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Motivation

We’ve seen how to estimate average treatment effects when treatment
is as good as randomly assigned conditional on observable
characteristics

We’ve also seen how we can relax the assumption of conditional
unconfoundedness if we have panel data and assume the selection bias
is constant over time (parallel trends)

But sometimes these assumptions won’t be plausible
We might be worried about unobserved confounding variables
We might not have panel data, or might be worried that the
confounders are time-varying (so parallel trends fails)

What can we do then?

1



“Local Experiments”

The gold standard for causal inference is to run an experiment

But often an experiment is not possible

Luckily, sometimes we have a (natural) experiment that affects
whether some people take up the treatment we’re interested in

If that’s the case, then (under certain conditions) we can use this
experiment to learn about the effect of the treatment for the
“compliers” who are induced to take-up treatment by the experiment
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Example - the effects of Medicaid

Important question for policy: what is the effect of Medicaid on health
outcomes?

The ideal situation for learning about the causal effects of Medicaid
would be to randomize who gets it

Not possible for moral / budgetary reasons

However, we have the Oregon Health Insurance Experiment (OHIE)
which randomized eligibility for Medicaid for some people (i.e. those
with earnings between 100 and 138% of the FPL)
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Reminder - background about OHIE
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Winning the lottery vs Medicaid

Previously, we used the OHIE to estimate the causal effect of winning
the eligibility lottery

But what if we actually care about the causal effect of enrolling in
Medicaid?

Winning the lottery is not the same as enrolling in Medicaid:
Winners Losers

Ever on Medicaid 0.397 0.141

Some people who win the lottery do not enroll (don’t return form; no
longer eligible)

Some people who lose the lottery enroll anyway (become eligible by
other criteria)
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The effect of Medicaid enrollement on depression
Winners Losers

Ever on Medicaid 0.397 0.141
Depression symptoms 0.306 0.329

What is the estimated effect of winning the lottery on Medicaid
enrollment? 0.397−0.141 = 0.256

What is the estimated effect of winning the lottery on depression?
0.306−0.329 =−0.023

Say you want to estimate the effect of Medicaid enrollment on
depression? What would you do?

A natural estimate is to divide the effect on depression by the effect on
enrollment: −0.023/0.256≈−0.09 → a 9 pp reduction per enrollee

This is called an instrumental variables (IV) estimate. When does it
work? And how exactly do we interpret it?
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Local Average Treatment Effects (LATE)

We will show that under certain assumptions, instrumental variables
lets us identify a local average treatment effect (LATE).

This is the average treatment effect for compliers, i.e. people who are
induced to take-up Medicaid by winning the lottery

This is a “local” effect in the sense that it doesn’t tell us about the
treatment effect for people whose Medicaid status is not affected by
the experiment

Next, we’ll go over the assumptions we need to identify the LATE
with instrumental variables
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Four types of people

We can divide the population into four types of people:
Always takers: people who will enroll in Medicaid regardless of the
outcome of the lottery

Never takers: people who will never enroll in Medicaid regardless of
the lottery

Compliers: people who enroll in Medicaid only if they win the lottery

Defiers: people who enroll in Medicaid only if they lose the lottery
Defiers are weird, and often we will assume they don’t exist (called
monotonicity)
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Four types of people – With Math
Let Di be an indicator for whether you are on Medicaid (treatment).
Let Zi be an indicator for whether you won the lottery (instrument)

Introduce potential treatments, Di (1) and Di (0), analogous to the
potential outcomes

Di (1) is treatment status if Zi = 1 (win the lottery)
Di (0) is treatment status if Zi = 0 (lost the lottery)

Always takers: people who will enroll in Medicaid regardless of the
outcome of the lottery. Always takers have Di (1) = Di (0) = 1

Never takers: people who will never enroll in Medicaid regardless of
the lottery. Never takers have Di (1) = Di (0) = 0

Compliers: people who enroll in Medicaid only if they win the lottery.
Compliers have Di (1) = 1 and Di (0) = 0

Defiers: people who enroll in Medicaid only if they lose the lottery.
Defiers have Di (1) = 0 and Di (0) = 1
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Key assumptions

Independence: The instrument (e.g. whether you win the lottery) is
as good as randomly assigned, Zi ⊥⊥ (Yi (0),Yi (1),Di (0),Di (1))

Relevance Instrument affects the probability of treatment:
P(Di = 1|Zi = 1) 6= P(Di = 1|Zi = 0)

This one is testable – we saw that it does!

Monotonicity: No defiers: Di (1)≥ Di (0) for all i
Seems reasonable that anyone who enrolls without winning would also
enroll if they won
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Final key assumption — exclusion restriction!

The final key assumption, and often the most tenuous, is what’s called
the exclusion restriction

Intuitively, this says that the instrument Zi (whether you won the
lottery) affects your outcomes only through the treatment (whether
you enrolled in Medicaid)

Mathematically, we have that Yi = Di (Zi )Yi (1) + (1−Di (Zi ))Yi (0)

Equivalently, can write the POs as Yi (d ,z), then state the exclusion
restriction as Yi (d ,z) = Yi (d).

This implies that the outcomes for the always-takers and never-takers
doesn’t depend on Zi
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Why might exclusion fail?

Intuitively, exclusion fails if the instrument (e.g. winning the lottery)
can affect your outcome even without changing your treatment sattus

Suppose in the OHIE that some always-takers would have had to wait
longer to get on Medicaid if they hadn’t won the lottery. Would that
violate exclusion?

Yes, if wait-time for Medicaid affects your health.
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Graphical Illustration

Unconfoundedness fails if there is an unobservable U that affects both
treatment D and Y (denoted by arrows)

We can get around this problem if we have instrument like Z

Independence: Z is not influenced by the unobservable U (it’s
randomly assigned!)

Exclusion: Z affects Y only through D (no Z → Y arrow)
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The LATE Theorem

If Independence, Relevance, Exclusion, and Monotonicity hold, then

E [Yi |Zi = 1]−E [Yi |Zi = 0]

E [Di |Zi = 1]−E [Di |Zi = 0]
= E [Yi (1)−Yi (0)|Di (1) = 1,Di (0) = 0]

or in words:

Effect of Z on Y
Effect of Z on D = Local average treatment effect for compliers

This result won Joshua Angrist and Guido Imbens the 2021 Nobel
Prize in Economics!
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Intuition for the LATE theorem
Remember the theorem says that

E [Yi |Zi = 1]−E [Yi |Zi = 0]

E [Di |Zi = 1]−E [Di |Zi = 0]
= E [Yi (1)−Yi (0)|Di (1) = 1,Di (0) = 0]

By independence, the numerator is the causal effect of Z on Y

However, the exclusion restriction says that the effect of Z on Y is
zero for always-takers and never-takers (their treatment doesn’t
change!). Further, we’ve assumed that there are no defiers

Thus, the numerator will be the average effect for compliers times the
fraction of compliers in the population, i.e. LATE ×P(Complier)

But the denominator is the effect of Z on D. This effect is zero for
ATs and NTs, so the denominator is the share of compliers,
P(Complier)
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More formal derivation

Remember that we can divide the population into three groups,
always-takers (ATs), never-takers (NTs), and compliers (Cs) — we
assumed no defiers!

Let αAT = P(AT ),αNT = P(NT ),αC = P(C) be the shares of ATs,
NTs, and Cs

Since Z is randomly assigned (independence), we have that
P(AT |Z = 1) = P(AT ) = αAT .
Likewise, P(AT |Z = 0) = P(AT ) = αAT

By similar arguments, share of NTs and Cs is the same in the Z = 1
and Z = 0 groups.
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More formal derivation
Next step: show that the numerator is αC ×LATE

By the Law of Iterated Expectations,
E [Yi |Zi = 1] =

αCE [Yi |Zi = 1,C ] + αATE [Yi |Zi = 1,AT ] + αNTE [Yi |Zi = 1,NT ] =

αCE [Yi (1)|Zi = 1,C ] + αATE [Yi (1)|Zi = 1,AT ] + αNTE [Yi (0)|Zi = 1,NT ] =

αCE [Yi (1)|C ] + αATE [Yi (1)|AT ] + αNTE [Yi (0)|NT ]

where the last line uses independence

Similarly,
E [Yi |Zi = 0] = αCE [Yi (0)|C ] + αATE [Yi (1)|AT ] + αNTE [Yi (0)|NT ]

Thus, the numerator in our ratio is
E [Yi |Zi = 1]−E [Yi |Zi = 0] = αC (E [Yi (1)|C ]−E [Yi (0)|C ])︸ ︷︷ ︸

LATE
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More formal derivation

We showed that the numerator is αC ×LATE

To finish proof, we show that the denominator is αC

The denominator is

E [Di |Zi = 1]−E [Di |Zi = 0] = Pr(AT or C|Zi = 1)−P(AT|Zi = 0)

= (αC + αAT )−αAT = αC

Hence,
numerator
denominator =

αC ×LATE
αC

= LATE
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Estimating LATE
We’ve shown that under the IV assumptions, the LATE is identified as
a function of population means

E [Yi |Zi = 1]−E [Yi |Zi = 0]

E [Di |Zi = 1]−E [Di |Zi = 0]
= LATE

How can we estimate LATE?

Plug in sample means!

β̂ =
ȲZ=1− ȲZ=0
D̄Z=1− D̄Z=0

,

where, e.g., ȲZ=1 is the sample mean of Yi for units with Zi = 1

β̂ is called the IV estimator, or more precisely, the two-stage least
squares (2SLS) estimator (for reasons that will become clear soon!)
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Example - Medicaid

Winners Losers
Ever on Medicaid 0.397 0.141
Depression symptoms 0.306 0.329

Let’s calculate the 2SLS estimator in the Medicaid example.

ȲZ=1− ȲZ=0
D̄Z=1− D̄Z=0

=
0.306−0.329
0.397−0.141 = −0.09
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Two-stage least squares
Consider the two linear regressions:

Yi = γ0 +Ziγ1 + εi (1)
Di = π0 +Ziπ1 +ui (2)

What are the OLS estimates γ̂1 and π̂1?

γ̂1 = ȲZ=1− ȲZ=0

π̂1 = D̄Z=1− D̄Z=0

Thus, the 2SLS estimator is the ratio of these two OLS coefficients:

β̂ =
ȲZ=1− ȲZ=0
D̄Z=1− D̄Z=0

=
γ̂1
π̂1

Equation (2) is typically called the first-stage, while equation (1) is
called the reduced form
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Example - Medicaid
Winners Losers

Ever on Medicaid 0.397 0.141
Depression symptoms 0.306 0.329

What is the “first-stage” coefficient from

Di = π0 +Ziπ1 +ui ?

π̂1 = 0.397−0.141 = 0.256

What is the “reduced-form” coefficient from

Yi = γ0 +Ziγ1 + εi ?

γ̂1 = 0.306−0.329 =−0.023

So the 2SLS estimator is γ̂1/π̂1 =−0.023/0.256 =−0.09.
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IV conditional on covariates
Oftentimes, the assumption that the instrument is
as-good-as-randomly assigned will only be plausible conditional on
observable characteristics

In fact, in the OHIE, the probability of winning the lottery depended
on family size!

Suppose that we replace the independence assumption with
conditional independence, Zi ⊥⊥ (Yi (1),Yi (0),Di (1),Di (0))|Xi

By similar arguments as before, we can identify the conditional LATE
by taking the same ratio within groups with the same value of x

E [Yi |Zi = 1,Xi = x ]−E [Yi |Zi = 0,Xi = x ]

E [Di |Zi = 1,Xi = x ]−E [Di |Zi = 0,Xi = x ]
=

E [Yi (1)−Yi (0)|Di (1) = 1,Di (0) = 0,Xi = x ]︸ ︷︷ ︸
LATE(x)
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Estimation for LATEs conditional on covariates
In practice, when we have conditional independence for the
instrument, people estimate a modified version of 2SLS that includes
covariates.

That is, they use β̂2SLS = γ̂1/π̂1, for the OLS estimates from

Yi = γ0 +Ziγ1 + X ′i γγγ2 + εi (3)
Di = π0 +Ziπ1 + X ′i π2 +ui (4)

When Xi is a set of dummy variables for different categories (e.g.
family size), this gives a weighted average of the 2SLS estimates for
each covariate value

More generally, this will be approximately consistent for a weighted
average of LATE (x) when (4) is a good approximation to the CEF
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Example - Medicaid

In the OHIE, the lottery was actually only random condition on family
size

Finkelstein et al (2012) therefore estimate 2SLS with

Yi = γ0 +Ziγ1 + X ′i γγγ2 + εi (5)
Di = π0 +Ziπ1 + X ′i π2 +ui (6)

where Xi includes fixed effects for family size and some other
demographic variables.
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“Quasi-experimental” Instruments

In the Oregon Medicaid setting, the instrument Zi was explicitly
randomly assigned

In other settings, researchers use an instrument that is not directly
randomly but may be the result of idiosyncratic factors that are
potentially “as good as random”

This expands the set of cases where we can use IV, but means the
required assumptions deserve extra scrutiny!
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Example – Angrist and Krueger (1991)

AK (1991) are interested in a classic question in labor economics:
what are the labor market returns to an additional year of schooling?

Why can’t we just compare earnings for people who get more or less
schooling?

Schooling is not randomly assigned! Choice of schooling may depend
on many confounding factors, such as ability or family background, that
would directly affect earnings as well.

What do we need if we want to estimate the effects of schooling on
earnings using IV?

We need to find an instrument that is as-good-as-randomly assigned,
and affects earnings only through years of schooling.
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Compulsory Schooling Laws

Most states have compulsory schooling laws that require people to
stay in school until their 16th or 17th birthday

AK argue that these laws will lead people planning to drop out to
have less schooling if they are born earlier in the year

That is, if the oldest kid in a class is born on January 1 and the
youngest kid is born on December 31, then the oldest kid can legally
drop out after getting 1 fewer year of education than the youngest kid

AK argue that the part of the year in which you are born is effectively
random, and therefore instrument for years of schooling with quarter
of birth
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Indeed, AK find that people born in the first quarter the of the year
tend to have less schooling on average than people born in the
remaining three quarters of the same year
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What is the first stage estimate? 11.5252−11.3996 = 0.1256

What is the reduced form estimate? 5.1574−5.1484 = 0.0090

What is the 2SLS estimate? 0.0090/0.1256 = 0.0715
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Evaluating the assumptions

Relevance: Need quarter of birth to be correlated with years of
education.
X This one we can check and indeed is the case (t-statistic of 12).

Independence: Need quarter of birth to be independent of
determinants of wages or responses to compulsory schooling laws
(Zi ⊥⊥ (Y (.),D(.)))).

Independence seems plausible if parents can’t time the births of their
children exactly. But...
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Quarter of birth is correlated with some demographic characteristics

Suggests some possible violations of independence
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Evaluating the assumptions...

Exclusion: Quarter of birth affects earnings only through number of
years of education

Implies that people whose years of schooling are unaffected by QOB
would have same wages if born at different time of the year

Seems generally plausible but... being older or younger in your grade
may affect the quality of your education directly
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Evaluating the assumptions

Monotonicity: Everyone would get at least as many years of
schooling if not born in the first quarter of the year

Seems reasonable if all schools use a January 1 cutoff for school grades

If some schools use a Sept 1 cutoff, it could be that being born in Q4
is even worse
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Comparing states with different-aged CSLs suggested the effects of
QOB on education operates through the CSL → assuages some of
(but not all) concerns about independence
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A treatment effect for whom?

Suppose that we believe the IV assumptions hold (approximately).

How do we interpret the treatment effect we estimate?

It is a Local Average Treatment Effect (LATE) for compliers — i.e.
people who would have gotten an extra year of school if they’d been
born in the latter part of the year

Why might the LATE not correspond with the ATE for the whole
population?

Treatment effects could be different for people on the margin of
dropping out
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Multiple Instruments

So far, we have considered binary instrumental variables (win vs lose
lottery)

Sometimes we may have an instrument that takes on multiple values
(or multiple different instruments)

Next we’ll talk about how we can use similar ideas to exploit the
variation from multi-valued instruments
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Example – Angrist 1990

Angrist (1990) is interested in the following Q: how does serving in
the military (particularly the Vietnam War) affect your labor market
earnings later in life?

Why can’t we we just compare veterans to non-veterans?
Veteran status is non-random! Veterans may differ in career goals,
family background, physical ability, etc.

If we want to use IV, what do we need? A plausibly random
instrument that affects earnings only through whether you enroll in
the military
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Angrist 1990 – Draft Lotteries
Angrist (1990) exploits the fact that during the Vietnam War there
was a compulsory draft (for men)

In the 1970s, the military conducted lotteries where each birthday was
randomly assigned a priority number. People born on a birthday with
a lower number were eligible to be drafted first

Lottery numbers did not entirely determine whether one served in the
military or not:

Some people with low numbers were given medical exemptions or left
the country
Some people with high numbers volunteered to serve in the military
anyway

Angrist first considers a binary version of the instrument (eligible vs
non-eligible bdays), then generalizes to multiple instruments (one for
each bday)
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Evaluating the IV assumptions
Independence: Need lottery numbers to not be systematically
related to potential earnings / potential enrollment

Randomization of the lottery makes this plausible
People with high/low numbers are similar on observable characteristics

Exclusion: Need lottery number to affect earnings only through
enrollment

Exclusion in this context is a bit tricky
Never-takers might have to flee the country if they have a low number
but not a high one
Always-takers might have a different army experience if they enroll
voluntarily

Relevance: Lottery numbers must affect whether someone enrolls
Reasonable – and we’ll see it’s true!

Monotonicity: Everyone who would enroll with a high number would
also enroll with a low number

Seems reasonable
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Angrist first considers a binarized version of the instrument where he
groups birthdays into eligible and non-eligible

Here is his first stage (see p̂e− p̂n)
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Visualizing LATE in this example

See diagrams here
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https://www.dropbox.com/s/nddh9vb6pjxvlng/2sls%20diagrams.pdf?dl=0
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Formalizing 2SLS with Multiple Instruments

We can formalize this procedure with what’s called two-stage least
squares with multiple instruments.

Suppose we have a vector of instruments Zi (e.g. Z1 is birthday 1, Z2
is birthday 2)
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2SLS with multiple instruments
Step 1 (first stage): Estimate E [Di |Zi ] by estimating the OLS
regression specification:

Di = γ0 + Z ′i γγγ1 +ui

E.g., estimate mean enrollment for each birthday

Step 2: Construct the estimate of E [Di |Zi ] for each unit i :

D̂i = γ̂0 + Z ′i γ̂γγ1

E.g., D̂i is average enrollment for people with i ’s birthday

Step 3 (second stage): use OLS to regress Yi on D̂i :

Yi = β0 + D̂iβ1 + εi

E.g., regress earnings on average enrollment per birthday

β̂1 is our estimate of the (weighted) LATE
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Martin and Yurukoglu (2017)
Martin and Yurukoglu are interested in the following Q: how does
exposure to Fox News (conservative TV channel) affect voting
patterns in the US?

We could compare places where people watch more Fox News to
places where people watch less Fox News. Would that give us a causal
effect?

Probably not! There is likely a strong confounding variable of political
preference (people who are more conservative watch more Fox News
and vote Republican)

We need an instrument that is as good as randomly assigned and
affects voting patterns only through its impact on Fox News
viewership. Any ideas?

Martin and Yurukoglu propose to use the position of Fox News in the
channel lineup as an IV

People watch more Fox News if it appears earlier in the guide
Argue that channel lineup was determined by idiosyncratic factors
during rollout of cable news in the 1990s 53



Martin and Yurukoglu’s 2SLS Specification

First stage:
Di = πZi + γγγ

′Xi +ui

where Di is average minutes of Fox News watched per week in Zip code i ,
Xi is a vector of control variables including state or county FEs, the
position of MSNBC, and some demographic variables (income, age, race,
etc)

Second stage:
Yi = β D̂i + γγγ

′Xi + εi

where Yi is Republican vote share in the 2008 election and D̂i is the
prediction from the first-stage
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Evaluating the assumptions

Independence: Need that Fox News position is as good as random
(conditional on observable characteristics). This is the most tenuous:
seems plausible, but worry that Fox News might be put earlier in
places with higher demand

Exclusion: Need that Fox News position impacts voting only through
Fox News viewership. Seems relatively plausible

Relevance: Need that cable position impacts Fox News viewership.
We’ll see that it does

Monotonicity: Need that being in a lower cable position only
increases viewership. Seems plausible, although could be violated if
being later increases proximity to other popular channels
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First Stage

Being lower in the line-up predicts lower Fox News viewership. A 1SD
improvement in lineup position corresponds to roughly 2.5 minutes per
week more viewership 56



Some evidence on independence

Fox News position is not significantly related to vote share in 1996
(before cable news), and to most (but not all) demographic
characteristics
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Validation using satellite viewers

Fox News position predicts viewership only on cable and not on
satellite TV (which has different lineup)
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2SLS results

A 1SD improvement in channel position increases viewership by about 2.5
minutes/wk, which is estimated to move vote share by 0.3 percentage pts
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Inference for 2SLS

How do we get standard errors for two-stage least squares estimates?

We just showed that two-stage least squares is equivalent to running
OLS with the regressor D̂ from the first-stage?

You might be tempted to just run this second stage regression and use
the OLS standard errors. But this will not give you the correct
answer because it won’t account for estimation error in D̂

Luckily, it is easy to get correct 2SLS standard errors from Stata or
other software packages

ivreg y (d=z) x, r in Stata estimates 2SLS for treatment d with
instrument z and controls x

Where do these standard errors come from?
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Normality of reduced form and first stage

Remember that with a single instrument, β̂IV = γ̂1/π̂1, where γ̂1, π̂1
are OLS estimates of

Yi = γ0 +Ziγ1 + εi

Di = π0 +Ziπ1 +ui

We’ve shown that OLS estimates are asymptotically normally
distributed (and these convergences hold jointly), so we will have

√
N
((

γ̂1
π̂1

)
−
(

γ1
π1

))
→d N(0,Σ)

Can we learn from this the asymptotic distribution of γ̂1/π̂1?
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Delta method
Let g(γ̂1, π̂1) = γ̂1/π̂1. For (γ̂1, π̂1)≈ (γ1,π1) a first-order Taylor
expansion tells us that

g(γ̂1, π̂1)≈ g(γ1,π1) + ∇g(γ1,π1)(γ̂1− γ1, π̂1−π1)′

where ∇g(γ1,π1) is the gradient of g evaluated at (γ1,π1).

This implies that

√
N

 γ̂1
π̂1︸︷︷︸

g(γ̂1,π̂1)

− γ1
π1︸︷︷︸

g(γ1,π1)

≈ ∇g(γ1,π1)
√
N
((

γ̂1
π̂1

)
−
(

γ1
π1

))

By the continuous mapping theorem, this converges in distribution to
N(0,∇g(γ1,π1)Σ∇g(γ1,π1)′).

We can estimate the variance with sample analogs (e.g. ∇g(γ̂1, π̂1))).
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Weak identification

Note that β̂IV = γ̂1/π̂1 is only well-defined for π̂1 6= 0.

As π̂1→ 0, |β̂IV | → ∞, so the IV estimator will be poorly behaved if
π̂1 ≈ 0.

This wasn’t a problem in our asymptotics because we assumed π1 6= 0
(relevance), and as N gets large, π̂1→p π1, so asymptotically π̂1 is
near-zero with probability approaching zero.

But in practice, π̂1 may sometimes be close to zero (relative to its
standard error).

In this case, the normal distribution above may provide a poor
approximation to the distribution of β̂IV . This is a problem known as
weak identification.
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Weak Instruments - Monte Carlo

Monte Carlo Simulation: No True Treatment Effect
Yi (d) = η + ν ; Di = π1Zi + η ; η ,ν ,Zi ∼ N(0,1)
Consider first a strong first-stage: π1 = 1 → π1

SD(π1)
≈ 22
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Weak Instruments - Monte Carlo

Monte Carlo Simulation: No True Treatment Effect
Yi (d) = η + ν ; Di = π1Zi + η ; η ,ν ,Zi ∼ N(0,1)
Consider next a medium first-stage: π1 = 0.25 → π1

SD(π1)
≈ 7
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Weak Instruments - Monte Carlo

Monte Carlo Simulation: No True Treatment Effect
Yi (d) = η + ν ; Di = π1Zi + η ; η ,ν ,Zi ∼ N(0,1)
Consider next a very weak first-stage: π1 = 0.01 → π1

SD(π1)
≈ 0.3
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Weak IV with multiple instruments
A conceptually related problem arises when we have many instruments

Canonical example / cautionary tale: Angrist and Krueger (1991)
interact the quarter-of-birth instruments with year and state of birth

This decreased their SEs: better in-sample prediction of Di

Bound et al. (1995) famously show they get the same 2SLS estimates
from randomly generated instruments

Intuition: when we have many instruments in the first-stage, we will
“overfit” Di .

Imagine the extreme case, where every observation gets its own
instrument (i.e. interact quarter-of-birth with individual)
First-stage fit will be perfect: D̂i = π̂ππ

′
1Zi = Di . So 2SLS = OLS

numerically
Thus the weak instrument problem arises from “overfitting” in the
first stage
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Testing for weak IV

A typical rule of thumb is to worry about weak instruments if the
F -statistic on the instruments in the first stage is < 10

That is, run the first-stage regression

Di = π0 + Z ′i πππ1 + X ′i πππ2 +ui

and construct the F -statistic for the null H0 : πππ1 = 0.

With one instrument, the F -statistic is just the t-statistic on the
instrument squared, so F > 10 corresponds with |t|> 3.2.
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Here, the instruments are D and highnumregion_D (confusing labels -
sorry!). First-stage F is 5.53
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We can get the same F -stat directly from the ivreg2 command
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What do about weak instruments?

There are some ways to reducing over-fitting in the first-stage by
splitting the sample (split sample or jacknife IV)

There are alo some better ways to get confidence intervals when you
have weak instruments

Most common is what are called Anderson-Rubin confidence sets (we
won’t have time to cover)

Can also try to increase the strength of the instrument by:
Getting a larger sample

Adding control variables that correlate with D (but not strongly with Z )

Thinking of a new instrument ;-)
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