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Abstract

In this article we introduce the rddsga command, which allows to conduct binary subgroup
analysis in regression discontinuity designs. Observations in each subgroup are weighted by the
inverse of their conditional probabilities to belong to that subgroup, given a set of covariates.
Analyzing the differential treatment effect in the re-weighted sample helps to isolate the dif-
ference due to the subgroup characteristic of interest from other observable dimensions. This
methodology is illustrated with a real example based on Meyersson (2014). We find that the
threshold-crossing effect is only significant for one of the subgroups, and that the difference
between both subgroups is underestimated when not correcting by inverse probability score
weighting.

1 Introduction

The regression discontinuity design (RDD) is a widely used technique to analyze the causal effects
of an intervention. In many scenarios, subgroup analysis is an important feature of the analysis:
how does the intervention affect different subgroups in the sample. For this, we develop a novel
empirical approach to overcome a well-known challenge in regression discontinuity designs: how
to conduct valid subgroup analyses holding others constant. Using propensity score weighting in
the spirit of Abadie (2005), we re-weight the sample to make the subgroups similar to each other
in terms of other covariates. Analyzing the differential treatment effect in the re-weighted sample
helps isolating the difference due to the subgroup characteristic of interest from other observable
dimensions.

In randomized designs, subgroup analysis is usually conducted using specifications that include
the subgroup of interest indicator and an interaction term of the treatment indicator with that
subgroup indicator. This approach is very convenient because it easily accommodates additional
covariates and their interactions with treatment status, thus holding other observables constant
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when testing for differential effects by subgroup. Existing RDD papers rarely conduct subgroup
analyses at all, however, and when they do, additional treatment covariate interactions are not
included and it is instead implicitly or explicitly assumed that close to the cutoff other determinants
of outcomes are uncorrelated with the interaction variable of interest (Becker et al., 2013, assumption
3). Moreover, even including a single interaction term (and subgroup dummy) is generally not valid
in an RDD setting, unless the relationship between the outcome and the running variable is the
same across subgroups. The second section illustrates these problems and discusses limitations of
existing solutions. The third section describes our proposed propensity weighting approach. And
the four section illustrates our methodology with a real example.

2 Specification Bias with a Single Binary Subgroup Interac-
tion Term

The simple treatment-subgroup-interaction approach is not generally valid in an RD setting, unless
the relationship between the outcome and the running variable is the same across subgroups. Even
when the model allows for separate slopes by subgroup (i.e. full interaction of the running variable
polynomial with the subgroup indicator), the problem remains that other characteristics may vary
systematically across subgroups.

When trying to estimate the differential impact on two subgroups, Gi = 0 and Gi = 1, there
are now two estimands of interest, corresponding to the RD-gaps in Y at the cutoff in each of the
two subgroups:

lim
Xi↓0

E[Yi|Xi, Gi = 0]− lim
Xi↑0

E[Yi|Xi, Gi = 0] = αR0 − αL0 (1)

and
lim
Xi↓0

E[Yi|Xi, Gi = 1]− lim
Xi↑0

E[Yi|Xi, Gi = 1] = αR1 − αL1. (2)

Now consider a linear spline specification, augmented only with the subgroup dummy Gi and an
interaction term of the subgroup dummy with treatment assignment Zi×Gi, where Zi = I[Xi ≥ 0]:

Yi = αL0 + (αR0 − αL0)Zi + (αL1 − αL0)Gi + [(αR1 − αL1)− (αR0 − αL0)]Zi ×Gi
+ β1Xi + β2Xi × Zi + Ui (3)

To see the correspondence between the regression specification (3) and the parameters of interest
(the αs), simply evaluate the predicted value of the estimated regression function at a given point.
For example, when X, Z, and G are all zero, the predicted value is the estimated mean of Y in
the Gi = 0 subgroup just before crossing the cutoff, i.e. α̂L0. Just above the cutoff, the estimated
mean of Y in the Gi = 0 subgroup is α̂L0 + (α̂R0 − α̂L0) = α̂R0.

Figure 1 illustrates the specification bias that is introduced when both true RD gaps are zero
(αR0 = αL0 = αR1 = αL1, i.e. the treatment has no effect in either subgroup) yet the relationship
between Y and X is not the same in the two subgroups (i.e. different slope in each subgroup).
The two solid lines show the linear approximations to the conditional expectation functions in the
two subgroups, E[Yi|Xi, Gi = 0] and E[Yi|Xi, Gi = 1] within a neighborhood h around the cutoff.
The dashed lines represent the slope estimates from equation (3), which are allowed to differ to
the left and to the right of the cutoff but are assumed constant across subgroups. Crucially, the
slope estimates are necessarily between the true slope parameters because OLS tries to minimize

2



deviations from the regression line across subgroups. As long as the slope estimates are biased, the
intercept and discontinuity estimates at the cutoff are necessarily biased as well. In Figure 1, the
discontinuity estimate for the Gi = 1 subgroup is upward biased and for the Gi = 0 subgroup the
discontinuity estimate is downward biased. This specification bias is easily fixed if the model allows
for separate slopes by subgroup (i.e. a linear spline fully interacted with Gi):

Yi = αL0 + (αR0 − αL0)Zi + (αL1 − αL0)Gi + [(αR1 − αL1)− (αR0 − αL0)]Zi ×Gi
+ β1Xi + β2Xi × Zi + β3Xi ×Gi + β4Xi × Zi ×Gi + Ui (4)

The problem remains, however, that other characteristics may vary systematically across subgroups,
which makes it difficult to interpret differential subgroup impacts.

3 Propensity Score Weighting

In order to estimate the differential impact on group Gi = 1 vs Gi = 0 in an RDD setting while
holding other observable characteristics constant, we propose an approach based on propensity score
weighting in the spirit of Abadie (2005). This involves weighting observations from each subgroup
by the inverse of their conditional probabilities to belong to that subgroup given a set of covariates.
Thus, observations from subgroup Gi = 1 with high estimated propensity scores and associated
covariate characteristics will be down-weighted, while those with low estimated scores will be up-
weighted, making the covariates of the weighted Gi = 1 sample more closely resemble the similarly
weighted Gi = 0 subgroup sample. Running the RDD analysis separately within each weighted
subgroup eliminates potential confounding differences due to other observable factors that may
vary systematically across (unweighted) subgroups. As is the case with any approach of controlling
for observables, propensity score weighting cannot rule out any unobserved confounding factors.

To estimate the propensity score, we first restrict the sample to observations close to the cutoff
using the same bandwidths as for the main results of the paper. We then follow the standard
approach for propensity score weighting. Estimate a logit model in order to calculate a predicted
probability to belong to subgroup Gi=1:

P (Gi = 1|Wi) =
eh(Wi)

1 + eh(Wi)
= P (Wi), (5)

where h(Wi) is a starting specification that includes the covariates Wi as linear or interaction terms.
Restrict the sample to the common propensity score support and weight observations by the inverse
propensity score. Specifically, the weight attached to the i-th observation is

Gi
p

P (Wi)
+ (1−Gi)

1− p
1− P (Wi)

, (6)

where p is the unconditional probability of belonging to subgroup Gi = 1.

3.1 Assessing Covariate Imbalance Reduction

After reweighting, we can check whether this process removed imbalance in covariates between the
two subgroups of interest. To assess the statistical significance of the difference in means for a
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given covariate Wki, we can use a t-test, as typically done in balance tables. To assess economic or
substantive balance we use the standardized mean difference as follows:

SMDk =
W̄k1 − W̄k0

sd(Wki)
, (7)

where W̄kg, g=0,1 denotes the sample average of covariate Wki and subgroup g and sd(Wki) is the
overall standard deviation of that covariate. To assess average balance across covariates we take a
simple average of the SMDs in absolute terms.

In order to assess statistical balance of all K covariates we estimate the following equation for
the unweighted and weighted samples respectively:

Gi = γ1W1i + ...+ γKWKi +Qi. (8)

We use an F-statistic to test the joint null hypotheses that all coefficients are zero.

3.2 Estimating the RDD by Subgroup

Once we found a reweighting strategy that eliminates or strongly reduces the imbalances of observ-
ables between Gi = 0 and Gi = 1, we can proceed to estimate the differential treatment effect.

3.2.1 Sharp RDD

In a sharp RD design, the treatment assignment is a deterministic function of the forcing variable
and the threshold c such that

Ai = 1{Xi ≥ c}. (9)

All observations with the forcing variable above c are assigned to treatment, with the rest assigned
to control. In order to estimate the treatment effect for Gi = 0 and Gi = 1 while holding other,
potentially confounding observables constant, we conduct the RDD analysis separately within each
weighted subgroup. Thus, we want to investigate the behavior of the outcome around the threshold
for each subgroup g:

lim
x↓c

E[Yi|Xi = x,Gi = g]− lim
x↑c

E[Yi|Xi = x,Gi = g]. (10)

Under the classical RDD assumptions, the ATE at the threshold is identified by

τgSRD = E[Yi(1)− Yi(0)|Xi = c,Gi = g]. (11)

Then, we are interested in the differential effect between the two subgroups:

DiffSRD = E[Yi(1)− Yi(0)|Xi = c,Gi = 1]− E[Yi(1)− Yi(0)|Xi = c,Gi = 0]. (12)

To determine if the difference between subgroups is significant, we use a test of difference in means
(t-test).
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3.2.2 Fuzzy RDD

With fuzzy RD, the treatment assignment is no longer a deterministic function of the forcing
variable, but there is still a discontinuity in the probability of treatment at the threshold:

lim
x↓c

Pr[Ai = 1|Xi = c,Gi = g] 6= lim
x↑c

Pr[Ai = 1|Xi = c,Gi = g] (13)

One way to think about this set up is that the forcing variable is an instrument which it affects
the distribution of the treatment, but only affects the outcome through its effect on the treatment
(at least in neighborhood around the threshold). Thus, in this case, we have a potential outcome
for the treatment again: Ai(x), where this is defined as the potential treatment given a value
of the forcing variable. To estimate the treatment effect on entities in Gi = 0 vs Gi = 1 while
holding other, potentially confounding observables constant, we run the RDD analysis separately
within each weighted subgroup to get instrumental variable estimates and standard errors of the
group-specific. One aspect to consider before is that he first stage can be different for different
subgroups. For this reason, it is important compare the estimated effects of the impact of the
treatment variable rather than the reduced form estimates (i.e. the effect of passing the cutoff).
Thus, under the assumption of the RDD, we can define an estimator that is in the spirit of IV for
each subgroup g:

τgFRD =
limx↓cE[Yi|Xi = x,Gi = g]− limx↑cE[Yi|Xi = x,Gi = g]

limx↓cE[Ai|Xi = x,Gi = g]− limx↑cE[Ai|Xi = x,Gi = g]
(14)

Again, we are interested in the differential effect between each subgroup:

DiffFRD = τ1FRD − τ0FRD (15)

And then, we use a test of difference in means to determine if the difference between subgroups
is significant.

Bootstrap estimate of standard errors

One aspect to consider is that conventional (robust or clustered) standard errors do not capture
sampling variability coming from the fact that the propensity score is estimated. To deal with this
issue, our Stata command uses (as default) a nonparametric bootstrap to estimate standard errors
and confidence intervals for the subgroup estimates. Let W1, . . . ,Wn be the observed values in the
data. We take a random sample of size n from this data, with replacement. Denote this bootstrap
sample by Wb1, . . . ,Wbn. We now compute our estimates using the bootstrap sample:

θ̂∗b = g(wb1, . . . , wbn), (16)

where b = 1, . . . , B denotes the bootstrap samples and θ̂∗b is the bth set of parameters for each

subgroup. This leads to a collection of B bootstrap estimates, θ̂∗1 , . . . , θ̂
∗
B . The bootstrap covariance

matrix is

SB =

∑
b(θ̂
∗
b −

ˆ̄θ∗)(θ̂∗b −
ˆ̄θ∗)′

B − 1
(17)

where ˆ̄θ∗ =
∑
b θ̂
∗
b/n. SB is the bootstrap estimate of Cov(θ̂), the covariance matrix of θ̂.
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Confidence intervals and p-values are obtained by using the so-called percentile method, which is
a nonparametric. Reported p-values are based on the empirical distribution of bootstrap estimates,
that is, the proportion of estimates that lie further in the tails than the actual estimate. This
method yields the confidence interval

[θ∗α/2, θ
∗
1−α/2], (18)

where θ∗p it the pth quantile (i.e. the 100pth percentile) of the bootstrap distribution (θ̂∗1 , . . . , θ̂
∗
B).

4 Example

Meyersson (2014) shows how political control affect women’s empowerment. Several countries have
recently experienced Islamic parties coming to power through democratic elections. Due to strong
support among religious conservatives, constituencies with Islamic rule often tend to exhibit poor
women’s rights. Whether this reflects a causal relationship or a spurious one has so far gone
unexplored. Meyersson (2014) provided the first piece of evidence using a data set of Turkish
municipalities. In 1994, an Islamic party won multiple municipal mayor seats across the country.
They used a regression discontinuity design (RDD) to compare municipalities where this Islamic
party barely won or lost elections (sharp RDD). The RDD results reveal that, over a period of six
years, Islamic rule increased female secular high school education. In the longer run, the effect on
female education remained persistent up to 17 years after. Figure 2 shows the increase in female
educational level. These results are consistent with an explanation that emphasizes the Islamic
party’s effectiveness in overcoming barriers to female entry for the poor and pious.

However, these results could be different in those municipalities where the share of women is
low. Therefore, this example has the objective of comparing those municipalities with a high share
of women and those with a low share through an RDD subgroup analysis. Table 1 shows that both
groups are statistically different taking into account the observed characteristics. The selection of
covariates was following ?’s approach. Then, we use the propensity score weighting methodology
to balance both groups. The overall P-value for the test of joint significance of covariates changes
from 0.000 to 0.964. This fact suggests that when running the RDD separately in each subgroup
after weighting, any differential impact estimates we find are unlikely to be driven by differences in
the characteristics shown in this table.

To see the differential effect on each subgroup, we run Sharp RDD regressions by subgroup as
shown in Table 2 and Figure 3. We found that there is only a significant effect in those municipalities
with a high share of women and the difference between both groups is statistically significant. Note
that if we did not apply the propensity score weighting, we would be underestimating the differential
effect. This result suggests that the impact of the Islamic party on female high school education
only had an effect where the share of women was high and therefore women could impose greater
pressure.

References

Abadie, Alberto, “Semiparamteric Difference-in-Differences Estimators,” Review of Economic
Studies, 2005, 72 (1), 1–19.

6



Becker, Sascha, Peter Egger, and Maximilian von Ehrlich, “Absorptive Capacity and the
Growth and Investment Effects of Regional Transfers: A Regression Discontinuity Design with
Heterogeneous Treatment Effects,” Amercian Economic Journal: Economic Policy, 2013, 5 (4),
29–77.

Meyersson, Erik, “Islamic Rule and The Empowerment of the Poor and Pious,” Econometrica,
2014, 82 (1), 229–269.

7



Table 1: Balance Improvement: Sample in ±25 Range around the Cutoff

(1) (2) (3) (4) (5) (6) (7) (8)

Original balance Balance after propensity score-weighted

Low share High share Low share High share
(n=520) (n=560) (n=438) (n=503)

Mean Mean St.mean
diff.

P-value Mean Mean St.mean
diff.

P-value

Dummy(district center) 0.383 0.468 -0.172 0.005 0.380 0.402 -0.046 0.478
Household size in 2000 5.190 6.703 -0.698 0.000 6.067 5.981 0.041 0.550
Pop. share below 19 0.416 0.438 -0.284 0.000 0.422 0.422 -0.000 0.999
Pop. share above 60 0.091 0.070 0.618 0.000 0.082 0.083 -0.036 0.599
Log of population 8.462 8.125 0.217 0.000 8.232 8.118 0.077 0.223
Islamic vote share 0.262 0.288 -0.197 0.001 0.269 0.274 -0.035 0.579
Dummy(province center) 0.044 0.050 -0.027 0.656 0.032 0.033 -0.000 0.994
Dummy(sub-metro center) 0.085 0.048 0.147 0.016 0.076 0.059 0.074 0.288
District × size 1.649 2.784 -0.405 0.000 1.861 2.123 -0.096 0.131
Below 19 squared 0.178 0.199 -0.302 0.000 0.183 0.184 -0.012 0.853
Above 60 × Islamic vote 0.023 0.019 0.291 0.000 0.021 0.022 -0.060 0.376
District × Below 19 0.152 0.204 -0.244 0.000 0.154 0.168 -0.065 0.313
Above 60 × log(pop) 0.753 0.562 0.727 0.000 0.657 0.657 0.002 0.981
Size × above 60 0.451 0.444 0.041 0.504 0.465 0.464 0.006 0.931
Size × below 19 2.229 3.033 -0.606 0.000 2.646 2.601 0.038 0.585
Islamic vote × sub-metro 0.018 0.013 0.073 0.234 0.018 0.016 0.039 0.559
Below 19 × log(pop) 3.491 3.545 -0.068 0.267 3.464 3.418 0.060 0.360
log(pop) squared 74.631 67.819 0.234 0.000 69.864 67.839 0.074 0.239
District × above 60 0.032 0.032 -0.001 0.984 0.031 0.032 -0.012 0.864
District × log(pop) 3.826 4.151 -0.068 0.262 3.530 3.662 -0.028 0.662
Size × sub-metro 0.340 0.218 0.114 0.062 0.397 0.262 0.129 0.108
Size × province 0.185 0.245 -0.061 0.318 0.143 0.148 -0.006 0.925
Below 19 × islamic vote 0.112 0.130 -0.259 0.000 0.117 0.118 -0.022 0.728
Below 19 × province 0.018 0.021 -0.032 0.605 0.013 0.013 0.002 0.974

Abs(St. mean diff.) 0.129 .
F-statistic 6.460 0.735
P-value 0.000 0.964

Notes: Province fixed effects were also included as covariates. Columns (1) and (5) show the mean of each variable
for entities with below-median share of women. Columns (2) and (6) show the means for entities with above-median
share of women. Columns (3) and (7) show the standardized mean differences. Columns (4) and (8) show the
p-values of t-tests for statistical significance of the difference in means between the two groups.
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Table 2: Subgroup analysis by high and low share of women in Turkish Municipalities: The Outcome
is High School Completion Share of Women for the Age Cohort 20-24

(1) (2) (3) (4)

Panel A: Nonweighted

1{IM ≥ cutoff} × 1{Women share > p(50)} 0.062∗∗ 0.062∗∗ 0.077∗∗ 0.077∗∗

(0.027) (0.029) (0.032) (0.038)
1{IM ≥ cutoff} × 1{Women share < p(50)} -0.006 -0.006 -0.036 -0.036

(0.023) (0.024) (0.032) (0.035)
Difference Estimate 0.068∗ 0.068∗ 0.112∗∗ 0.112∗∗

(0.037) (0.038) (0.050) (0.052)
Observations 909 909 909 909

Panel B: Propensity score-weighted

1{IM ≥ cutoff} × 1{Women share > p(50)} 0.083∗∗ 0.083∗∗∗ 0.097∗∗ 0.097∗∗

(0.037) (0.031) (0.044) (0.049)
1{IM ≥ cutoff} × 1{Women share < p(50)} -0.018 -0.018 -0.061 -0.061

(0.031) (0.034) (0.040) (0.038)
Difference Estimate 0.101∗∗ 0.101∗∗ 0.157∗∗ 0.157∗∗∗

(0.045) (0.045) (0.064) (0.061)
Observations 788 788 788 788

Bandwidth ±25 ±25 ±25 ±25
Spline Linear Linear Quadr. Quadr.
Controls Yes Yes Yes Yes
Standard Error Cluster Bootstrap Cluster Bootstrap

Notes: Reduced Form estimations. Panel B was obtained using propensity score weighting. The control
variables include the Islamic vote share, the number of vote-receiving parties, log population, age below 19,
age below 60, gender ratio, municipality type dummies, and province fixed effects. ***p<0.01, **p<0.05,
*p<0.1
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Figure 1: Specification bias

Notes: This figure illustrates the specification bias that arises when the true RD gaps in both subgroups
are zero and the slope parameters of the running variable and the outcome are different across subgroups,
yet the model imposes that the slope parameters are the same.
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Figure 2: Impact of the Islamic Rule on the High School Completion Share of Women for the Age
Cohort 20-24

(a) Linear
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(b) Quadratic
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Notes: The residuals are obtained from a regression of the High School Completion Share of Women for the
Age Cohort 20–24 and control variables. The control variables include the Islamic vote share, the number of
vote-receiving parties, log population, age below 19, age below 60, gender ratio, municipality type dummies,
and province fixed effects. Solid lines show linear and quadratic fits in Panel (a) and (b) respectively.
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Figure 3: Subgroup analysis by high and low share of women in Turkish Municipalities: The
Outcome is High School Completion Share of Women for the Age Cohort 20-24

(a) Linear
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(b) Quadratic
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Notes: The residuals are obtained from a regression of the High School Completion Share of Women for the
Age Cohort 20–24 and control variables. The control variables include the Islamic vote share, the number of
vote-receiving parties, log population, age below 19, age below 60, gender ratio, municipality type dummies,
and province fixed effects. Solid lines show linear and quadratic fits in Panel (a) and (b) respectively.
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