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Regression Discontinuity 
Design

Evaluating Programs That Use an Eligibility Index

Social programs often use an index to decide who is eligible to enroll in the 
program and who is not. For example, antipoverty programs are typically 
targeted to poor households, which are identified by a poverty score or 
index. The poverty score can be based on a formula that measures a set of 
basic household assets as a proxy (or estimate) for means (such as income, 
consumption, or purchasing power).1 Households with low scores are 
classified as poor, and households with higher scores are considered rela-
tively better-off . Antipoverty programs typically determine a threshold or 
cutoff  score, below which households are deemed poor and are eligible for 
the program. Colombia’s system for selecting beneficiaries of social spend-
ing is one such example (see box 6.1). Test scores are another example (see 
box  6.3). College admission might be granted to the top performers on a 
standardized test, whose results are ranked from the lowest to the highest 
performer. If the number of slots is limited, then only students who score 
above a certain threshold score (such as the top 10 percent of students) will 
be granted admission. In both examples, there is a continuous eligibility 
index (poverty score and test score, respectively) that allows for ranking the 
population of interest, as well as a threshold or cutoff  score that determines 
who is eligible and who is not.

CHAPTER 6
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Box 6.1: Using Regression Discontinuity Design to Evaluate the 
Impact of Reducing School Fees on School Enrollment Rates in 
Colombia

Barrera-Osorio, Linden, and Urquiola (2007) 
used regression discontinuity design (RDD) 
to evaluate the impact of a school fee reduc-
tion program in Colombia (Gratuitad) on 
school enrollment rates in the city of  Bogota. 
The program is targeted based on an index 
called the SISBEN, which is a continuous pov-
erty index whose value is determined 
by household characteristics, such as loca-
tion, the building materials of the home, the 
services that are available there, demograph-
ics, health, education, income, and the 
 occupations of household members. The gov-
ernment established two cutoff scores along 
the SISBEN index: children of households 
with scores below cutoff score no. 1 are eli-
gible for free education from grades 1 to 11; 
children of households with scores between 
cutoff scores no. 1 and no. 2 are eligible for a 
50 percent subsidy on fees for grades 10 and 
11; and children from households with scores 
above cutoff score no. 2 are not eligible for 
free education or subsidies.

The authors used a RDD for four rea-
sons. First, household characteristics such 
as income or the education level of the 

household head are continuous along the 
SISBEN score at baseline; in other words, 
there are no “jumps” in characteristics along 
the SISBEN score. Second, households on 
both sides of the cutoff scores have similar 
characteristics, generating credible compari-
son groups. Third, a large sample of house-
holds was available. Finally, the government 
kept the formula used to calculate the 
SISBEN index secret, so that scores would 
be protected from manipulation.

Using the RDD method, the research-
ers found that the program had a signifi -
cant positive impact on school enrollment 
rates. Specifi cally, enrollment was 3 per-
centage points higher for primary school 
students from households below cutoff 
score no. 1, and 6 percentage points higher 
for high school students from households 
between cutoff scores no. 1 and no. 2. This 
study provides evidence on the benefi ts of 
reducing the direct costs of schooling, par-
ticularly for at-risk students. However, its 
authors also call for further research on 
price elasticities to better inform the design 
of subsidy programs such as this one.

Source: Barrera-Osorio, Linden, and Urquiola 2007.

Regression discontinuity design (RDD) is an impact evaluation method 
that can be used for programs that have a continuous eligibility index with a 
clearly defined eligibility threshold (cutoff  score) to determine who is 
 eligible and who is not. To apply a regression discontinuity design, the 
 following main conditions must be met:

1. The index must rank people or units in a continuous or “smooth” way. 
Indexes like poverty scores, test scores, or age have many values that 
can be ordered from small to large, and therefore they can be considered 
smooth. By contrast, variables that have discrete or “bucket” categories 
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that have only a few possible values or cannot be ranked are not consid-
ered smooth. Examples of the latter include employment status 
(employed or unemployed), highest education level achieved (primary, 
secondary, university, or postgraduate), car ownership (yes or no), or 
country of birth.

2. The index must have a clearly defined cutoff  score: that is, a point on 
the index above or below which the population is classified as eligible 
for the program. For example, households with a poverty index score of 
less than 50 out of 100 might be classified as poor, individuals age 67 
and older might be classified as eligible for a pension, and students with 
a test score of 90 or more out of 100 might be eligible for a scholarship. 
The cutoff  scores in these examples are 50, 67, and 90, respectively.

3. The cutoff  must be unique to the program of interest; that is, there 
should be no other programs, apart from the program to be evaluated, 
that uses the same cutoff  score. For example, if a poverty score below 
50 qualifi es a household for a cash transfer, health insurance, and free 
public transportation, we would not be able to use the RDD method to 
estimate the impact of the cash transfer program by itself.

4. The score of a particular individual or unit cannot be manipulated by enu-
merators, potential benefi ciaries, program administrators, or politicians.

The RDD estimates impact around the eligibility cutoff  as the diff erence 
between the average outcome for units on the treated side of the eligibility 
cutoff  and the average outcome of units on the untreated (comparison) side 
of the cutoff .

Consider an agriculture program that aims to improve total rice yields 
by subsidizing farmers’ purchase of fertilizer. The program targets small 
and medium-size farms, which it classifies as farms with fewer than 50 
hectares of land. Before the program starts, we might expect smaller farms 
to have lower outputs than larger farms, as shown in fi gure 6.1, which plots 
farm size and rice production. The eligibility score in this case is the num-
ber of hectares of the farm, and the cutoff  is 50 hectares. Program rules 
establish that farms below the 50-hectare cutoff  are eligible to receive fer-
tilizer subsidies, and farms with 50 or more hectares are not. In this case, 
we might expect to see a number of farms with 48, 49, or even 49.9 hectares 
that participate in the program. Another group of farms with 50, 50.1, and 
50.2 hectares will not participate in the program because they lie just to the 
ineligible side of the cutoff . The group of farms with 49.9 hectares is likely 
to be very similar to the group of farms with 50.1 hectares in all respects, 
except that one group received the fertilizer subsidy and the other group 
did not. As we move further away from the eligibility cutoff , eligible and 

Key Concept
Regression discontinuity 
design (RDD) is an 
impact evaluation 
method that is adequate 
for programs that use a 
continuous index to rank 
potential participants 
and that have a cutoff 
point along the index 
that determines whether 
or not potential 
participants are eligible 
to receive the program.
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Figure 6.1 Rice Yield, Smaller Farms versus Larger Farms (Baseline)
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ineligible farms may diff er more. But farm size is a good measure of how 
diff erent they are, allowing us to control for many of those diff erences.

Once the program rolls out and subsidizes the cost of fertilizer for small 
and medium farms, the impact evaluation could use an RDD to evaluate its 
impact (fi gure 6.2). The RDD calculates impact as the diff erence in out-
comes, such as rice yields, between the units on both sides of the eligibility 
cutoff , which in our example is a farm size of 50 hectares. The farms that 
were just too large to enroll in the program constitute the comparison group 
and generate an estimate of the counterfactual outcome for those farms in 
the treatment group that were just small enough to enroll. Given that these 
two groups of farms were very similar at baseline and are exposed to the 
same set of external factors over time (such as weather, price shocks, and 
local and national agricultural policies), the only plausible reason for 
 diff erent outcomes must be the program itself.

Since the comparison group is made up of farms just above the eligibility 
threshold, the impact given by a RDD is valid only locally—that is, in the 
neighborhood around the eligibility cutoff  score. Thus we obtain an esti-
mate of a local average treatment eff ect (LATE) (see chapter 5). The impact 
of the fertilizer subsidy program is valid for the larger of the medium-size 
farms: that is, those with just under 50 hectares of land. The impact 
 evaluation will not necessarily be able to directly identify the impact of the 
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program on the smallest farms—say, those with 10 or 20 acres of land—
where the eff ects of a fertilizer subsidy may diff er in important ways from 
the medium-size farms with 48 or 49 hectares. One advantage of the RDD 
method is that once the program eligibility rules are applied, no eligible 
units need to be left untreated for the purposes of the impact evaluation. 
The trade-off  is that impacts for observations far away from the cutoff  will 
not be known. Box 6.2 presents an example of the use of RDD for evaluating 
a social safety net program in Jamaica.

Fuzzy Regression Discontinuity Design

Once we have verifi ed that there is no evidence of manipulation in the 
 eligibility index, we may still face a challenge if units do not respect their 
assignment to the treatment or comparison groups. In other words, some 
units that qualify for the program on the basis of their eligibility index 
may opt not to participate, while other units that did not qualify for the 
program on the basis of their eligibility index may fi nd a way to partici-
pate anyway. When all units comply with the assignment that corresponds 
to them on the basis of their eligibility index, we say that the RDD is 
“sharp,” while if there is noncompliance on either side of the cutoff , then 

Figure 6.2 Rice Yield, Smaller Farms versus Larger Farms (Follow-Up)
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we say that the RDD is “fuzzy” (fi gure 6.3). If the RDD is fuzzy, we can use 
the instrumental variable approach to correct for the noncompliance (see 
chapter 5). Remember that in the case of randomized assignment with 
noncompliance, we used the randomized assignment as the instrumental 
variable that helped us correct for noncompliance. In the case of RDD, we 
can use the original assignment based on the eligibility index as the 
instrumental  variable. Doing so has a drawback, though: our instrumental 
RDD impact estimate will be further localized—in the sense that it is no 
longer valid to all observations close to the cutoff , but instead represents 
the impact for the subgroup of the population that is located close to the 
cutoff  point and that participates in the program only because of the eligi-
bility criteria.

Box 6.2: Social Safety Nets Based on a Poverty Index in Jamaica

The regression discontinuity design (RDD) 
method was used to evaluate the impact 
of a social safety net initiative in Jamaica. In 
2001, the government of Jamaica initiated 
the Programme of Advancement through 
Health and Education (PATH) to increase 
investments in human capital and improve 
the targeting of welfare benefi ts to the poor. 
The program provided health and education 
grants to children in eligible poor house-
holds, conditional on school attendance and 
regular health care visits. The average 
monthly benefi t for each child was about 
US$6.50, in addition to a government waiver 
of certain health and education fees.

With program eligibility determined by a 
scoring formula, Levy and Ohls (2010) were 
able to compare households just below the 
eligibility threshold with households just 
above (between 2 and 15 points from the 
cutoff). The researchers justify using the 
RDD method with baseline data showing 
that the treatment and comparison house-
holds had similar levels of poverty, mea-
sured by proxy means scores, and similar 

levels of motivation, in that all of the house-
holds in the sample had applied to the pro-
gram. The researchers also used the 
program eligibility score in the regression 
analysis to help control for any differences 
between the two groups.

Levy and Ohls (2010) found that the 
PATH program increased school atten-
dance for children ages 6 to 17 by an aver-
age of 0.5 days per month, which is 
signifi cant given an already fairly high 
attendance rate of 85 percent. Moreover, 
health care visits by children ages 0 to 6 
increased by approximately 38 percent. 
While the researchers were unable to fi nd 
any longer-term impacts on school achieve-
ment or health care status, they concluded 
that the magnitude of the impacts they did 
fi nd was broadly consistent with condi-
tional cash transfer programs implemented 
in other countries. A fi nal interesting 
aspect of this evaluation is that it gathered 
both quantitative and qualitative data, 
using information systems, interviews, 
focus groups, and household surveys.

Source: Levy and Ohls 2010.
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Checking the Validity of the Regression 
Discontinuity Design

For a RDD to yield an unbiased LATE estimate at the cutoff , it is impor-
tant that the eligibility index not be manipulated around the cutoff  
so that an individual can change treatment or control status.2 Manipulation 
of the eligibility criteria can take many forms. For example, the enumera-
tors who collect data that are used to compute the eligibility score could 
change one or two responses of respondents; or respondents may pur-
posefully lie to enumerators if they think that doing so would qualify 
them for the program. In addition, manipulation of the scores might get 
worse over time as enumerators, respondents, and politicians all start 
learning the “rules of the game.” In the fertilizer subsidy example, 
manipulation around the cutoff  would occur if farm owners could alter 
land titles or misreport the size of their farms. Or a farmer with 50.3 
hectares of land might fi nd a way to sell off  a half hectare to qualify for 
the program, if the expected benefi ts from the fertilizer subsidy were 
worth doing so.

One telltale sign of manipulation is illustrated in fi gure 6.4. Panel a 
shows the distribution of households according to their baseline index 
when there is no manipulation. The density of households around the cut-
off  (50) is continuous (or smooth). Panel b shows a diff erent situation: a 
larger number of households seem to be “bunched” right below the cutoff , 
while relatively few households can be found right above the cutoff . Since 
there is no a priori reason to believe that there should be a large shift in the 
number of households right around the cutoff , the occurrence of that shift 
in the distribution around the cutoff  is evidence that somehow households 

Figure 6.3 Compliance with Assignment

a. Sharp RDD
(full compliance)

P
er

ce
n

t 
o

f 
h

o
u

se
h

o
ld

s
th

at
 p

ar
ti

ci
p

at
e

P
er

ce
n

t 
o

f 
h

o
u

se
h

o
ld

s
th

at
 p

ar
ti

ci
p

at
e

b. Fuzzy RDD
(incomplete compliance)

10

50

100

10

50

100

30 40 50 60 70 80 30 40 50 60 70 80

Baseline poverty index Baseline poverty index



120 Impact Evaluation in Practice

Figure 6.4 Manipulation of the Eligibility Index
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Box 6.3: The Effect on School Performance of Grouping Students 
by Test Scores in Kenya

To test whether assigning  students to 
classes based on performance improves 
educational outcomes, Dufl o, Dupas, and 
Kremer (2011) conducted an experiment 
with 121 primary schools in western Kenya. 
In half the schools, fi rst-grade students were 
randomly split into two different class sec-
tions. In the other half of the schools, 
 students were assigned to either a high- 
performing or a low-performing section 
based on their initial test scores, using the 
test score as a cutoff point.

The regression discontinuity design 
(RDD) allowed researchers to test whether 
the composition of students in a class 
directly affected test scores. They compared 
endline test scores for students who were 
right around the cutoff to see if those 
assigned to the high-performing section did 

better than those assigned to the low- 
performing section.

On average, endline test scores in 
schools that assigned students to sections 
with similarly higher or lower performers 
were 0.14 standard deviations higher than in 
schools that did not use this method and 
instead used randomized assignment to cre-
ate equivalent groups of students. These 
results were not solely driven by students in 
the high-performing section, as students in 
the low-performing section also showed 
improvements in test scores. For students 
right around the cutoff score, the research-
ers found that there was no signifi cant dif-
ference in endline test scores. These 
fi ndings reject the hypothesis that students 
directly benefi t from having higher-achieving 
classmates.

Source: Dufl o, Dupas, and Kremer 2011.
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may be manipulating their scores to gain access to the program. A second 
test for manipulation plots the eligibility index against the outcome vari-
able at baseline and checks that there is no discontinuity or “jump” right 
around the cutoff  line.

  Evaluating the Impact of HISP: Regression 

Discontinuity Design

Now consider how the regression discontinuity design (RDD) method 
can be applied to our Health Insurance Subsidy Program (HISP). After 
doing some more investigation into the design of HISP, you find that in 
addition to randomly selecting  treatment villages, the authorities tar-
geted the program to low-income households using the national poverty 
line. The poverty line is based on a poverty index that assigns each house-
hold in the country a score between 20 and 100 based on its assets, hous-
ing  conditions, and sociodemographic structure. The poverty line has 
been offi  cially set at 58. This means that all households with a score of 58 
or below are classified as poor, and all households with a score of more 
than 58 are considered to be nonpoor. Even in the treatment  villages, only 
poor households are  eligible to enroll in HISP. Your data set includes 
information on both poor and nonpoor households in the treatment 
villages.

Before carrying out the regression discontinuity design estimations, 
you decide to check whether there is any evidence of manipulation of 
the eligibility index. As a fi rst step, you check whether the density of 
the eligibility index raises any concerns about manipulation of the 
index. You plot the percentage of households against the baseline 
 poverty index (fi gure 6.5).3 The fi gure does not indicate any “bunch-
ing” of households right below the cutoff  of 58.

Next, you check whether households respected their assignment to 
the treatment and comparison groups on the basis of their eligibility 
score. You plot participation in the program against the baseline poverty 
index (fi gure 6.6) and fi nd that two years after the start of the pilot, 
only households with a score of 58 or below (that is, to the left of the pov-
erty line) have been allowed to enroll in HISP. In addition, all of the 
 eligible households enrolled in HISP. In other words, you fi nd full com-
pliance and have a “sharp” RDD.

You now proceed to apply the RDD method to compute the impact 
of the program. Using follow-up data, you again plot the relationship 
between the scores on the poverty index and predicted health 
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Figure 6.5 HISP: Density of Households, by Baseline Poverty Index
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Figure 6.6 Participation in HISP, by Baseline Poverty Index
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expenditures and find the relation illustrated in figure 6.7. In the rela-
tionship between the poverty index and the predicted health expendi-
tures, you fi nd a clear break, or discontinuity, at the poverty line (58).

The discontinuity reflects a decrease in health expenditures for 
those households eligible to receive the program. Given that house-
holds on both sides of the cutoff  score of 58 are very similar, the plausi-
ble explanation for the diff erent level of health expenditures is that one 
group of households was eligible to enroll in the program and the other 
was not. You estimate this diff erence through a regression with the 
findings shown in table 6.1.

Table 6.1 Evaluating HISP: Regression Discontinuity Design with 

Regression Analysis

Multivariate linear regression

Estimated impact on household health 
expenditures

−9.03**

(0.43)

Note: Standard errors are in parentheses. Signifi cance level: ** = 1 percent.

Figure 6.7 Poverty Index and Health Expenditures, HISP, Two Years Later
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Limitations and Interpretation of the Regression 
Discontinuity Design Method

Regression discontinuity design provides estimates of local average treat-
ment eff ects (LATE) around the eligibility cutoff  at the point where treat-
ment and comparison units are most similar. The closer to the cutoff  you 
get, the more similar the units on either side of the cutoff  will be. In fact, 
when you get extremely close to the cutoff  score, the units on either side of 
the cutoff  will be so similar that your comparison will be as good as if you 
had chosen the treatment and comparison groups using randomized 
assignment of the treatment.

Because the RDD method estimates the impact of the program around 
the cutoff  score, or locally, the estimate cannot necessarily be generalized to 
units whose scores are further away from the cutoff  score: that is, where 
eligible and ineligible individuals may not be as similar. The fact that the 
RDD method will not be able to provide an estimate of an average treatment 
eff ect for all program participants can be seen as both a strength and a limi-
tation of the method, depending on the evaluation question of interest. If 
the evaluation primarily seeks to answer the question, should the program 
exist or not?, then the average treatment eff ect for the entire eligible popula-
tion may be the most relevant parameter, and clearly the RDD will fall short 
of being perfect. However, if the policy question of interest is, should the 
program be cut or expanded at the margin?—that is, for (potential) benefi -
ciaries right around the cutoff —then the RDD produces precisely the local 
estimate of interest to inform this important policy decision.

As mentioned, there can be an additional complication when compli-
ance on either side of the cutoff  is imperfect. This fuzzy RDD happens 
when units that are not eligible based on their index score nonetheless 
manage to gain access to the program, or when units that are eligible based 
on their index score choose not to participate in the program. In this case, 

 HISP Question 5

A. Is the result shown in table 6.1 valid for all eligible households?
B. Compared with the impact estimated with the randomized assign-

ment method, what does this result say about those households 
with a poverty index of just under 58?

C. Based on the RDD impact estimates, should HISP be scaled up 
nationally?
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we can use an instrumental variable methodology that is similar to the one 
outlined in chapter 5: the location of units above or below the cutoff  score 
will be used as an instrumental variable for the observed participation in 
the program. As was the case in the examples discussed in chapter 5, doing 
this has a drawback: we can estimate the impact for only those units that 
are sensitive to the eligibility criteria—the Enroll-if-eligible-score type, not 
the Always or Never types.

The fact that the RDD method estimates impact only around the cutoff  
score also raises challenges in terms of the statistical power of the analysis. 
Sometimes only a restricted set of observations that are located close to the 
cutoff  score are used in the analysis, thereby lowering the number of observa-
tions in the RDD analysis relative to methods that analyze all units in the treat-
ment and comparison groups. To obtain suffi  cient statistical power when 
applying RDD, you will need to choose a bandwidth around the cutoff  score 
that includes a suffi  cient number of observations. In practice, you should try 
to use as large a bandwidth as possible, while maintaining the balance in 
observed characteristics of the population above and below the cutoff  score. 
You can then run the estimation several times using diff erent bandwidths to 
check whether the estimates are sensitive to the chosen bandwidth.

An additional caveat when using the RDD method is that the specification 
may be sensitive to the functional form used in modeling the relationship 
between the eligibility score and the outcome of interest. In the examples 
presented in this chapter, we assumed that the relation between the eligibil-
ity index and the outcome was linear. In reality, the relation could be more 
complex, including nonlinear relationships and interactions between vari-
ables. If you do not account for these complex relationships in the estima-
tion, they might be mistaken for a discontinuity, leading to an incorrect 
interpretation of the RDD estimated impact. In practice, you can estimate 
program impact using various functional forms (linear, quadratic, cubic, 
quartic, and the like) to assess whether, in fact, the impact estimates are sen-
sitive to functional form.

Finally, as discussed above, there are a few important conditions for the 
eligibility rule and cutoff . First, they must be unique to the program of 
interest. A poverty index ranking households or individuals, for example, 
may be used to target a variety of social programs to the poor. In this case, it 
will not be possible to isolate the impact of one particular antipoverty pro-
gram from all the other programs that use the same targeting criteria. 
Second, the eligibility rule and cutoff  should be resistant to manipulation by 
enumerators, potential benefi ciaries, program administrators, or politi-
cians. Manipulation of the eligibility index creates a discontinuity in the 
index that undermines the basic condition for the method to work: namely, 
that the eligibility index should be continuous around the cutoff .



126 Impact Evaluation in Practice

Even with these limitations, RDD is a powerful impact evaluation method 
to generate unbiased estimates of a program’s impact in the vicinity of the 
eligibility cutoff . The RDD takes advantage of the program assignment rules, 
using continuous eligibility indexes, which are already common in many 
social programs. When index-based targeting rules are applied, it is not nec-
essary to exclude a group of eligible households or individuals from receiv-
ing the treatment for the sake of the evaluation because regression 
discontinuity design can be used instead.

Checklist: Regression Discontinuity Design

Regression discontinuity design requires that the eligibility index be con-
tinuous around the cutoff  score and that units be similar in the vicinity 
above and below the cutoff  score.

¸ Is the index continuous around the cutoff  score at the time of the 
baseline?

¸ Is there any evidence of noncompliance with the rule that determines 
eligibility for treatment? Test whether all eligible units and no ineligible 
units have received the treatment. If you fi nd noncompliance, you will 
need to combine RDD with an instrumental variable approach to correct 
for this “fuzzy discontinuity.”4

¸ Is there any evidence that index scores may have been manipulated in 
order to infl uence who qualifi ed for the program? Test whether the 
 distribution of the index score is smooth at the cutoff  point. If you fi nd 
 evidence of “bunching” of index scores either above or below the cutoff  
point, this might indicate manipulation.

¸ Is the cutoff  unique to the program being evaluated, or is the cutoff  used 
by other programs as well?

Additional Resources

 • For accompanying material to the book and hyperlinks to additional resources, 
please see the Impact Evaluation in Practice website (http://www.worldbank 
.org / ieinpractice).

 • For information about evaluating a cash transfer program using RDD, see 
the blog post on the World Bank Development Impact Blog (http://blogs 
. worldbank.org/impactevaluations/).

 • For a review of practical issues in implementing RDD, see Imbens, Guido, 
and Thomas Lemieux. 2008. “Regression Discontinuity Designs: A Guide to 
Practice.” Journal of Econometrics 142 (2): 615–35.

http://www.worldbank.org/ieinpractice
http://www.worldbank.org/ieinpractice
http://blogs.worldbank.org/impactevaluations/
http://blogs.worldbank.org/impactevaluations/
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Notes

1. This is sometimes called a proxy-means test.
2. The continuous eligibility index is sometimes referred to as the forcing variable.
3. Technical note: Density was estimated using the univariate Epanechnikov 

kernel method.
4. In this case, you would use the location left or right of the cutoff  point as an 

instrumental variable for actual program take-up in the fi rst stage of a two-stage 
least-squares estimation.
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