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Introduction




Goal of the session

Strengthen on Instrumental Variables (IV) and Regression Discontinuity Designs

(RDD)

Review

e Focus on some specific points:
o Locality
o Weak instruments

o Shift-share instruments

Learning through and explore some limits through



|V: Introductory example




Air pollution and health

e How would you measure health effects of air pollution?

 Why not regress an health outcome (mortality or hospital admissions for instance) on air
pollution?

o OVB: air pollution might be affected by unobserved factors (eg economic activity, income,
healthcare, etc)

o Measurement error (if correlated with treatment)
o How to separate between pollutants?

e How would you proceed?
o Need to find a source of

o Something that affects air pollution levels but do not otherwise affect health



An instrument for air pollution

e Find an exogenous shifter in air pollution

e Wind direction (Deryugina et al. 2019)

San Francisco, California regional wind direction and pollution
PM 2.5 (ug/m?) relative to wind from the West (W)
Panel A Panel B
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FIGURE 2. RELATIONSHIP BETWEEN DAILY AVERAGE WIND DIRECTION AND PM 2.5 CONCENTRATIONS FOR COUNTIES
IN AND AROUND THE BAY Area, CA

Notes: Panel A shows regression estimates of equation (A1) from the online Appendix, where the dependent vari-
able is the county average daily PM 2.5 concentration and the key independent variables are a set of indicators for
the daily wind direction falling into a particular 10-degree angle bin. Controls include county, month-by-year, and
state-by-month fixed effects, as well as a flexible function of maximum and minimum temperatures, precipitation,
wind speed, and the interactions between them. The dashed lines represent 95 percent confidence intervals based

on robust standard errors. Panel B shows the location of the PM 2.5 pollution monitors (black dots) in the Bay Area
that provided the pollution measures for this regression.






Why does that work?

Q Intuition

e Wind = “as-good-as-random” variation in exposure to pollutants

¢ Mimics randomized experiment

Wind
o jerelevance
Wind direction

o jeindependence (or exogeneity)

Wind itself (after controlling for temperature and humidity)

o je exclusion restriction

Individuals (no defiers)

o je motonicity



Other ideas of instruments?

Boat traffic in a port (Moretti and Neidell 2011)

Thermal inversions (Arceo, Hanna, and Oliva 2016)

Storms causing traffic jam in airports (Schlenker and Walker 2016)

Why are they each valid instruments?



IV: Fundamentals




Formal intuition

* y.=a+fx;+uwithcov(x,u) #0

e Problem: x; is

o Find avariable z that shifts x for reasons unrelated to unobservablesin y

o |tisolates variation in x that is unrelated to u and recover 3

o Focuses on the variation that is explained by the instrument
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Potential outcomes

Group di(z;=0) di(z;=1) Effect of instrument
0] 1 Instr. / proba of treatment
1 0] Instr. \, proba of treatment
0 o) Instr. has no effect
1 1 Instr. has no effect

Effect of the instrument on the treatment

We only observe z; and d;, not these groups

Warning

The IV estimator identifies the effect for
under usual assumptions)

across individuals

(a Local Average Treatment Effect, LATE,
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Identifying assumptions

Assumption. Formal expression Intuition
, Cov(z,v) =0 No unobserved confounders
affecting both z and x
Cov(z,u) =0 z affects y only through x
Cov(z,x) #0 z does affect x

xi(z;=1) > x;(z;=0) withz(no  zis anincentive, does not
defiers) discourage treatment
 Exclusionrestriction = ITT eyer-takers = 1T Tatways-takers = O-

e Motonicity = compliers are the only individuals whose treatment status could be altered by
the instrument



Exclusion restriction

W . X, Ry \

We that the exclusion restriction holds
Need to convince the audience that it does with arguments
Need to find “clever” instruments

But some instruments may turn out to be not so great

Instrumental variable Exclusion-restriction violation
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Exclusion restriction violations

e Sometimes an instrument affects many (many) other variables = it may affect the outcome

through another path (Mellon 2024)
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FIGURE 2 Causal web of rainfall from 192 papers. Note: This figure illustrates the plethora of variables causally linked to weather.
These can represent exclusion-restriction violations. Node and tie sizes are proportional to appearances in literature. Colors: weather
(green), instrumented variable (orange), and outcome (purple).
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IV: Locality




What does the 1V estimate?

- Cov(yl.,zi) B

T Cov(dyz)

£ [y, 12=1] ~E[y, 12 =0] _

E[d, |z, =1] —E[d;|z,=0]
=E[y,(1) =3,(0) | d:(1) =1, di(0) =0]

LATE on the compliers

BIV

IV £ATE

e The |V estimator only captures the causal effect for those individuals whose treatment
status changes because of the instrument (the compliers)

e jethe
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Intuition

e Theinstrument isolates the variation in treatment

e |f treatment effects are heterogeneous, |V does recover the overall average treatment
effect (ATE)

e Instead, it identifies the effect to those influenced by the instrument

Q Take-away message

o Always ask yourself:
e The LATE is causal, butis local: it
e Using adifferent instrument identifies a different LATE
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Example

Want to estimate the causal effect of (x) on ()

Education not randomly assigned
Studied in Card (1993)

Solution:

o Use aninstrument z, such as

o Isitavalidinstrument? Yes, arguably. It affects the likelihood of getting more education but
does not affect earnings directly

It estimates:

o The ATE of education on earnings

o je students who attend college because they live nearby
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Differences in estimands

Estimand Definition Estimates the effect for? Identified by
ATE E _yl. (1) —y,(0) ] The Randomized
_ experiment
ATT E _yl.(l) —»,(0) | d; = 1] Those who Selection on
_ observables
LATE Ely, (1) —y,(0) Those Instrumental

|d;(1) =1,d;(0) =0]
(the compliers)

Variables (IV)
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Why instrument a randomised treatment?

, 2008: expansion, but cannot cover everyone

85,000 people signup — 30,000 drawn at random — only 10,000 actually enrol

The lottery randomises the offer, not the treatment

Which comparison should we use?

o Enrolled vs not enrolled?
o Winners vs losers?

o Finkelstein et al. (2012) instrument with
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Different estimands

e Find much larger effects with the IV than it’s reduced form

e Estimate different estimands

Q Two different questions

. : what does offering insurance do? The policy-relevant number if take-up stays the same

. : what does having insurance do, for those who enrolled because they won
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2SLS actually often not a LATE

e |LATE theorem assumes (or a fully saturated specification)
e But virtually all applied studies uses controls

e With controls, 2SLS = a weighted average of treatment effects not only for compliers (Blandhol
et al. 2026)

o Some

o Show that the issue is widespread
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1V: Estimation




IV Estimator and 2SLS

. : sample analog of the estimand
/ﬁ\ _ E&(y,Z)
v 6&%¢m

e Numerically equivalent to Pasts

1. Regress d on instrument(s) z and controls and retrieve predicted values
dl-=7'[0+7'[12i+vl- = a\iZE[di|Zl-]
1. Regress y on predicted treatment d

yi:oc+ﬁai+ei

obtained through:
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Warning
SEs of the 2nd stage do not give correct SEs (they do not account for the first-stage
estimation)
Need to adjust for the two stages
2SLS packages (eg ivreg, fixest) automatically adjust SEs

Alternatively, use bootstrapping to get correct standard errors
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Control function approach

Alternative approach for the IV

Steps:
1. Regress d on z and controls
2. Retrieve the residuals (the part of d unexplained by z)

3. Regress y on d and these residuals

Adjusting for these residuals

Only leaves out the explained variation

Warning

e The point estimate is exactIyEZSLS, but the OLS standard error is

e Fix: both steps, or just read the SE off feols/ivreg
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Practical advice

Think about
o Different instruments = different estimands
Make sure instrument is w.r.t. the policy of interest
If weak IV (and you don’t want to give up)
o Use approaches more (Andrews, Stock, and Sun 2019)
Adjust for all relevant pre-treatment variables (predictors of y not affected by d)
For models non-linear in d, properties of 2SLS do not necessarily hold

o Consider (e.g., control function method)
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Exercise

1. Run two regressions on the wooldridge: : card datausing fixest:: feols to compare the
2SLS and the approaches

o Key variables:
o Qutcome: lwage (log wage)
o Treatment: educ (years of schooling)
o |nstrument: nearc4 (near 4-year college)
o Controls: exper, black, south, smsa, fatheduc, motheduc

2. Build a simple and naive simulation to explore the impact of the use of instruments on
(depending on the correlation between measurement error and the

treatment)

@ More precise instructions on the website
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1V: Weak instruments




Intuition

In IV, use the variation that is
Throws out variation not explained by the instrument

Throwing out variation increases variance = crfgw > Uéom

May end up with too little variation to estimate the effect of the treatment
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Definition

e What is a weak instrument?
o Aninstrument that d;
o Inthe first stage (d; = 7, + 7,z; + v;) aweak instrument has 77; ~ 0.
e Why problematic?
o |V uses the variation in d explained by z
o If zbarely changes d, the IV estimator is and can be biased

o Small changes in sample or error can lead to large changes in the estimate
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Consequences

Confidence intervals can be very wide

2. IV can be biased towards OLS (especially in small samples) because the IV
leverages endogenous variation

3. Standard t-tests and F-tests become unreliable (non-normal errors)

O Take-away message

Even if the instrument is valid, if it is weak, |V estimates are not trustworthy

e Testing for relevance: compute the but use the Olea and Pflueger (2013)
effective F-stat

e Reportidentification-robust Anderson-Rubin confidence intervals

e But basically look for a stronger instrument
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Behind the F-stat

With one instrument, the first-stage F is (Keane and Neal 2024)

R2

F=Nx partial
1- Rlz)artial
= Fgrows with the . Instrument strength does not

A negligible Rgartial passes F > 10 if Nis large enough (Bound, Jaeger, and Baker 1995)
And 10 is the wrong number: valid 5% t-inference needs F > 100 (Lee et al. 2022)
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Exercise

e Build asimple to explore the impact of weak instruments on your estimator (point
estimate and standard errors)

e Do not forget to add some endogeneity

e |sthe first-stage F-stat a good metric?
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V: Shift-share Instruments




Bartik's setting

Shift-share instruments also named after Bartik (1991)

Explores the effect of immigration (I) on local wages (y)

Y, =at Ol + pX;; + €,

Problem: endogeneity of I, eg migrants locate where the economy is doing well

Bartik instrument interacts:

o : where migrants from each origin k historically settled
o : the national inflow from each origin
K
B, = Z Z1,k, 1y X Mk, ¢
k=1 share shift
A city’s predicted inflow is a weighted average of flows, weighted by its

composition
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Intuition

e Exogeneity: the instrument uses
o National flows are not driven by one city
o Shares are measured before the period studied

e The exogeneity and identification come from either:

o The — argue that they are exogenous, conditional on controls. Shifts only
give first-stage strength

o The — argue that shocks are numerous and quasi-randomly
assigned. Shares need not be exogenous
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Identifying assumptions

e Exogeneity comes from either of, never both at once:
o : using the K shares as separate instruments
o : the many shocks are as-good-as-randomly assigned

The exclusion restriction...

o islikely national inflows are driven by push factors in the origin

countries, and the shares are predetermined

o the initial composition predicts wage growth directly

Relevance is ensured because settlement is
already is = usually a very strong first stage

Monotonicity is not guaranteed here

: migrants go where their community
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To check

e Depending on the approach, check:

o Shares approach: which shares actually drive the estimate ( )?
o Shocks approach: are there shocks, are they plausibly as-good-as-random?
e Shares often correlate with a lot of things

e With hundreds of industries and many periods, “the exclusion restriction holds” is a claim

Take-away message

A shift-share instrument is not exogenous because it is a shift-share instrument. Need to argue
provides the identification and how
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RDD: An example




Air quality alerts in Mexico City

in Mexico City on highly polluted days

o Vehicle restrictions, industrial curbs, public messaging

Which impact on pollution levels and health?

Problem: cannot compare alert days (highly polluted) to “normal” days

But alert triggered by a

o So compare days just

: ozone above in any station (Aguilar-Gomez 2025)

155 ppb to days just
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Why does that work?

Q Intuition

e The thresholdis : nothing happens to the atmosphere at 154.9 ppb

e A154 ppbdayanda 156 ppb day are the

Nothing else about a day changes at 155 ppb
o Je
There are days just above and just below
o je
Crossing 155 ppb does raise the chance of an alert, by 74 pp
o je . But here mechanical = fuzzy design
Crossing it only matters because it triggers the alert

o je

, except one triggers an alert

42



Other examples of discontinuities?

° to a program (based on income, age, test score)
. : winning with 50.1% rather than 49.9% of the votes
. : being just on one side of a geographic administrative boundary

. :aclassis split once it passes a given number of pupils
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RDD: Fundamentals




In a nutshell

e Treatment is not randomly assigned, it is assigned by a
o A continuous X; Crosses a c
o d; =1x; >c}
o egacounty is regulated if its pollution exceeds a federal threshold

e Estimand:

Brp = lim [E[yi|xl-:x]— lim [E[yl.|xi:x] :[E[yi(l)—yl.(O) |xi=c]

x — ct X—c

ATE at the cutoff

e Econometric model:

Y, = a+:8di+fl(xi) +fr(xi)di+ei
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Identifying assumptions

(©)

[E[yi1|xl-] and [E[y?|xl-] are continuous at ¢

o Everything else varies smoothly atc

O

Units just below c are a valid counterfactual for units just above

(®)

Treatment does jump at ¢, and there are units on both sides of it
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Threats to local continuity

e Local continuity can break when:

o |ndividuals can across the cutoff. That happens if:
1. Theruleis
2. Individuals to be on the other side
3. Individuals to adjust
o The cutoff is : several factors affecting the outcome vary at the threshold
o : excess mass at particular values of the running variable (eg round numbers, that

may coincide with the threshold)
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No overlapping support

ARDD compares a treated and an untreated unit with the same x;
o By construction, they do not exist
#+ from other strategies: no CIA
to the other side of the cutoff

Narrower bandwidth size = less bias, more imprecise

Counterfactual built by

The of f matters — global or high-order polynomials
Imbens 2019)

(Gelman and
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Locality

An RDD identifies an effect = local

Says nothing about units far from the threshold

Extrapolating away from c requires , hot more data

In a fuzzy RD two forms of locality combinded: effect on compliers at the cutoff

Warning

The identification can credible but the estimand can remain uninforative of what we care
about
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RDD: Fuzzy-RD




Sharp and fuzzy

Sharp Fuzzy.
What jumps  Treatmentitself: d; = 1{x; > c} The of treatment:
atC Pr(di:].lxi)
Assumptions Local continuity, relevance + and

Estimand Ely, (1) —y,(0) | x;=c]

Ely,(1) —y,(0) | x;=¢, d;i(1) > d;(0) |

ATE at the cutoff

ATE on compliers at the cutoff

Estimator Thejumpinyatc

e Crossing only makes the treatment

Jumpiny the jumpind,ie 2SLS

o egindividuals above the threshold are designated, but not all comply
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Fuzzy RD as an |V

e The cutoff indicator z; := 1{x; > c}isan
e Link to what we discussed for IV:
o Small jump in the treatment probability =

o Exclusion restriction must hold

for d,

: does crossing c trigger anything else?
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RDD: Challenges




Functional form near the cutoff

Rawdata Linear Quadratic Flexible Repeat Code

Raw data
One draw, within a bandwidth of 15. The true jump is 3

Qutcome

10

-10

-10 0

10
Distance to the cutoff
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Bandwidth size

e One of the main inan RDD is choosing the bandwidth size h
e |tarbitratesa = pick the h that minimises the MSE
e Select an (Imbens and Kalyanaraman 2012)

e hyp IS optimal for the , hot for inference: conventional Cls

o Use the cerrd bandwidth, or robust bias-corrected intervals

Observations outside the bandwidth are typically manually filtered out pre-estimation. They
can also be dropped by adding fixed effects.
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Statistical power of RD designs

Identification rests on observations

The effective sample can be small

Stommes, Aronow, and Savje (2023) study RD in political sciences and show that they:

o conventional significance thresholds
o Are to detect anything but large effects
o Leadto

Conventional confidence intervals are

o They ignore the bias of the local polynomial fit

o Use intervals
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Addressing heaping

Running variables are often

eg birth weight piles up at round 100g values

Observations exactly at round values may be different

= the units at the cutoff can a group

Fix: RD, drop a small window around c and re-estimate

o If the estimate moves a lot, it might indicate that the heaped observations were driving it
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Checking the design

e Makea of the outcome against the running variable

o small bins, no fit line as fit lines make readers see discontinuities that are not there (Korting
et al. 2023)

e Continuity cannot be tested, but can be made credible
e Evaluate :no jump in the density of x atc
o the density of the running variable

e Pre-treatment covariates should not jump atc

o the of the running variable, and the , against it
e Nojump at ,and no jump in
e Reportthe in afuzzy RD (plot it)

e Summary:

58



Summaries




Strengths and weaknesses - |V

+ identification strategy
+ Can use |Vs to address attenuation bias that may result from measurement error ind

— B, has finite sample bias. Stems from randomness in estimates of d

— B, than OLS, precision further \, with weak instruments

— In many settings (e.g., non-linear d), 25LS can be very biased

60



Strengths and weaknesses - RDD

+ Approximates a around the cutoff

+ Relies on relatively (in the sharp case)

+ Discontinuities are in economics: administrative rules, eligibility thresholds,
borders

— ldentification rests on the = often

(Stommes, Aronow, and Savje 2023)
— No overlap = results depend on and bandwidth choices
— Estimates are : limited external validity

— Fuzzy RDs add the IV assumptions on top, and are especially imprecise when the first-stage
jump is small
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@ Take away messages

e An |V only usesthe variationin x

e Both IV and RDD estimates are

e Weak instruments should be avoided, and F > 10 is not a licence

o Aweak instrument also any violation of the exclusion restriction

o With covariates, 2SLS is often a LATE on compliers

e Afuzzy RDDisjustan IV

e Nooverlapinan RDD = bandwidth and polynomial choices strongly affect the estimate

e Both |V and RDD identify estimands: always ask local to whom?
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