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Motivation

I Keane and Neal (JoE 2023 and ARoE 2024) show asymmetric
power curves for the conventional 2SLS t-test even when
instruments are “considered strong”.

I When the true effect is negative but OLS says it is positive, the
2SLS t-test thas little power to detect the true effect.

I Fuzzy RD is quite similar to 2SLS.

I Does the conventional fuzzy RD t-test have the same issues?
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What Does the Paper Do?

I Reviews differences and similarities between fuzzy RD and IV.

I Runs several simulations using two popular testing procedures for
fuzzy RD.

1. R and STATA rdrobust, Cattaneo et al ECMA 2014.
2. R and STATA RDHonest, Armstrong & Kolesar QE 2020.

I A set of those simulations is grounded on a real-world example,
Ambrus et al AER 2020.
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What Does the Paper Find?

I Power asymmetry for the conventional fuzzy RD t-test even for
conventionally “strong” first stages.

I Simulations based on Ambrus et al AER 2020: when the true effect
is negative and “OLS” overestimates it, the fuzzy RD t-test fails to
detect the true effect.

I General pattern: when bias of “OLS” is positive, there is a
negative relationship between fuzzy RD estimate and standard
errors. And vice-versa.

I Easy fix: Anderson-Rubin test, that is, the conventional t-test
based on the reduced-form for the outcome.

I Interesting: the way you run RD matters; lack of bias correction
and high-order polynomials tend to aggravate the problem.
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A Simple Example

I Have you ever estimated a parameter that is a ratio ?

β =
a

b

I Yes, all the time!

1. OLS, β = COV [X ,Y ]
VAR[X ] .

2. Relative effects of educ and exper in a linear regression of
wages on educ, exper, etc,
β = βeduc

βexper
.

3. IV, β = COV [Z ,Y ]
COV [Z ,X ] .

4. Fuzzy RD, β = E[Y |X=c+]−E[Y |X=c−]
E[D|X=c+]−E[D|X=c−] .
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How Do We Learn About Ratios?

I We often perform a hypothesis test for

H0 : β =
a

b
= 0 vs. H1 : β =

a

b
6= 0.

I This means we need an approximation for the distribution of

β̂ =
â

b̂
,

where â
p→ a and b̂

p→ b.

I Typically, we rely on the delta method/Slutsky to get:

β̂ =
â

b̂
≈ N (a, σ2

a)

b
.

I Is this always a good approximation?
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What is The Distribution of â/b̂?

I For simplicity, assume that:[
â

b̂

]
∼ N

([
µa

µb

]
;

[
1 ρ
ρ 1

])

I When µa = µb = ρ = 0, â

b̂
∼ Std. Cauchy Distribution

1. No moments!

2. Symmetric around 0.

I When µb 6= 0 or ρ 6= 0, the distribution becomes asymmetric.
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Approximating The Distribution of â/b̂
Ideal Case: µb is Large
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Approximating The Distribution of â/b̂
Problem: µb is Small
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Approximating The Distribution of â/b̂
Asymmetry with ρ > 0
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Approximating The Distribution of â/b̂
Asymmetry with ρ < 0
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Takeaways So Far

I Problem with the size of t-tests based on the conventional
approximation of the distribution of â/b̂ when µb is small.

I You tend to reject more on one of the two sides depending on the
sign of the correlation between â and b̂.

I Do our examples suffer from this?

1. OLS, β = COV [X ,Y ]
VAR[X ] .

Okay, VAR[X ] is positive and typically “large”...

2. Relative effects of educ and exper β = βeduc
βexper

.

Issue when βexper is small.

3. IV, β = COV [Z ,Y ]
COV [Z ,X ] .

Issue when instrument is weak, i.e., COV [Z ,X ] is small.

4. Fuzzy RD, β = E[Y |X=c+]−E[Y |X=c−]
E[D|X=c+]−E[D|X=c−] .

Issue when compliance to threshold rule is small, i.e.,
E[D|X = c+]− E[D|X = c−] is small.
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What About Power?
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What About Power?
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The Power of Ratios

I The conventional t-test rejects null effects ∼ two times more often
than small positive effects; X

I On the other hand, it rejects negative effects ∼ two times more
often than null effects. X

I What is a solution to this problem? Given that b 6= 0,

H0 : β =
a

b
= 0⇔ H0 : a = 0.

I The Anderson-Rubin test is a t-test of H0 : a = 0.

It is easier to approximate the distribution of â.

10



The Power of Ratios

I The conventional t-test rejects null effects ∼ two times more often
than small positive effects; X

I On the other hand, it rejects negative effects ∼ two times more
often than null effects. X

I What is a solution to this problem? Given that b 6= 0,

H0 : β =
a

b
= 0⇔ H0 : a = 0.

I The Anderson-Rubin test is a t-test of H0 : a = 0.

It is easier to approximate the distribution of â.
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IV Power Curves

Figure 2 of Keane and Neal JoE 2023 shows the power curves.
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Fuzzy RD

I How do we estimate the ratio?

1. Use local linear regression with triangular kernel to obtain:

Ê[Y |X = c+], Ê[Y |X = c−], Ê[D|X = c+], Ê[D|X = c−],

and

β̂ = Ê[Y |X=c+]−Ê[Y |X=c−]

Ê[D|X=c+]−Ê[D|X=c−]
.

2. Choose what “local” means, i.e., choose the bandwidth.

3. Perform bias correction.

I There is some disagreement on points (2) and (3).

I This paper studies several methods but focuses on two:

1. RBC - methods by Cattaneo et al.
2. BSD - methods by Kolesar et al.
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3. Perform bias correction.

I There is some disagreement on points (2) and (3).

I This paper studies several methods but focuses on two:

1. RBC - methods by Cattaneo et al.
2. BSD - methods by Kolesar et al.
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Simulation Results
t-test
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Simulation Results
AR test
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Discussion

I Connection with literature on impossible inference, e.g., Bertanha
and Moreira JoE 2020.

I Type A, trivial power, e.g., testing means, sharp RD;

I Type B: unbounded confidence sets, e.g., ratios, IV;

I Fuzzy RD has both!

I Noack and Rothe ECMA 2024 propose AR test + BSD as a
solution to both problems but simulations here show they do a little
worse than AR test + RBC.

I Why?

I Plot simulated power curves;

I Optimality of BSD?

I Run simulations under worst-case DGP.
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