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Review: RD RD Example: Smith (2016)

Outline

▶ Review: RD Regressions

▶ Example RD Englmaier et al. (2024) Mgm Science

▶ Example RDiT Smith (2017) AEJ:AE
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Review RD
Let’s review the 101

Typical terminologies:

▶ Running variable
▶ Cutoff
▶ Treatment
▶ Bandwidth selection

Typical methodologies:

▶ Sharp RD
▶ Fuzzy RD
▶ RDD vs. RKD
▶ RD in Time (RDiT)
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1.1 RDD: Sharp RD
Minimum Legal Drinking Age (MLDA) by Carpenter & Dobkin (2009) AEJ:AE

▶ A simple setup: yi = β0 + β11{agei ≥ 21} + β2agei + ε

▶ Running variable: age
▶ Treatment is determined by 1{age ≥ 21}: There is exogenous variation
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1.2 RDD: Fuzzy RD
Entrance Exam Score and Enrollment by Angrist & Rokkanen (2015) JASA

▶ Run this as a sharp RD: enrollmenti = β0 + β11{scorei ≥ cutoff } + β2scorei + ε

▶ Running variable: entrance exam score
▶ In what scenario should we consider fuzzy RD?

Hint: Is treatment strictly determined by 1{scorei ≥ cutoff }?
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1.2 RDD: Fuzzy RD
Entrance Exam Score and Enrollment by Angrist & Rokkanen (2015) JASA

▶ Run this as a sharp RD: enrollmenti = β0 + β11{scorei ≥ cutoff } + β2scorei + ε · · · (1)
▶ Consider an unobserved latent cutoff that only admission officers know, denoted as Rcutoff
▶ Treatment: passing the latent cutoff 1{scorei ≥ Rcutoff }

▶ Then what is 1{scorei ≥ cutoff } in Eq(1)?
▶ You can think of it as an IV for the

unobserved treatment
▶ So the above equation is the reduced-form

version of an IV regression
▶ Just like IV, local identification
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1.2 RDD: Fuzzy RD
Bandwidth selection

▶ Imagine we just fit y = β0 + β11{x ≥ x̄} + β2x + ε, aka y on cutoff dummy + running var x
▶ In this example, we will overestimate the actual RD effect given the curvature
▶ The RD effect can be overestimated as well
▶ In practice, people do bandwidth selection, e.g., rdrobust in Stata, R, and Python

Without bandwidth selection With bandwidth selection
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1.3 Exogeneity Requirement around Cutoff
For both Sharp and Fuzzy RD
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1.3 Exogeneity Requirement around Cutoff
Checks/tests

▶ Just like IV, the exogeneity cannot be proved... and can only be argued
▶ But one can produce some helpful test

▶ Density test: rddensity in Stata, R, and Python
▶ Test if the running variable has manipulation around the cutoff
▶ This is known a Manipulation Test
▶ Aka, look for overlapping CI around the cutoff

▶ Other usage for rddensity in settings
▶ rddensity plots are used also in bunching
▶ However, in the scenario studying bunching, usually people look for non-overlapping

CI
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Use rddenstiy as a Manipulation Test for RD
Passing the test requires: overlapping CIs

▶ Consider y = β0 + β11{x ≥ x̄} + β2x + ε

▶ x is poverty index, x̄ = 59.19 is Head Start(HS) eligibility, and y is an outcome for HS
▶ Test there is no manipulation around the eligibility cutoff
▶ Run rddensity on the distribution for the running variable x

Source: Cattaneo, Jansson, and Ma (2020) JASA
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Use rddenstiy to Study Bunching Per Se
Evidence of Bunching requires: Non-overlapping CIs

▶ If the goal is to study a variable and see if there is bunching behavior
▶ Run rddensity on the bunching var: only non-overlapping CI suggests bunching
▶ In the UK after March 2021, EV subsidies eligibility dropped from below-50k to below-35k
▶ Here we study if and to what extent that carmakers list EVs below £35k after March 2021
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1.4 Fake RDs
The important thing is not to kid oneself when studying RD
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2. RD in Time (RDiT)
Typical RD vs RDiT

Typical RD
▶ Use cross-sectional variation around the cutoff: exam score, poverty rate, other eligibility
▶ Assumption required

▶ Within a time t, there needs to have cross-sectional exogeneity around the cutoff
across units i

▶ For units near the cutoff, they are as-good-as-random to be above or below cutoff
▶ Aka, no manipulation, no sorting, etc around the cutoff

RDiT
▶ Running variable is time t
▶ Cutoff is a specific time, say t̄
▶ Exogeneity variation needed: time-series variation
▶ Within each unit i , outcome y right before t̄

it and y right after t̄
it should be apple-to-apple

comparison
▶ Within each unit i , there should be no anticipation or sorting
▶ There should be enough observation within each i near t̄ as well
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2. RD in Time (RDiT)
Challenges for RDiT

▶ See Rapson & Hausman (2018) Annual Review of Resource Economics "RDiT:
Considerations for Empirical Applications"

▶ As all units will go through the time, we don’t have as-good-as random around t̄
▶ Ideal data structure

▶ Need longer time, otherwise we cannot effectively use the running variable time t
▶ High frequency data, daily or more frequent (weekly data may be ok)
▶ Q1: Why do we need above?

▶ Key challenge: insufficient variation around cutoff time t̄
▶ So SE may be way too large to identify the RD effect
▶ Solution: increase bandwidth to solve this problem and to get a more precise estimate
▶ Tradeoff for this solution: Within each unit i , behavior right before t̄ and after t̄ may

be more likely to be subject to bias as we increase the "local window"
▶ Other challenges

▶ It is not obvious how we should deal with time-series correlation within the error term
▶ It doesn’t make much sense to run the rddensity manipulation test anymore
▶ Q2: Why does rddensity become useless in most RDiT settings?

▶ The justification for identification usually relies on reliable arguments alone
▶ E.g., non-anticipation and no-sorting
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Outline

▶ Review: RD Regressions ✓

▶ Example RD Englmaier et al. (2024) Mgm Science

▶ Example RDiT Smith (2016) AEJ:AE
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Outline

▶ Review: RD Regressions ✓

▶ Example RD Englmaier et al. (2024) Mgm Science (Done in Topic 4) ✓

▶ Example RDiT Smith (2016) AEJ:AE
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Smith (2016) AEJ:AE
"Spring forward at your own risk: Daylight saving time and fatal vehicle crashes"

Research Question: What is the unintended consequence of Daylight Saving Time
(DST) in terms of motor vehicle accidents?

DST
▶ Many countries have DST
▶ Typical format: Spring-forward and fall-back
▶ Historical justification for DST: shift energy consumption within a day for energy saving

Historically, the majority % of evening energy consumption was lighting

Two key important types of variation used here:
▶ A RDiT variation x2 per year in the spring and the autumn (can use RD estimator)
▶ A 2005 DST policy shift (can use FE estimator)

Before 2007: DST starts on 1st Sun of Apr, ends on last Sun of Oct
Since 2007: DST starts on 2nd Sun of Mar, ends on 1st Sun of Nov
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Studies on DST
DST was motivated by potential energy-saving benefit...

A few strands of studies on DST
▶ Q1. Does DST actually have any energy-saving benefits?

If so, what are the mechanisms? Who benefits?
If not, why? Through what mechanisms do benefits and costs cancel out, or worse?

▶ Q2. Does DST have any unintended consequences?
Health issues? safety? economic impacts? agricultural? etc?
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Smith (2016) AEJ:AE "DST and Crashes"
Key variation
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Smith (2016) AEJ:AE "DST and Crashes"
Suggestive evidence for the RDiT design for "spring-forward"
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Smith (2016) AEJ:AE "DST and Crashes"
Key Data

▶ Main data: Fatality Analysis Reporting System (FARS) from NTHSA, 2002-2011
▶ FARS documents individual crashes, as we discussed in Scott (2022)
▶ Upside: Can organize the crash data into daily level

⇒ The high-frequency nature makes RDiT feasible
▶ Downside: Very sparse (by the nature of fatal crashes)

⇒ Have to aggregate to national level
Otherwise, not enough data points around cutoff time t̄
Ergo, cannot use locational FE such as state FE

▶ Data for additional outcome: Daily VMT from California
▶ Performance Measurement System (PeMS) from CA
▶ VMT from NHTS will not be helpful. Why?
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Smith (2016) AEJ:AE "DST and Crashes"
Main estimation equations: 1. A RDiT design

For day d in year y , estimate Eq(1) with bandwidth selection using rdrobust:

ln Fatalsdy = β0 + β1DSTdy + f (DaysToTrandy ) + f (DSTdy · DaysToTrandy ) + εdy (Eq(1) RD)

▶ ln Fatals: log daily fatal crash demeaned by (i) year and (ii) day-of-week
▶ DaysToTrans: running variable t relative to cutoff date
▶ DST : dummy variable that the running variable passes cutoff date
▶ β1: main RD parameter of interest
▶ f (·): local linear function
▶ Q1: Why does the author need to demean yvar?

Additional placebo test: Re-define cutoff date
▶ Assign placebo DST for 2002-2006 using the later DST for 2007-2011
▶ Assign placebo DST for 2007-2011 using the prior DST for 2002-2006
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Smith (2016) AEJ:AE "DST and Crashes"
Main estimation equations: 2. A FE design

For day d in year y , estimate Eq(2):

ln Fatalsdy = β0 + β1SprgDSTdy + β2FallDSTdy + ϕd + ϕw + ϕy + εdy (Eq(2) FE)

▶ ln Fatals: log daily fatal crash demeaned by (i) year and (ii) day-of-week
▶ SprgDST : 1 if dy is from the spring DST starting-date to 6/30
▶ FallDST : 1 if dy is from 7/1 to the fall DST ending-date
▶ β1 and β2: main RD parameter of interest
▶ FEs

▶ ϕd : day of the year FEs
▶ ϕw : day of the week FEs
▶ ϕy : year FEs

▶ Q2: What data points are served as control/comparison group?
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Before Main RDiT Results
Residual Plot

▶ Q3: Note the
residuals here are
not ε̂dy . Then
what are they
then?

▶ Q4: What is the
purpose of this
exercise?
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Main RDiT Results
Spring DST Transition (a 6.5% rise in crashes) vs Fall DST Transition (null effect)

▶ Note the small number of observations, very typical in RDiT
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Main RDiT Results
Spring DST Transition (a 6.5% rise in crashes) vs Spring Placebo DST (null effect)

▶ Note the small number of observations, very typical in RDiT
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More Placebos for the RDiT
Define cutoff dates in each day in calendar year (outside bandwidth), about 300 days
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Plan B for Manipulation Test
How to provide evidence to support for no-sorting?

▶ We can no longer run the
manipulation test rddesntity
on running variable (time)

▶ But, we can re-run RD
regression on other yvars that
may suggest sorting

▶ What to look for: zero jumps
in these vars

▶ In this example: Daily VMT
from California
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Mechanism discussion
Possibility 1: Ambient light?

▶ The fall exercise indicates ambient lighting likely only causes a shift within a day
▶ The spring exercise indicates a slightly different story
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Mechanism discussion
Possibility 2: Lack of sleep?

▶ This plot is somewhat
weak

▶ We will see much stronger
evidence next

▶ Q5: Why is this plot weak?
▶ Q6: Does the nature of

RDiT have something to
do with this?
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Mechanism discussion
Possibility 2: Lack of sleep?

▶ Robust results across various hours, esp the least impacted hours
▶ Could be driven by lack of sleep, disruption in circadian rhythm, other biological factors

that affect human saftey/performance of operating motor vehicles
▶ Much stronger evidence than Figure 7
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FE Results
Again: Spring DST vs Fall DST

42 / 43



Review: RD RD Example: Smith (2016)

FE Results
Spring DST’s temporarily effect
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