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Motivations (1)

@ Including many pre-determined covariates can improve the
precision of treatment effect estimates in RDD (Calonico
et al., 2014, 2019).

@ However, in high-dimensional settings (p > n), direct
inclusion of all covariates without selection can lead to:
e Overfitting
e Distorted inference



Motivations (2)

Post-Lasso RD

@ Kreiss & Rothe (2023) propose a two-step approach:
e Step 1: Local Lasso selection of covariates within the

bandwidth
o Step 2: Post-Lasso RD estimation using the selected

covariates

@ From a theoretical perspective, under an approximate
sparsity condition (i.e., only a small subset of covariates
is relevant near the cutoff), the estimator behaves like the
standard local linear estimator in terms of bias and variance.



Our Contribution

@ We develop rdlasso, a new Stata command for
high-dimensional Regression Discontinuity Designs

@ Main features:

e Implements the two-step procedure of Kreiss & Rothe
(2023)

e Supports both sharp and fuzzy RD designs

e Relies on a Python backend for high-dimensional selection

e Advantages for users:
e One single Stata command
e No need to switch to R or Python
o Results stored as standard Stata variables and scalars,
ready to use in do-files



The econometric set up (1)

e Sample: (Y;, X;, W;), with Y; outcome, X; running
variable, W; covariates.

e Treatment: T; = /(X; > 0).
e Observed outcome: Y; = Y;(T;).
e Parameter of interest (ATE at threshold):

7y = E[Yi(1) - Yi(0) | X; = 0]

o ldentification via continuity of conditional
expectations:

7y = imE[Y | X = x] — imE[Y | X = x]
x]0 x10



The econometric set up (2)

Baseline local linear estimator

e Estimate the effect using local linear regressions on each
side of the cutoff

@ Kernel weights and bandwidth h restrict attention to
observations close to the threshold

Th Base = = e, arg m|n Z Kn(X Y VTG}
i=1



The econometric set up (3)

Covariate-adjusted estimator
o R 2
Th,CCFT = ezT arg {?'n) Z Kin(X;) [Yi - V;Te - WiTV]
iz

e Covariates may improve precision

@ In high-dimensional settings (p large or p > n) the
estimator may be undefined

@ Risk of overfitting and poor finite-sample inference

@ This motivates the two-step procedure of Kreiss & Rothe
(2023)



The econometric set up (4)

Step 1 — Local Lasso selection (bandwidth b, penalty \)

Pn
(en,vn)—argmmZKb IR AR AR

@ Select covariates predictive of the outcome within the
bandwidth

Step 2 — Post-Lasso RD (bandwidth h)

#(Jp) = e, arg mmZKh )Y —Vi'o— W;(J,)" }2

@ Asymptotically normal with standard RD inference



The econometric set up (5)

Fuzzy Regression Discontinuity

@ Treatment not perfectly assigned — probability jump at
the cutoff

@ Local Average Treatment Effect (LATE) identified as the

ratio of the discontinuities in the outcome and treatment

variables:
Ty
Ttuzzy — ——
T

e Implementation: run the same two-step procedure twice
(once for Y;, once for T;); standard errors via delta method



The Stata syntax of rdlasso (1)

Syntax

rdlasso varlist [if] [in] [, t(varname)
z(varname) c(real) fuzzy(string) level(real)
b(real) bfactor(real) h(real) kernel(string)]

Where:
@ varlist(min=3) must include, in order:

e outcome variable (Y)
e running variable (X)
e one or more covariates (V)



The Stata syntax of rdlasso (2)

Options
t(varname) treatment variable (required for fuzzy RD)
z(varname) instrumental variable (required for fuzzy RD)
c(real) cutoff value of the running variable (default: 0)

)
)
)
fuzzy(string) activates fuzzy RD design logic (default: off)
level(real) confidence level for inference (default: 95)

)

bandwidth for model selection (Step 1); if omitted,
selected via rdrobust

b(real

bfactor(real) scaling factor applied to b (default: 1)

h(real) bandwidth for final RD estimation (Step 2); if
omitted, selected via rdrobust

kernel(string) kernel function for both steps: triangular
(default), epanechnikov, uniform



Example 1: Sharp RD Design (Turkish elections)

Research question: Does Islamic political control affect
women's empowerment? 1

@ Units: municipalities; mayoral elections (1994)

@ Running variable (X): vote-share margin between the
largest Islamic and secular parties

@ Cutoff: 0 (Islamic mayor if X; > 0, secular otherwise)

@ Treatment (T;): indicator of Islamic electoral victory,
T: = 1(X; > 0)

@ Outcome (Y): share of women aged 15-20 who
completed high school (2000 census)

e Covariates (W;): baseline municipal covariates +
polynomial /interactions

!Meyersson (2014), Econometrica.



Example 1: Selected covariates (Local Lasso)

rdlasso Y X ageshrl9 - prov_num_Zonguldak

selected covariates (Y¥): apgeshrlS_2 ageshr6@ merkezd hischshriszem 2 hischshri52em_partycount

Bandwidth h (from Python): 18.99236114826533



Example 1: Covariate-adjusted RD estimates

Covariate-adjusted Sharp RD estimates using local polynomial regression.

Cutoff c = @ | Left of ¢ Right of ¢ Number of obs = 2629
Bl type - Manual
Number of obs 2314 315 Kernel = Triangular
Eff. Number of cbs 342 286 VCE method - NN
Order est. (p) 1 1
Order bias (q) 2 2
BW est. (h) 10.992 10.992
BW bias (b) 10.992 18.992
rho (h/b) 1.000 1.000
Outcome: Y. Running variable: X.
Point Robust Inference
Estimate z-stat P>|z| [95% Conf. Interval]
RD Effect 2.1416 I 2.0743 B.038 143782 5.87158

Covariate-adjusted estimates. Additiomal ceovariates included: 4



Example 2: Fuzzy RD Design (Colombia — SPP

scholarship)

Research question: Does eligibility for the Ser Pilo Paga
scholarship increase enrollment in high-quality higher education?
2

@ Units: students applying to higher education
Running variable (X): SISBEN wealth index distance
from the eligibility cutoff
Cutoff: 0 (eligible if X; > 0)
Instrument (Z;): eligibility indicator
Treatment (T;): receipt of the scholarship
Outcome (Y;): enrollment in a high-quality higher
education institution
o Covariates (W;): baseline student covariates +

polynomial/interactions
2| ondofio-Vélez et al. (2020), Econometrica.




Example 2: Selected covariates (Local Lasso)

rdlasso Y X icfes_female - icfes_famsize 4,
t(T) z(Z) fuzzy(on)

Selected covariates (Y): icfes_age 4
Selected covariates (T): dicfes_age_ 3
Bandwidth h_¥ (from Python): 8.741355972886943
Bandwidth h_T (from Python): 18.73221556833528



Example 2: Fuzzy RD estimate

RD Effect: @8.4394
Robust standard error: @.8554
z-statistic: 7.9267
p-value: .00

95% Confidence Interval: [ @.3387 , 8.5480]



@ Including covariates in RDD can improve precision, but
many controls relative to the sample size may lead to
overfitting and unreliable inference

@ Local Lasso selection (Kreiss & Rothe, 2023) makes
covariate adjustment feasible in high-dimensional settings
under approximate sparsity

@ rdlasso implements this methodology directly in Stata,
combining Lasso-based selection with standard rdrobust
inference

@ A single command automatically handles both sharp and
fuzzy designs
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