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IN A NUTSHELL:

The regression discontinuity design is a quasi-experimental quantitative method that assesses
the impact of an intervention by comparing observations that are close to an eligibility threshold
fixed by the authorities in charge of the policy under study. The existence of such a threshold (for
instance, becoming eligible to a policy at a certain age or below a certain income level) generates
a treatment group and a control group, in a manner similar to an experimental approach.

Keywords: Quantitative methods, quasi-experimental methods, eligibility threshold, forcing variable,
sharp vs fuzzy regression discontinuity design, optimal bandwidth, monotonicity, compliers

I. How is this method useful for policy evaluation?

When one wishes to perform a quantitative evaluation of the effects of a public policy, the main difficulty
consists in finding a comparison group (called a control group) whose situation can serve as a reference
(i.e., as a counterfactual, see the sheet devoted to the difference-in-differences method) for the
beneficiaries of the intervention (the so-called treatment group). The randomised experiment, in which
beneficiaries and non-beneficiaries are randomly selected from a given eligible population, is the
reference framework for defining a valid control group: by construction, if a large enough sample is
available, the distribution of relevant characteristics in the control group (gender, age, education level,
etc.) is the same as in the treatment group.

Quasi-experimental methods aim to compensate for the lack of randomised controlled experiments by
relying on variations that occur exogenously (usually due to a decision of local or national authorities) and
produce observations that approximate an experimental situation. Matching or difference-in-differences
estimation methods exploit cases in which the implementation of a public policy produces two groups
whose comparison allows, under certain conditions, to measure its average effect. On the other hand, the
regression discontinuity design exploits the existence of an eligibility threshold to conduct a statistical
evaluation which is the equivalent of a local randomised experiment in the neighbourhood of the threshold.

Il. What does this method consist of?

When the access to a public intervention or policy is conditioned by a threshold set by the authorities in
charge of that policy, the intervention produces mechanically two groups, of which only one benefits from
the intervention. But these groups are not directly comparable since they differ by construction because
of the value of the variable defining the threshold (sometimes called the cutoff). This threshold can be an
age condition (for instance, the statutory retirement age), a firm size condition (for instance, a tax reduction
policy for firms with less than 20 employees) or a level of resources giving access to a grant scholarship
or a tax credit. As these examples show, the assumption that the variable to which the threshold applies
(e.g., the age, the firm size), commonly referred to as the forcing variable, would not influence the outcome
variable of the intervention, is generally not credible. Retirement goes hand in hand with an increase in
age, which in itself has many consequences on health status, consumption habits, social life, etc. Large
firms operate within industries that are generally distinct from those in which SMEs operate, and their
structure and activity are often very different. Income level obviously has a major impact on many
household decisions. In these circumstances, the two groups thus formed do not allow for an evaluation
of the effect of the intervention by directly comparing the value of the outcome variable between
beneficiaries and non-beneficiaries.

On the other hand, the application of an eligibility threshold produces a sudden discontinuity in the
distribution of observations near the threshold: for example, observations with a forcing variable whose
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value is just below the threshold could benefit from the intervention while their “neighbours” with a forcing
variable whose value is just above the threshold could not. The regression discontinuity design exploits
this property by assuming that small variations in the forcing variable around the threshold are the result
of pure randomness, similar to a coin toss, which determines the access to the intervention of otherwise
identical observations. Near the threshold, the assignment of a person or a firm to the treatment group is
thus similar to what happens in a randomised experiment. Under this assumption, when observations are
ranked in ascending order according to the value of the forcing variable, any discrepancy in the average
value of the outcome variable once the threshold is crossed can be interpreted as a measure of the effect
of the intervention.

In its simplest form, the regression discontinuity approach therefore measures the effect of a policy by
comparing the average value of the outcome variable in the group of people eligible to the intervention,
for example those with an income or an age just below the eligibility threshold, with the average value of
that variable in the comparable control group, made up of people with an income or an age just above the
threshold. The underlying assumption is that among people with otherwise similar characteristics in terms
of skills, education, or gender, those just below and above the threshold are potentially identical. This
implementation of the method therefore requires defining the interval (called the bandwidth) within which
observations are kept for the analysis. This bandwidth choice is based on a trade-off between the quality
of the statistical analysis permitted by a larger sample size and the weakening of the hypothesis of
similarity that results from a wider interval. Imbens and Kalyanaraman (2012) propose a method to choose
the magnitude of the optimal bandwidth.

The regression discontinuity design is said to be sharp when the assignment to the group eligible to the
intervention is mandatory and strictly triggered by the value of the forcing variable. If eligibility is based,
for example, on an age criterion, and applied by an authority that has access to an exhaustive census of
the population, then the probability of benefiting from the intervention is equal to 1 when the age condition
is met; and this probability is equal to 0 otherwise, so that assignment according to the threshold is a
certain event. Let us take the example of a training programme for jobseekers aged 25 or over. The
principle is then to compare the average value of the outcome variable (e.g., the hiring wage at the time
of return to work) for jobseekers who are just above the age threshold, e.g., aged 25 or 26, with the
average hiring wage for those aged 23 or 24, who could not benefit from this programme.

The fuzzy regression discontinuity design corresponds in contrast to situations where this threshold is
less binding, so that there are observations on both sides of the threshold that are, or are not, beneficiaries
of the intervention. In the example of the training programme for jobseekers aged 25 and over introduced
above, let us assume that, in a given locality, this training can only be provided to 100 people aged 25 or
26 due to budgetary constraints, and that this training is not compulsory, so that only 80 of these 100
eligible people (i. e., 80%) actually agree to participate in the programme. The local employment agency
then offers the remaining 20 places to 100 unemployed people aged 23 or 24; among these 100 persons,
only 10 (10%) agree to participate in the programme. Rather than a sudden change in the treatment
status, the notion of discontinuity here refers to the ‘jump’ in the probability of benefiting from the
intervention when the eligibility threshold (age 25) is crossed. The objective is then to measure the
average effect of the intervention by restricting the approach to the variation in the outcome variable that
results from this "jump" in the probability of benefiting from the intervention. This procedure is based on a
strong assumption, called the monotonicity assumption: this assumption implies that among the
unemployed who do not participate in the training programme because their age is below 25, there is a
subgroup of individuals who would accept to participate if their age were 25 (or above). In technical terms,
these individuals are called the compliers. By construction, the fuzzy regression discontinuity design
allows to estimate the average effect of the intervention for this subgroup only. In addition to the fact that
this subgroup can sometimes be very small, it excludes two important groups, namely individuals who are



always willing to participate in the programme regardless of the value of the forcing variable (the always
takers), and those who do not wish to participate under any circumstances (the never takers).

ll. Two examples of the use of this method in education

Variations in housing prices across neighbourhoods reflect the willingness of households to pay for the
set of services and amenities (i.e., the benefits delivered by the living environment) to which a house or
an apartment gives access. One such amenity is of course the quality of the local school to which children
of the residents have access. Attempts to estimate the effect of school quality on housing prices are often
unconvincing, as the best schools tend to be located in the best neighbourhoods. Valuations that do not
take sufficient account of neighbourhood characteristics therefore tend to overestimate the value of
schools located in such areas. To overcome this difficulty, Black (1999) uses a particularly original
application of the sharp regression discontinuity design, based on a threshold corresponding to the
contours of the Boston school map. The study estimates the value that parents place on the quality of the
local public school by comparing prices of dwellings that are located on both sides of the geographic
boundaries of a school district. The fact that the average scores of students in schools in different but
neighbouring sectors sometimes vary greatly, while the characteristics of dwellings on either side of
school divisions change relatively little, allows to identify the relationship between educational outcomes
(interpreted as the school quality) and housing prices thanks to the spatial discontinuities. The estimates
suggest that a one-point increase in the average school test score leads to a 1.3% to 1.6% increase in
the housing prices near the geographical limit of a school district.

The study by Matsudaira (2008) is an example of the implementation of a fuzzy regression discontinuity
design, also applied to educational attainment. The study uses an administrative data set from a large
school district in the United States. In this district, students advance to the next grade if their grades are
above predefined thresholds. Students with grades below these thresholds are required to attend a four-
to six-week summer school to avoid repeating a grade. Since the observed characteristics of students
near the thresholds are almost identical, the differences in subsequent academic achievement between
students just below and just above the thresholds can be attributed to the causal impact of the summer
school. The sample is restricted to students enrolled in the third grade of elementary school (at the age
of about eight years) and the fifth grade (at the age of about 10 years). Student scores were recorded for
math and reading tests in the spring of 2001 and 2002, giving rise to a sample of 338,608 students.
However, the regression discontinuity design is fuzzy: the relationship between the end-of-year test
scores and summer school attendance is not deterministic. Some students whose scores were below the
thresholds did not attend the summer school, while some students whose scores were above the
thresholds did. For instance, only 38% of the students in third and fifth grades whose math grades were
below the prerequisites at the end of the 2000-2001 school year were enrolled in the 2001 summer school.
Estimates from the fuzzy regression discontinuity design method suggest that the scores of 31 grade
compliers increased by 12.8% the following year, while those of 5t grade compliers attending the summer
school increased by 24.1%.

IV. What are the criteria for judging the quality of the mobilisation of this method?

For the regression discontinuity technique to mimic a local randomised experiment, it is important that the
forcing variable is an exogenous covariate that is beyond the control of the population involved in the
intervention. If people or firms can manipulate the value of the threshold, then assignment to the treatment
group becomes a choice variable. The classic example is that of a public policy that offers employment
subsidies to firms with less than 20 employees. The natural reaction of some firms whose employment
level is approaching the threshold is to recruit more temporary workers, in order to increase the firm’s
labour force without this increase appearing in the tax returns to which they are subject, so as to continue
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to benefit from employment subsidies. To detect such a manipulation of the threshold, McCrary (2008)
proposes a simple statistical test, based on an aggregate reasoning. Firms that actually employ more than
20 employees (e.g., 21 or 22 employees), but whose reported size is less than 20 employees (i.e., 19 or
20), will artificially increase the proportion of firms with less than 20 employees and simultaneously
decrease the proportion of firms with 21 or 22 employees. The existence of manipulations in response to
the eligibility threshold therefore has a direct consequence on the distribution of firm sizes, which can be
checked using a histogram. In theory, this histogram should not show a discontinuity just before and just
after the threshold of 20 employees. However, if this were the case, and this can be tested statistically,
then the manipulative behavior of some firms could be suspected.

To avoid narrowing the bandwidth around the threshold too much, it is common to add explanatory
variables other than the forcing variable, providing control over the variations in the outcome variable that
are due to observed covariates. For instance, individual income tends to increase with age, so that
widening the bandwidth around the age threshold leads to add observations for which the outcome
variable changes with the level of the individual income. Taking this income effect into account in the
statistical analysis undermines such confounding differences between groups. It is important to check that
the distributions of covariates other than the forcing variable do not exhibit a discontinuity in the
neighbourhood of the threshold considered. If this is the case, it means that the intervention to be
evaluated has some effects not only on the outcome variable but also on some of these covariates.
Incorporating these covariates into the statistical analysis generally generates a biased estimate of the
average effect of the intervention on the outcome variable, since discontinuities in the distributions of
these covariates are themselves explained by the implemented intervention.

V. What are the strengths and limitations of this method compared to others?

The main difficulty raised by most quasi-experimental methods is that they are based on strong
assumptions, which are often questioned, such as the comparability of the control and treatment groups
before the implementation of the intervention. When one wishes to apply the difference-in-differences
method, this is for instance the reason why it is necessary to check that the outcome variable has
previously followed the same evolution in the two groups and that their observable characteristics are
similar. The difficulty is the same when one wishes to use a matching method: it requires to find
observations serving as a control group which have similar observable characteristics to those of the
treatment group, and which also have a non-zero probability of being eligible to the intervention being
evaluated. The regression discontinuity design avoids this difficulty because it is based on a principle of
quasi-random assignment for the subpopulation which is close to the exogenous threshold. As in a
randomised controlled experiment, the comparability of the two groups is based on a statistical argument:
if the sample size is sufficiently large, the distribution of all covariates that are relevant to significantly
explain variations in the outcome variable is similar in the two groups.

This assimilation of the regression discontinuity design to a randomised experiment is all the more
convincing as the interval within which it is supposed to be applied is narrow, which leads to restricting
the measured effect to a very particular subpopulation, characterised by the proximity of its forcing
variable to the threshold. The measure provided by this local quasi-randomised experiment is therefore
specific to this sub-population. Since the effect of the intervention varies greatly across different sub-
groups, the estimated average treatment effect is local and only valid in the neighbourhood of the
exogenous threshold (this estimate corresponds to a local average treatment effect, or LATE). An
extrapolation of the results obtained for observations far from the threshold (which would define the
external validity of the LATE) is of little relevance. This limitation of the method is further amplified in the
case of a fuzzy regression discontinuity design, where the local effect is specific to the compliers only.
This lack of external validity is problematic since thresholds are often set according to the expected benefit
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of the intervention for the eligible group. For example, a training programme for long-term unemployed
aims to counteract the effects of human capital losses due to increased unemployment spells. Part of the
rationale for setting a threshold between long- and short-term unemployment spells is that this human
capital loss is minimal when spells are sufficiently short. Estimating the effect of such a programme based
on a regression discontinuity design thus amounts to focus on the specific sub-population (unemployed
workers experiencing relatively shorter unemployment spells) for which the program is likely to be the
least effective.

The interested reader will find excellent surveys about the regression discontinuity design, for instance,
in the article by Lee and Lemieux (2010), and in the textbook by Cattaneo, Idrobo and Titiunik (2019).
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