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Abstract
Gelman and Imbens (2019) argue against using global high-order polynomial models in regression
discontinuity designs, recommending local linear or quadratic models instead. This comment re-
visits two of their arguments, showing they are contingent on specific contexts and interpretations.
First, global high-order polynomial models assign extreme weights when the running variable’s dis-
tribution has regions with few observations. Because so few observations receive these weights,
their contribution to the treatment estimate is usually small. Second, I establish that local models
can also yield excessive false positive findings, even when using best-practice modeling methods,
and that this problem worsens as the sample size grows. These results improve our understand-
ing of the limitations of global high-order polynomial models and suggest that researchers should
routinely investigate false positive rates in their study.
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1 Introduction

Gelman and Imbens (2019) provide one of the most prominent critiques of estimation methods in
regression discontinuity (RD) designs. Based on various applications, they present three arguments
against global high-order polynomial models: the extreme weights they can give to observations
far from the discontinuity, the large variance in estimates across models with a different polyno-
mial order, and the excessive false positive findings associated with their confidence intervals. Local
linear and quadratic models appear to be exempt from these issues and are therefore recommended.

These arguments have influenced subsequent methodological and applied work in the RD liter-
ature. They are frequently cited by practitioner guides to recommend local models and discourage
global models (Cattaneo et al., 2019; Cattaneo and Titiunik, 2022; Melly and Lalive, 2022); by
applied researchers to justify their model choice (e.g., Asher and Novosad, 2020; Colonnelli et al.,
2020; Gulzar et al., 2022; Cheruvu, 2023); and form the basis for further advances in polynomial
selection by Pei et al. (2022), who argue higher-order polynomials can still be useful in certain
settings, as long as they are applied locally.

This comment tests the generalizability of two of the arguments in Gelman and Imbens (2019)
and investigates their underlying dynamics. It does so by identifying data properties that drive these
problems and extending the applications in Gelman and Imbens (2019). The findings demonstrate
that, while the examples in Gelman and Imbens (2019) raise valid concerns, their conclusions are
contingent on specific contexts and interpretations.

I start by showing that the weights depend on the distribution of the running variable. Global
high-order polynomial models assign extreme weights in regions with few observations, typically
when the distribution has long tails, contains outliers, or both. This means that if there are obser-
vations with extreme weights, they will make up a small fraction of the entire sample. Through
cumulative weight plots, I demonstrate that the aggregate contribution of observations with ex-
treme weights is marginal. Paradoxically, observations far from the cutoff can have more influence
when many receive moderate weights.

Next, I establish that local models can also have higher than expected false positive rates, even
with state-of-the-art bandwidth selection (Calonico et al., 2014, 2020) and confidence interval con-
struction (Calonico et al., 2014). By analyzing subsets of data from Gerber et al. (2008), where
no discontinuities are expected, I find instances where 95% confidence intervals from local models
falsely reject the null hypothesis more often than 5% of the time. The severity of this issue is related
to the number of observations in the sample. In cases where global or local models yield excessive
false positive rates, their rates increase as the sample size grows.

The point of revisiting these arguments is not to advocate a return to global high-order poly-
nomial models. Other relevant concerns remain, such as their instability near boundary points
(Calonico et al., 2015), or Gelman and Imbens’ (2019) last argument that estimates based on dif-
ferent polynomial orders can vary substantially. Rather, this comment makes two contributions to
the RD literature.

First, extreme weights are often presented as both a chronic and major problem of global high-
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order polynomial models (e.g., Calonico et al., 2015; Cattaneo and Vazquez-Bare, 2017; Cattaneo
et al., 2017, 2019). The presented findings challenge those characterizations. Extreme weights
occur under specific conditions, and these same conditions ensure that their influence on the treat-
ment estimate is limited. The more fundamental criticism of global high-order polynomial models
is not that a few observations far from the cutoff can receive extreme weight, but that any weight
is assigned to observations that may be systematically different from those near the cutoff.

Second, the extended false positive rate analysis suggests that applied researchers should not be
overly confident in results from local models. They too can falsely produce statistically significant
estimates, especially with larger sample sizes. Researchers should therefore routinely investigate
the false positive rate in their specific study. A good starting point is to conduct a large number of
placebo cutoff tests, as proposed by Eggers et al. (2024), or to replicate the simulation procedure
outlined in this comment with a pre-treatment covariate as the outcome (i.e., a variable for which
there should be no discontinuities).

2 Revisiting Arguments

2.1 Weights

The weights argument poses that global high-order polynomial models can put a large weight on
observations far from the cutoff when estimating the treatment effect. This is undesirable because
observations far from the cutoff are likely to systematically differ from those near the cutoff. The
problem becomes apparent when writing the treatment estimate as a difference in weighted aver-
ages of the outcome variable between the treatment group and the control group.

Let 𝑌𝑖 be the outcome variable, 𝑋𝑖 the running variable, and 𝑐 the cutoff value. Under a con-
tinuity assumption, Hahn et al. (2001) show that the average treatment effect at the cutoff is
the difference between the conditional expectation functions (CEFs) of the treatment and control
groups at the cutoff:

𝜏 = lim
𝑥↓𝑐

𝐸 [𝑌𝑖 |𝑋𝑖 = 𝑥] − lim
𝑥↑𝑐

𝐸 [𝑌𝑖 |𝑋𝑖 = 𝑥]

To estimate these CEFs, polynomial regressions approximate 𝐸 [𝑌𝑖 |𝑋𝑖 = 𝑥] using a polynomial ex-
pansion of degree 𝐾, with column vector 𝑃(𝑋𝑖) = (1, 𝑋𝑖 , ..., 𝑋𝐾𝑖 ) ∈ 𝑅𝐾+1. The estimator is evaluated
at the cutoff, which the running variable is typically centered at for simplicity (𝑥 = 𝑐 = 0):

𝑓 (0) = 𝑃(0)′
(∑︁
𝑖

𝑃(𝑋𝑖)𝑃(𝑋𝑖)′
)−1 ∑︁

𝑖

𝑃(𝑋𝑖)𝑌𝑖

This expression can be written as a weighted average of the outcomes:

𝑓 (0) =
∑︁
𝑖

𝑤𝑖𝑌𝑖 where 𝑤𝑖 = 𝑃(0)′
(∑︁
𝑖

𝑃(𝑋𝑖)𝑃(𝑋𝑖)′
)−1

𝑃(𝑋𝑖)

The weight for each observation depends on its value for the running variable and the chosen poly-
nomial order.
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Gelman and Imbens (2019) inspect the weighting schemes for three published RD data sets
(Jacob and Lefgren, 2004; Matsudaira, 2008; Lee, 2008). The weights of global models behave er-
ratically for observations at the distributional end of the running variable when using higher-order
polynomials, especially for the Jacob-Lefgren and Matsudaira data sets (see the middle row of Fig-
ure 1). In contrast, local models give zero weight to these observations by excluding them through
a bandwidth (see Figure 1(b), 2(b), and 3(b) in Gelman and Imbens (2019)).

I add two points to the weights discussion. First, although Gelman and Imbens (2019) relate
extreme weights to Runge’s phenomenon1, they do not connect this behavior to characteristics of
RD data sets. In practice, the weights depend on the distribution of the running variable. They
adjust to fit the function to the available data, amplifying observations in regions that provide less
information for estimating the polynomial terms. When parts of the running variable’s support con-
tain relatively few observations, the matrix (∑𝑖 𝑃(𝑋𝑖)𝑃(𝑋𝑖)′)−1 can become unstable and produce
large weights. This issue is most pronounced near boundaries and worsens with higher-order poly-
nomials, both implications of Runge’s phenomenon. Since the distributional ends of the running
variable often have fewer observations, this is where extreme weights tend to occur.

This means that high-order polynomials mainly assign extreme weights when the distribution
of the running variable has long tails, contains outliers, or both. Figure 2 illustrates this using his-
tograms and weight plots for two variables. The variable on the left side is uniformly distributed
(𝑋𝑖 ∼ 𝑈 [0, 1]) and on the right side skewed (𝑋𝑖 ∼ 𝛽(2, 8)). In addition, the variable on the right
side includes three outlier values at 0.8, 0.9, and 0.95. The weights, evaluated at 0, are calculated
for polynomials up to the sixth order. Whereas the weights of the uniformly distributed variable
behave smoothly throughout, the skewed variable displays erratic behavior in the segment with
hardly any observations.

The point here is that not all high-order polynomials lead to extreme weights—everything de-
pends on the distribution of the running variable. It just so happens that the Matsudaira and
Jacob-Lefgren data sets have an extremely low density at the end of the distribution, including
some outliers (see the top row of Figure 1).

Second, while I agree with Gelman and Imbens (2019) that assigning extreme weights to obser-
vations far from the cutoff is prima facie unattractive, it is not immediately clear how much those
observations actually influence the treatment estimate. Standard weight plots show where large
weights occur but provide no information about how many observations receive them. To address
this limitation, I construct cumulative weight plots (bottom row of Figure 1). These plots sum the
weights assigned to observations in order of their distance from the cutoff. By combining both the
size of the weights and the number of observations receiving them, cumulative weight plots better
indicate which regions contribute most to the treatment estimate.

For the Matsudaira and Jacob-Lefgren data sets, cumulative weight curves converge early, be-
fore the running variable reaches the upper end of its support. This flattening implies that the
observations far from the cutoff contribute almost nothing, despite the presence of extreme weights
in those regions. The explanation is straightforward: there are very few observations far from the

1Formally, Runge’s phenomenon states that in a bounded interval with 𝑁 equispaced data points, a polynomial of order
𝑁 − 1 produces oscillations in the fit near the boundaries of the interval.
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Figure 2: Plots for simulated data. Top row: histograms of a uniformly distributed and right-skewed
variable. Bottom row: corresponding standard weight plots for six global polynomial models,
evaluated at 0 (as if these were observations on the right side of the cutoff).
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cutoff, so their aggregate contribution is limited. For example, in the Matsudaira data, the largest
negative weight is –33, which appears extreme relative to an average weight of 1, but is negligible
compared to a total absolute weight of 101,981.2,3

The Lee data set presents a different pattern. Here, weights are more stable, and cumulative
weight curves only converge at the upper end of the support, where the distribution heaps. Because
the region far from the cutoff is more densely populated, it continues to influence the treatment
estimate. Counterintuitively, the aggregate impact of observations far from the cutoff tends to be
greater when weights are well-behaved than when they are extreme. In other words, the cumula-
tive effect of many small weights can exceed that of a few large ones.

These findings put the concern about extreme weights into perspective. Extreme weights typi-
cally occur in regions with very few observations, and precisely because so few observations receive
these weights, their overall influence on the treatment estimate is limited. In fact, it may be more
problematic when global models give moderate weights to many observations far from the cutoff.
The more convincing critique of global high-order polynomial models is therefore not that they can
assign extreme weights to observations far from the cutoff, but rather that they assign weight to
such observations at all.

2.2 False Positives

Another argument that Gelman and Imbens (2019) use against global high-order polynomial mod-
els are their excessive false positive rates. In two examples where there should be no discontinuities,
the authors find that 95% confidence intervals (CIs) of global models reject the null hypothesis more
often than the nominal type 1 error rate (i.e., more than 5%). These models may therefore mislead
researchers into thinking their estimate is statistically significant.

In their main example, Gelman and Imbens (2019) modify a data set on yearly earnings used
by LaLonde (1986). The data come from the Current Population Survey and contain yearly earn-
ings in thousands of dollars in 1974, 1975, and 1978 for 15,992 individuals. Gelman and Imbens
(2019) use the average earnings from 1974 and 1975 to predict the earnings in 1978. This creates
an approximately linear relation that should not contain any discontinuities. Consequently, if one
takes the average of the earnings in 1974 and 1975 as a running variable, and randomly chooses a
value from its distribution as a cutoff, the estimated RD treatment effect on earnings in 1978 should
be close to zero.

Gelman and Imbens (2019) exploit this feature to evaluate the false positive rate of global and
local models with different polynomial orders in a simulation exercise. They randomly draw 20,000
values from the empirical distribution of the artificial running variable between the 25th and 75th
percentile, serving as a cutoff. Next, for each cutoff, they randomly draw 1,000 individuals from
the full sample of 15,992 individuals. Given this sample and the randomly chosen cutoff, they then
estimate the pseudo RD treatment effect, its standard error, and check whether the implied 95%

2The negative weight of -33 is for the third-order polynomial model. The sum of absolute weights for this model is
101,981.

3Note that the standard weight plots can be misleading. For the Matsudaira data set, there are no observations between
121 and 168, so the sixth-order polynomial model does not actually assign a negative weight of -150 to any observation.
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confidence interval includes zero. Since there is no discontinuity, 95% confidence intervals should
include zero 95% of the time (the coverage) and exclude zero in the remaining 5% (the false posi-
tive rate).

The analysis considers six global models (first- to sixth-order polynomial) and two local mod-
els (local linear and local quadratic). For the local models, Gelman and Imbens (2019) select
bandwidths using the MSE-optimal method suggested in Imbens and Kalyanaraman (2012), IK
henceforth. I reproduce their analysis with two alterations. First, I extend the analysis to larger
sample sizes of 3,000 and 5,000 observations. Second, I include two additional estimation methods
for local models.

At the time when Gelman and Imbens (2019) circulated their initial working paper, the IK
method was the standard data-driven way to select a bandwidth. Later work by Calonico et al.
(2014), CCT henceforth, introduced an improved MSE-optimal bandwidth selector with superior
finite and large sample properties that comes closer to the (infeasible) theoretical MSE-optimal
bandwidth. In simulations, the CCT bandwidth outperforms the IK bandwidth in terms of coverage
(Calonico et al., 2014) and MSE (Arai and Ichimura, 2018).

CCT also identified that conventional confidence intervals for local models, which Gelman and
Imbens (2019) use, can be incorrect. The issue lies in the inherent misspecification error of an
MSE-optimal RD estimator, which conventional confidence intervals do not account for (Cattaneo
and Vazquez-Bare, 2017). To maintain valid inference, CCT proposed robust bias-corrected (RBC)
confidence intervals that apply a correction to the point estimate and its standard error. Using the
improved MSE-optimal bandwidth with RBC confidence intervals has since become standard prac-
tice among applied researchers.

However, the CCT method is not necessarily optimal for inference. Calonico et al. (2020), CCF
henceforth, show that a narrower bandwidth must be used to obtain confidence intervals with the
smallest coverage error (CE). They provide theoretical and simulation evidence that combining the
CE-optimal bandwidth with RBC confidence intervals dominates alternative methods in terms of
coverage error, including CCT. This improvement might be particularly relevant when assessing the
coverage of RD estimators.

The results for global models and local models based on the IK, CCT, and CCF methods are
in Table 1. Panel A confirms Gelman and Imbens’ (2019) finding that global models fail to meet
the nominal false positive rate of 5%, whereas local models generally come closer. Furthermore,
Panels B and C show that the false positive rates of the global models increase as the sample size
grows, and that this trend is stronger for models with a lower polynomial order. False positive rates
of global models can thus be even more problematic than demonstrated in Gelman and Imbens
(2019). The rates of the local models, on the other hand, are stable across sample sizes and poly-
nomial orders.

A relevant question is why global models have excessive false positive rates while local models
do not. Given that the IK models achieve nominal coverage, it cannot be due to the RBC confidence
intervals or the alternative bandwidth selectors. In their most basic form, local and global models
use the same estimation technique, differing only in which observations they include and how they
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Panel A Panel B Panel C
N = 1,000 N = 3,000 N = 5,000

Method FPR Median s.e. FPR Median s.e. FPR Median s.e.
G-1 9.2% 1.07 17.5% 0.62 25.0% 0.48
G-2 8.6% 1.67 12.3% 0.96 15.9% 0.74
G-3 6.7% 2.26 8.8% 1.31 11.6% 1.01
G-4 8.5% 2.82 8.0% 1.65 9.3% 1.28
G-5 7.7% 3.37 6.3% 1.98 7.5% 1.54
G-6 9.4% 3.89 8.1% 2.31 8.3% 1.80
IK-1 7.1% 1.48 6.9% 0.89 7.1% 0.70
IK-2 6.4% 2.08 5.6% 1.22 5.7% 0.96
CCT-1 7.2% 2.99 6.4% 1.75 6.3% 1.36
CCT-2 7.5% 3.72 6.4% 2.18 6.4% 1.70
CCF-1 7.3% 3.24 5.8% 1.93 5.7% 1.52
CCF-2 7.5% 4.13 5.9% 2.48 5.9% 1.96

Table 1: Lalonde data set: False positive rates for 95% confidence intervals under a null hypothesis
of no discontinuity. ‘IK’ uses conventional confidence intervals based on the MSE-optimal bandwidth
from Imbens and Kalyanaraman (2012), ‘CCT’ uses robust confidence intervals based on the MSE-
optimal bandwidth from Calonico et al. (2014), ‘CCF’ uses robust confidence intervals based on the
CE-optimal bandwidth from Calonico et al. (2020), and ‘G’ uses HC0 confidence intervals for global
models. The number indicates the polynomial order. Panel A reproduces the results from Gelman
and Imbens (2019), while Panels B and C repeat the analysis with 3,000 and 5,000 observations,
respectively.
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weight them. This suggests that the poor performance of global models stems from the weight they
assign to observations outside of the bandwidth.

To investigate this, Figure 3 presents the distribution of the running variable in the Lalonde data
set alongside its corresponding weights, evaluated at a placebo cutoff of 14.65 (the median of the
average of earnings in 1974 and 1975, used as an example by Gelman and Imbens (2019)). The
distribution has strong heaping at the tails, rather than long tails or outliers. This rules out extreme
weights as an explanation, as verified by the standard weight plots.

However, the cumulative weight plots show that observations far from the cutoff do contribute
substantially to the treatment estimates. These regions may contain relevant data features that
global models fail to capture. Indeed, when I repeat the analysis after removing the observations
with average earnings of zero (i.e., most of the left heap in the distribution), the global models’
false positive rates generally return to nominal levels (Appendix Table A1). This underlines that the
disadvantage of global models lies in including observations far from the cutoff, not in assigning
them extreme weights per se.

Still, there is no a priori reason to assume that problematic data structures always fall outside
the bandwidth. Extreme values, heaping, or other irregularities may occur anywhere in the support
of the running variable. Although Gelman and Imbens (2019) provide two examples in which local
models have reliable false positive rates, this is by no means evidence of a universal result.

To assess the generalizability of these examples, I repeat the analysis with an additional data
set. Utilizing a subset of the data from a randomized experiment on voter turnout by Gerber et al.
(2008), previously used in RD model assessments (Green et al., 2009; Gelman and Zelizer, 2015),
I examine the relation between age and voter turnout. This data set includes 30,038 target voters,
who were randomly assigned to a control group (N = 24,964) and a treatment group (N = 5,074).
For both groups separately, I regress age on the election day on a voting dummy. As the random-
ized treatment assignment ensures independence from age, and I only consider observations from
either the treatment or the control group, there should not be any discontinuous treatment effect.
Following the previous analysis, I draw 20,000 random cutoff values between the 25th and 75th
percentiles of the age variable, draw a random sample for each cutoff, and estimate the pseudo
RD treatment effect. The analysis uses sample sizes of 1,000 and 3,000 observations, omitting the
sample size of 5,000 because the treatment group only contains 5,074 observations.

For the treatment group, both local and global models suffer from excessive false positive rates,
and their performance worsens as the number of observations increases (Table 2, Panel A and B).
In fact, some of the local models produce substantially larger false positive rates than the global
models (e.g., IK-1 compared to G-6). While CCF-2 performs noticeably better than the other local
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Figure 3: Plots for Lalonde data. The running variable is centered at the median of the average
earnings in 1974 and 1975 (14.65, re-scaled to 0). Top row: histograms of negative and positive
values of the running variable. Middle row: corresponding standard weight plots for six global
polynomial models. Bottom row: cumulative weight plots for the same models, accounting for the
number of observations that receive each weight.
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Panel A Panel B Panel C Panel D
Treatment Treatment Control Control
N = 1,000 N = 3,000 N = 1,000 N = 3,000

Method FPR Median s.e. FPR Median s.e. FPR Median s.e. FPR Median s.e.
G-1 38.5% 0.055 77.5% 0.032 24.5% 0.053 59.0% 0.030
G-2 9.2% 0.078 16.0% 0.045 5.1% 0.074 4.5% 0.043
G-3 8.8% 0.100 15.0% 0.058 5.6% 0.096 5.8% 0.055
G-4 8.6% 0.123 15.2% 0.070 5.5% 0.117 4.6% 0.067
G-5 8.4% 0.146 13.8% 0.083 5.6% 0.139 5.1% 0.079
G-6 7.9% 0.168 11.1% 0.096 5.7% 0.161 5.0% 0.092
IK-1 10.5% 0.093 16.9% 0.056 6.1% 0.087 5.4% 0.051
IK-2 9.2% 0.125 14.3% 0.074 5.7% 0.117 5.0% 0.068
CCT-1 8.7% 0.129 13.9% 0.075 5.6% 0.122 4.9% 0.070
CCT-2 8.7% 0.158 13.8% 0.091 6.0% 0.150 5.1% 0.086
CCF-1 8.1% 0.140 13.3% 0.083 5.4% 0.132 4.6% 0.077
CCF-2 7.9% 0.176 11.5% 0.104 5.7% 0.167 4.8% 0.098

Table 2: Gerber et al. data set: False positive rates for 95% confidence intervals under a null
hypothesis of no discontinuity. ‘IK’ uses conventional confidence intervals based on the MSE-optimal
bandwidth from Imbens and Kalyanaraman (2012), ‘CCT’ uses robust confidence intervals based
on the MSE-optimal bandwidth from Calonico et al. (2014), ‘CCF’ uses robust confidence intervals
based on the CE-optimal bandwidth from Calonico et al. (2020), and ‘G’ uses HC0 confidence
intervals for global models. The number indicates the polynomial order. Panels A and B only use
observations from the treatment group, whereas Panels C and D only use observations from the
control group.

models, it still maintains a false positive rate of 11.5% with sample sizes of 3,000 observations.4

Turning to the results for the control group (Table 2, Panel C and D), only G-1 has excessive
false positive rates. All other models have false positive rates around 5%, for both of the sample
sizes, suggesting global models do not necessarily suffer from this problem. The poor performance
of the global linear model can be explained by systematic approximation bias. Since there is no
reason to expect a fully linear relation between age and voting behavior across the entire support
of the data, G-1 is likely an underspecified model.

4One possible explanation for the excessive false positive rates rates of local linear and quadratic models is that the
polynomial order is held fixed across simulation rounds. In some settings, a linear model may better approximate the
regression function, while in others, a nonlinear model may perform better. To assess this possibility, I apply the procedure
proposed by Pei et al. (2022), which selects both the bandwidth and the polynomial order by minimizing the MSE. This
approach is a generalization of the CCT method that allows the data to determine the preferred polynomial order. However,
the local linear model is selected in nearly every simulation round. This suggests that the excessive false positive rates cannot
be attributed to holding the polynomial order fixed, and that further model selection offers no substantial improvement in
this setting.
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3 Discussion

This comment adds nuance to two of the arguments in Gelman and Imbens (2019). First, global
high-order polynomial models typically assign extreme weights when the distribution of the run-
ning variable contains long tails or outliers. Precisely because so few observations receive these
weights, they contribute little to the estimated treatment effect. Second, excessive false positive
rates are not exclusive to global models. Confidence intervals from local models, even when con-
structed following best practices, can also fail to include zero more often than expected. For both
local and global models, this problem worsens in larger samples.

Like Gelman and Imbens (2019), the findings in this paper are based on specific examples rather
than formal proofs. I therefore do not claim that local models are generally invalid or that they suf-
fer from excessive false positive rates across all settings. On the contrary, local models remain
the theoretically preferred approach in RD designs, supported by extensive methodological work
in estimation and inference (see Cattaneo and Titiunik (2022) for an overview), which has been
empirically validated in the context of close elections (Hyytinen et al., 2018; De Magalhães et al.,
2025). However, just as Gelman and Imbens (2019) provide valuable caution against global models
based on specific examples, the false positive rate analysis here suggests that local models, too, can
mislead researchers into thinking their estimate is statistically significant. The broader point is that
researchers should not automatically assume local models are immune to performance issues.

For applied researchers, I reiterate the latest methodological recommendations for local models.
The most conservative approach separates point estimation from inference (Cattaneo and Vazquez-
Bare, 2017; Calonico et al., 2020). Point estimates should be based on MSE-optimal choices, se-
lecting the bandwidth and possibly the polynomial order that minimize the MSE, as proposed by
Pei et al. (2022). Inference should be conducted with the CE-optimal bandwidth and robust bias-
corrected confidence intervals. This approach reduces the risk of excessive false positive rates,
though it cannot eliminate them entirely.

Consequently, researchers should investigate how often their chosen estimation method yields
significant effects when none are expected. One option is to conduct many placebo cutoff tests, es-
timating the treatment effect at alternative cutoffs. The share of significant estimates approximates
the method’s false positive rate (Eggers et al., 2024). For this approach to be valid, there must
be no interventions at other values of the running variable. Alternatively, researchers can conduct
simulation exercises using pre-treatment variables, similar to the procedure outlined in this com-
ment. The idea is to draw random cutoff values from the running variable’s distribution, replace
the outcome with a pre-treatment variable, and estimate the treatment effect at these cutoffs. Both
approaches differ from conventional placebo tests, which often use just a few placebo cutoffs or test
pre-treatment variables only once at the true cutoff for balance.
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Appendix

Panel A Panel B Panel C
N = 1,000 N = 3,000 N = 5,000

Method FPR Median s.e. FPR Median s.e. FPR Median s.e.
G-1 8.3% 1.04 13.0% 0.60 18.0% 0.47
G-2 6.4% 1.61 6.7% 0.93 7.6% 0.72
G-3 5.8% 2.16 5.6% 1.25 6.4% 0.97
G-4 7.2% 2.70 6.5% 1.57 6.8% 1.22
G-5 6.9% 3.21 5.9% 1.89 5.9% 1.47
G-6 8.6% 3.71 7.2% 2.20 6.8% 1.71
IK-1 6.7% 1.43 6.8% 0.84 7.7% 0.66
IK-2 6.3% 1.99 5.2% 1.16 5.7% 0.90
CCT-1 6.7% 2.81 6.1% 1.65 6.2% 1.28
CCT-2 7.0% 3.49 6.1% 2.06 6.0% 1.61
CCF-1 6.5% 3.03 5.6% 1.82 5.3% 1.42
CCF-2 6.8% 3.88 5.9% 2.34 5.4% 1.85

Table A1: Lalonde data set after excluding observations with average earnings of zero: False positive
rates for 95% confidence intervals under a null hypothesis of no discontinuity. ‘IK’ uses conventional
confidence intervals based on the MSE-optimal bandwidth from Imbens and Kalyanaraman (2012),
‘CCT’ uses robust confidence intervals based on the MSE-optimal bandwidth from Calonico et al.
(2014), ‘CCF’ uses robust confidence intervals based on the CE-optimal bandwidth from Calonico
et al. (2020), and ‘G’ uses HC0 confidence intervals for global models. The number indicates the
polynomial order. Panels A, B, and C vary the analysis with 1,000, 3,000, and 5,000 observations,
respectively.
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