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Regression Discontinuity Design

Basic idea of the Regression Discontinuity Design
• Intervention is determined by passing a threshold in a covariate,
also called the running variable

• All units with a running variable value above a certain threshold
receive the intervention and the others do not

Example
Evaluating customer retention
• Internet provider offers a discount to prevent customer churn
• Discount assignment is determined by churn probability, which
serves as running variable

• Discount offered only to customers with churn probability at
least 50%
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Discontinuity at the Threshold

Example
Evaluating customer retention (continued)
• Customers at or above 50% receive the discount, while the
others do not

• Intervention switches from 0 to 1 at the threshold, i.e., the
threshold determines intervention status

• Discontinuity in the intervention status at the threshold of the
running variable

• Discontinuity, or jump, in the intervention at the threshold is the
basis of the regression discontinuity design
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Local Impact Evaluation

Local impact evaluation
• Impact is assessed by comparing outcomes of treated and
untreated units around the threshold

• Assumes units just above and below the threshold share
characteristics

• Allows estimation of the intervention effect for units close to the
cut-off

Example
Evaluating customer retention (continued)
• Compare customers at 50% churn probability with those at 49%
• Groups around the threshold are similar and thus comparable
• Mimics an experimental setting with comparable treatment and
control groups

5
7.1 Sharp and Fuzzy Regression Discontinuity Designs 7.2 Behavioral Assumptions and Methods



Manipulation Concerns

Need to avoid manipulation
• Subjects above and below the threshold must be comparable
• Subjects influencing the running variable to cross the threshold
and thus receive the intervention create systematic differences

• Such manipulation leads to invalid comparisons

Example
Strategic behavior in practice
• Loyalty card offered to customers exceeding an expenditure
threshold

• Customers aware of this may adjust spending to surpass it
• Groups just above and below the threshold may differ in
purchasing inclination
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Figure 7.1
Regression discontinuity design

card. The impact of the loyalty card corresponds to the difference in the average outcome
(current expenditures) between those just above and just below the threshold, as depicted
by the double-edged arrow.

The RDD can also be applied to situations where interventions are assigned based on a
threshold in time. Let’s consider a retail company that introduces a new pricing strategy at
the beginning of the third week in September of a specific year and wants to assess its impact
on sales revenue. To evaluate the impact of the pricing strategy, the company compares the
sales realized in its stores in the third week of September, the week immediately after the
introduction of the pricing intervention, to those of the second week of September, the week
just prior to the introduction of the intervention. This analysis utilizes a regression discon-
tinuity in time, as the intervention (implementation of the new pricing strategy) occurs at a
specific point in time, allowing for a comparison of outcomes immediately before and after
the intervention.

However, it is crucial to ensure that such a before-after comparison is not influenced by
differences in any other factors across the two weeks (other than the intervention) that could
affect the outcome. For instance, if weather conditions impact shop visits and vary between
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Figure 7.1: Regression discontinuity design
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Regression Discontinuity Design with Time-Based Threshold

Time-based threshold assignment
• Intervention occurs at a specific point in time, e.g., third week of
September

• Assignment of intervention determined by whether observations
fall before or after this date

• Compare outcomes in the third week (right after intervention) to
the second week (right before)

Ensuring validity
• Before–after comparison must not be affected by factors other
than the intervention, e.g., weather changes may affect sales

• Intervention must not be anticipated, e.g., customers may
already know the upcoming pricing change
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Fuzzy Regression Discontinuity Design

Partial compliance around the threshold
• Sharp regression discontinuity design requires everyone above
the threshold to be treated, and everyone below to be untreated

• Individuals may only partially comply, e.g., some subjects above
the threshold do not receive the intervention

Example
Partial compliance in practice
• Students meeting a test score threshold to enter an education
program may not join it

• Customers meeting a purchasing threshold for a loyalty card
may not acquire it

• Both situations lead to treatment probabilities changing at the
threshold rather than jumping from zero to one
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Compliers at the Threshold

Existence of compliers
• Fuzzy regression discontinuity design approach evaluates impact
for compliers who switch treatment at the threshold

• Compliers change intervention status when moving from below
to above the cut-off

• Approach thus requires existence of such compliers at the
threshold

Connection to instrumental variables
• Passing the threshold serves as an instrument for the
intervention

• Passing cut-off must not reduce intervention take-up for any
subject (weak monotonicity condition)
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Formalizing the Sharp Regression Discontinuity Design

Running variable and threshold
• R denotes the running variable and r0 the threshold
• Intervention defined as D = 1 if R ≥ r0
• Subjects with R < r0 have D = 0

Sharp discontinuity in treatment
• All subjects switch from D = 0 to D = 1 at the threshold r0
• Treatment assignment determined solely by passing the cut-off

Continuity assumption
• No abrupt shifts in factors other than D at the threshold
• Background characteristics affecting Y are similar around the
threshold

• Known as continuity of covariates in statistical terms
12
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Local Average Treatment Effect at the Threshold

Defining the local ATE
• Local effect focuses on subjects at the threshold r0
• Aim to estimate ∆r0 = E[Y(1) | R = r0]− E[Y(0) | R = r0]
• Formally, the local ATE at the threshold r0 is defined as

∆r0 = lim
ϵ→0

E[Y | R ∈ [r0, r0 + ϵ)]− lim
ϵ→0

E[Y | R ∈ [r0 − ϵ, r0)] (7.1)

• Compare outcomes within a small window ϵ > 0 around r0 which
ensures units are nearly identical in running variable values

• Measures impact for units whose running variable equals the
cut-off
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Plot of the discontinuity

Running the command produces the plot depicted in figure 7.4. The dots represent the
average outcomes within specific ranges (or bins) of values of the running variable, while the
red lines correspond to regression functions that approximate the average outcome across
different values of the running variable above and below the threshold. We do not observe a
distinct change in the level of dots (average outcomes) just above and just below the thresh-
old of 30, which is consistent with the results of our RDD estimation that did not yield
strong statistical evidence for an effect at the threshold.

7.4 Use Cases in Python

In this section, we implement the RDD in Python, utilizing the rdrobust library. After
importing the pandas library and the rdrobust and rdplot modules, we load the indh dataset
into a Pandas dataframe named df. We define the outcome variable (Y ), which is the con-
tribution to a public good, and the running variable (X ), which is the poverty rate, from the
dataset. Then, we execute the RDD analysis using the rdrobust function, specifying the out-
come (y), the running variable (x), and the threshold (c), which we set to 30. The obtained
results are saved in an object named results, and we use the print command to display the

−1
0
1

Figure 7.2: Plot on the discontinuity
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Observed and Unobserved Potential Outcomes

Potential outcomes across the running variable
• E[Y(1) | R] represents average potential outcome with
intervention at each value of R

• E[Y(0) | R] represents average potential outcome without
intervention at each value of R

Given intervention switches from D = 0 to D = 1 at the threshold r0
• Observed potential outcomes

• E[Y(1) | R] observed only for R ≥ r0, where D = 1
• E[Y(0) | R] observed only for R < r0, where D = 0

• Unobserved potential outcomes
• E[Y(1) | R] is unobserved for R < r0
• E[Y(0) | R] is unobserved for R ≥ r0
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Figure 7.2
Sharp regression discontinuity design

characteristics X . In a sharp RDD, we aim to come close to this approach by assessing
the impact at the threshold, �r0 , based on comparing the outcomes of subjects just above
the threshold (who receive the intervention) and just below the threshold (who do not receive
the intervention). If the window ε based on which we select observations around the thresh-
old, is sufficiently close to 0, subjects with and without intervention are similar (although
not fully the same) in terms of the running variable and, thus, in terms of background
characteristics.
In contrast to the sharp RDD, where the intervention is assigned only to those above the

threshold, the fuzzy RDD allows for noncompliance, meaning that not all subjects above
the threshold may receive the intervention, while even some subjects below the threshold
may receive it. Despite this, we can still use the RDD approach to evaluate the impact of the
intervention on compliers at the threshold, subjects induced to switch from not receiving
the intervention to receiving it as they pass the threshold. However, we must assume that
passing the threshold does not decrease the intervention (from 1 to 0) for any individual, as
discussed by Dong (2014), and is equivalent to the monotonicity condition for instruments
in chapter 6.
To consider the fuzzy (rather than the sharp) RDD, we adjust our notation and define

an instrument Z based on passing the threshold. Specifically, Z = 1 if R≥ r0, and Z = 0 if
R< r0. D now corresponds to the actual take-up of the intervention, which may not always
align with the incidence of passing the threshold, as previously discussed for the example
of passing the test score and subsequent participation in the educational program. Then, we
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Figure 7.3: Sharp regression discontinuity design
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Fuzzy Regression Discontinuity Design

Compliance of subjects
• Not all subjects above the threshold may receive the
intervention

• Some subjects below the threshold may still receive it
• In such cases, treatment assignment is not perfectly determined
by the cut-off

Impact evaluation for compliers
• Fuzzy regression discontinuity design evaluates impact only for
subjects switching treatment at the threshold, i.e., the compliers

• Assumes that compliers exist who switch from no intervention to
intervention at the threshold r0

• Assumes monotonicity such that no subjects exist who switch
from intervention to no intervention at the threshold r0
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First-Stage and Intention-to-Treat Effects

Threshold-based instrument
• Define Z = 1 if R ≥ r0 and Z = 0 if R < r0
• D denotes receiving the intervention, which may differ from the
threshold-based instrument Z

First-stage effect at the threshold γr0

• Measures impact of Z on D at the threshold r0

γr0 = lim
ϵ→0

E[D | R ∈ [r0, r0 + ϵ)]− lim
ϵ→0

E[D | R ∈ [r0 − ϵ, r0)] (7.2)

Intention-to-treat effect θr0
• Measures impact of Z on Y at the threshold r0

θr0 = lim
ϵ→0

E[Y | R ∈ [r0, r0 + ϵ)]− lim
ϵ→0

E[Y | R ∈ [r0 − ϵ, r0)]
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Local Impact in Fuzzy Regression Discontinuity Design

Local ATE at the threshold
• Local ATE is obtained by scaling the intention-to-treat effect by
the first-stage effect

• γr0 measures impact of passing the threshold on intervention D
• θr0 measures impact of passing the threshold on outcome Y
• Formally, the local ATE is defined as

∆D(1)=1,D(0)=0,R=r0 =
θr0
γr0

(7.3)

Localized nature of the effect
• Effect applies only to compliers (D(1) = 1,D(0) = 0) at the
threshold r0

• Focuses on units switching their treatment status when passing
the threshold r0

19
7.1 Sharp and Fuzzy Regression Discontinuity Designs 7.2 Behavioral Assumptions and Methods



The Fuzzy Regression Discontinuity Design

�

�

“837-132639_2P” — 2025/1/17 — 11:51 — page 105 — #7
�

�

�

�

�

�

Regression Discontinuity Designs 105

can assess the first-stage effect of the instrument Z on the intervention D at the threshold
R= r0, which we denote by γr0 , when considering a small window around the threshold
(analogous to equation (7.1)):

γr0 = lim
ε→0

E[D|R∈ [r0, r0 + ε)] − lim
ε→0

E[D|R∈ [r0 − ε, r0)]. (7.2)

Furthermore, in the fuzzy RDD, the impact in equation (7.1) corresponds to the impact of
Z on Y at the threshold, denoted by θr0 (rather than �r0 as in the sharp RDD). In chapter 6,
we referred to such a causal effect of the instrument on the outcome as the intention-to-treat
(ITT) effect.

Analogous to equation (6.3) in chapter 6, we can measure the local average treatment
effect (LATE) on compliers at the threshold in the fuzzy RDD by dividing (or scaling) the
ITT by the first-stage effect at the threshold, given by

θr0
γr0

, (7.3)

where θr0 is the impact of passing the threshold on the outcome Y , and γr0 is the impact of
passing the threshold on the intervention D. As this impact refers to the complier subpop-
ulation at the threshold only, it is an even more localized effect than the LATE considered
in chapter 6. To better illustrate the fuzzy RDD, we can use a graphical representation as
shown in figure 7.3. This consists of running two sharp RDDs with D and Y as outcomes
to measure γr0 and θr0 , respectively. We can then scale the latter by the former to obtain
the impact of the intervention on the complier subpopulation at the threshold, denoted by
�D(1)=1,D(0)=0,R=r0 .
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Figure 7.4: The fuzzy regression discontinuity design
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Choosing the Optimal Data Window

Bias–variance trade-off
• Data window in terms of distance from the threshold, also called
bandwidth, is an important parameter

• Narrower window improves comparability and reduces
estimation bias but increases variance due to fewer
observations

Selecting an optimal bandwidth
• Choose bandwidth that optimally trades off bias and variance
• Aim: minimize overall error
• Data-driven methods compute optimal bandwidth for a given
sample
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Checking Behavioral Assumptions

Assessing manipulation around the threshold
• Behavioral assumption requires no manipulation of the running
variable

• Examine whether similar numbers of subjects appear just below
and above the threshold using a density check

• Large imbalance suggests manipulation or bunching

Example
Loyalty card leading to bunching
• Loyalty card given above a $600 expenditure threshold
• Customers aware of the rule may shift spending to exceed $600
• Excess mass above the threshold indicates manipulation, and
thus non-comparable groups
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Checking Covariate Continuity

Similarity of observed characteristics around the threshold
• Check whether covariates X are similar around the threshold
• Lack of similarity suggests that groups around the threshold
may not be comparable

Example
Loyalty card leading to systematic differences
• Customers just above $600 may differ in characteristics from
those just below

• Violates the assumption of comparable groups near the cut-off
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