model, uniform kernel
rdrobust Y X, c(50) kernel(uniform) p(2) h(10)
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This next example shows how you can change the model you’re using on either side of the cutoffSpecifying p(2) means we’re using a quadratic model. In other words, we’re modeling the outcome as a function of both X and X^2. That model is more flexible than the first.We kept the same ad-hoc bandwidth of 10.When we use the quadratic model, the point estimate doesn’t change much. It’s now 2.164 compared to 2.151.But now the estimate is no longer statistically significant, with a p-value of greater than 0.05.



Step 5: Estimate the Treatment Effect 
With the Optimal Bandwidth
Local polynomial (quadratic) model, uniform kernel, symmetric bandwidth
rdrobust Y X, c(50) kernel(uniform) p(2) bwselect(mserd)
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Now we can see what happens when we keep the quadratic model and uniform kernel, but allow the bandwidth to be selected using the mserd option in rdrobustThis is the default bandwidth selection option in rdrobust. The MSE stands for mean squared error. The key point is that this option identifies the best bandwidth for you based on the data, as opposed to you picking a bandwidth yourself.The estimate is similar to what we’ve seen before, with a point estimate of 2.613, which is statistically significant.



Step 5: Estimate the Treatment Effect 
With the Optimal Bandwidth
Local polynomial (quadratic) model, uniform kernel, asymmetric bandwidth
rdrobust Y X, c(50) kernel(uniform) p(2) bwselect(msetwo)
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As one final example of estimating the treatment effect using RD, here we’ve used the rdrobust command again, with a quadratic model, uniform kernel, and optimal bandwidth.The difference this time is that by specifying the option msetwo for the bandwidth selection, we are allowing there to be different bandwidths on the left and right sides of the cutoff.If you look at the output, you can see that the bandwidth to the left of the cutoff is 11.3 and the bandwidth to the right is 10.1.Now our estimated treatment effect is 2.241, a bit lower than we have gotten using the other specifications. The estimate is statistically significant only at the 10 percent level, with a p-value greater than 0.05 but less than 0.10.



rdplot Z1 X, c(50) 
graph_options(legend(off) 
graphregion(color(white))
ytitle(Outcome) xtitle(Score))

Step 6: Falsification Test Using Z1 (Plot)
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Another check on the validity of the RD results is to replace the outcome variable (Y) with another variable that you wouldn’t expect to be affected by the cutoff score.For this example, we’ve used Z1, a student characteristic, like some sort of baseline score on an unrelated test.Here, we’ve used rdplot to create the same sort of graph we used before to look for evidence of a discontinuity at the cutoff. As you can see, there doesn’t appear to be an obvious jump at the cutoff score. So, at least based on this variable, there’s no reason to suspect that the RDD is invalid.



Step 6: Falsification Test Using Z1 (Estimate)

rdrobust Z1 X, c(50)
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Beyond simply looking at the graph on the previous slide, we can also estimate the treatment effect using RD but replacing the outcome variable with the predetermined variable Z1.The results at the bottom of the output show that the estimated treatment effect is very small and not statistically significant (its p-value is greater than 0.05), so we can conclude that for this falsification test, there is no evidence of systematic differences between treatment and control groups at the cutoff.Ideally, you would run similar analyses for other variables that you would expect to be affected if the rating variable were being manipulated.



Regression Discontinuity 
Designs: Small Group Work
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The last part of this training session is for you to do some work in small groups to apply some of the things we’ve reviewed.



 We’ll send you an RDD Activity Guide just after we end this morning.
• The guide presents a series of tasks for your group to complete, using the data 

sets we’ve provided.
 You have the rest of the afternoon to work on the tasks.
 Each group will have some time to meet with our trainers to talk about your 

progress and ask questions.
• The agenda tells you when each group will meet and with whom.

 At 4:30, we will reconvene as a group to recap today’s session.
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The group work session will work like this.Each of you should have an RDD Activity Guide that we distributed along with the course materials.The guide presents a series of tasks for your group to completeYou’ll use data we provided to carry out the tasksYou have the rest of the afternoon to work on the tasksEach group will have some time to meet with our trainers in online meetings to talk about your progress and ask questionsWe’ve provided you with instructions for accessing the office hours.At 4:30, we’ll reconvene as a group to recap the session and talk.If you have any problems during your independent work time that can’t wait until the office hours, please contact XXX.
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Note that contact slides are not numbered.
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