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What did we do last time?

Problems with the CIA

Bad controls:X that are themselves caused by D

Example: Effect of college (Ci = 1) among white collar workers
(Wi = 1)

Assume that Ci is randomly assigned

{Y0i,Y1i,W0i,W1i} ⊥⊥ Ci
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What did we do last time?

Can we estimate: E[Y1i − Y0i|W1i = 1]?

We can only observe:

E[Yi|Wi = 1,Ci = 1] − E[Yi|Wi = 1,Ci = 0]

3/ 39 Applied Microeconometrics I



What did we do last time?

E[Yi|Wi = 1,Ci = 1] − E[Yi|Wi = 1,Ci = 0]
= E[Y1i|W1i = 1,Ci = 1] − E[Y0i|W0i = 1,Ci = 0]
= E[Y1i|W1i = 1] − E[Y0i|W0i = 1]
= E[Y1i|W1i = 1] − E[Y0i|W1i = 1]

+E[Y0i|W1i = 1] − E[Y0i|W0i = 1]
= E[Y1i − Y0i|W1i = 1]︸                    ︷︷                    ︸

Causal effect

+ E[Y0i|W1i = 1] − E[Y0i|W0i = 1]︸                                    ︷︷                                    ︸
Selection bias
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What did we do last time?

Measurement error in the independent variable

Yi = µ + τXi + vi

X̃i = Xi + ei

We assume that Cov(X, e) = 0 which implies that
Cov(X̃, e) = Var(e)
Running

Yi = µ + τX̃ − τei = vi

yields

τ̂OLS =
Cov(X̃,Y)

Var(X̃)

= τ

(
Var(X)

Var(X) + Var(e)

)
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What did we do last time?

How do controls potentially reduce bias?

Yi = βsS i + es
i

Yi = βS i + γXi + ei

Xi = ρS i + ui

Then βs − β = γρ. So if βs ' β, we can conclude that γ = 0 or
that ρ = 0
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What did we do last time?

What if we have to use proxy control X̃i = Xi + ui with
Cov(X, u) = 0 and Cov(X, S ) = Cov(X̃, S )?

Running
Y = βmS i + γX̃i + em

i

yields

γ̂m = Λγ

β̂m = β + γρ(1 − Λ)

where Λ =
Var(S )Var(X)−Cov(S ,X)2

[Var(X)+Var(u)]Var(S )−Cov(S ,X)2 < 1
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What did we do last time?

So we have that βm − βs = Λγρ < γρ = β − βs

It may seem that βm ' βs even though β − βs , 0

But we can always run:

X̃i = ρS i + ui + vi

which yields an unbiased estimate of ρ

8/ 39 Applied Microeconometrics I



Motivation

Arriving at causal estimates by simply controlling for
observables is challenging if not impossible

Our data are unlikely to be rich enough to allow for credible
ceteris paribus claims

Instrumental variables are an often used strategy to arrive at
causal inference when controlling for observables is not enough

Idea: Look for variables (instruments) that generate partial or
incomplete random assignment to our treatment of interest
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Instrumental variables: Basics

Suppose we are interested in the effect of D on Y
We are unlucky because:

There is no RCT where D would be assigned randomly
We are unable to control for all the factors that are correlated with
D and have an effect on Y

Instrument Z is a variable that (incompletely) plays the part of
the RCT in this kind of situation

10/ 39 Applied Microeconometrics I



Instrumental variables: Basics

For Z to work as an instrument it has to fulfill the following
conditions

i. "First stage": Z has a causal effect on D
ii. "Independence": Z is as good as randomly assigned
iii. "Exclusion restriction": Z has an effect on Y only through D

"Chain reaction" from Z to Y

Z is assigned as good as random and has an effect on D without
having a direct effect on Y
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Instrumental variables: Basics

Think of the following examples. Do they work as an
instrument?

Draft lottery as an instrument for military service: Yes
Twin births as an instrument for family size: Probably
Parental education as an instrument for child’s education: No

Best instruments are like randomized trials that allocate the
variable of interest across units
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Instrumental variables: Interpretation
Reference: Angrist et al, 1996

Consider a case where both Z and D take values 0 and 1

First stage: Z assigns some individuals to treatment D

φ = E[Di|Zi = 1] − E[Di|Zi = 0]

Reduced form: We can estimate the causal effect of Z on Y:

ρ = E[Yi|Zi = 1] − E[Yi|Zi = 0]

With the first stage and the reduced form we can calculate the
Local Average Treatment Effect (LATE)

λ =
ρ
φ =

E[Yi |Zi=1]−E[Yi |Zi=0]
E[Di |Zi=1]−E[Di |Zi=0]

LATE is the causal effect that instrumental variables identify

13/ 39 Applied Microeconometrics I

https://www.jstor.org/stable/pdf/2291629.pdf


Instrumental variables:Interpretation

How to interpret LATE?

Think about instrumental variables as RCT’s with incomplete
compliance
Zi = 1 is a randomly allocated assignment to treatment Di = 1
However, we cannot fully control that:

That all those with Zi = 1 actually get the treatment Di = 1
That none of those with Zi = 0 gets the treatment Di = 1

That is, we cannot rule out the existence of never-takers and
always-takers
Use the notation of counterfactual treatment outcomes

We have

D1i = D0i = 0 for never-takers, and

D1i = D0i = 1 for always-takers
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Potential treatments
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Instrumental variables: Interpretation

However, suppose we can rule out the existence of those who do
not take the treatment when assigned and take the treatment
when not assigned:

D1i = 0 and D0i = 1

These people are called defiers and the assumption that rules
them out is referred to as monotonicity
Those who only take the treatment when assigned are called
compliers

D1i = 1 and D0i = 0
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Instrumental variables: Interpretation

The effects of treatment may vary across these groups:
compliers, always-takers, never-takers, defiers
In this setting there are two potential assignments [Zi = 1,Zi = 0]

Four treatment-assignment combinations
[Di(0) = 0,Di(0) = 1,Di(1) = 0,Di(1) = 1]

Four potential outcome-treatment combinations
[Yi(0, 0),Yi(1, 0),Yi(0, 1),Yi(1, 1)]
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The Four Groups
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Instrumental variables: Interpretation

Combining all the assumptions more formally:
1 Independence: {Yi(D1i, 1),Yi(D0i, 0),D1i,Di0} y Zi
2 Exclusion: Yi(d, 0) = Yi(d, 1) ≡ Ydi for d = 0, 1
3 First stage: E[D1i − D0i] , 0
4 Monotonicity: D1i ≥ D0i∀i or vice versa

Which of these assumptions can we test? (3) Yes, (1) sort of, (2)
and (4) No

Under these assumptions IV estimates:

E[Yi(1) − Yi(0)|D1i > Di0] =
E[Yi |Zi=1]−E[Yi |Zi=0]
E[Di |Zi=1]−E[Di |Zi=0]

This is the effect of the treatment on those who only take the
treatment because they were assigned to it by Zi (Compliers)
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Instrumental variables: Interpretation

Why might LATE differ from the average treatment effect on the
treated?
Never-takers, always-takers, and compliers probably have a
reason to behave as they do

Never-takers don’t want the treatment under any circumstances
Always-takers want it no matter what
The compliers only take it if our instrument tells them to

Potential outcomes, and hence the treatment effects, may differ
across these groups

Instrumental variables only give us the treatment effect for
compliers

Whether that is interesting or not depends on the application
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Example
Who benefits from KIPP?
Angrist et al (2012)

Controversial (in the US) topic: Charter schools

Is attending charter schools good for student achievement?

Kids attending charter schools are a selected group

Student achievement is affected by a myriad of factors that may
also affect the probability of attending a charter

In Massachusetts entry to over-subscribed charter schools is
decided by lottery
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Example
Who benefits from KIPP?
Angrist et al (2012)

Angrist at al obtain data on the applicants who participated in a
lottery to gain entry to a KIPP Charter School in Lynn, MA

They use winning the entry lottery (=gaining entry) as an
instrument for attending KIPP
Think about the following questions

1 Is winning the entry lottery as good as randomly assigned?
2 Does winning the entry lottery have a direct effect on student

achievement?
3 Does winning the entry lottery have an effect on attending KIPP?
4 Are there likely to be defiers?
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Example
Who benefits from KIPP? Observable characteristics
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Example
Who benefits from KIPP? Lotteries
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Example
Who benefits from KIPP?

Unsurprisingly, things work beautifully

Observable characteristics are balanced across lottery winners
and losers

We wouldn’t expect winning a lottery to have any direct effects
on achievement

303 children (=0.679*446) were offered a slot as a result of the
lottery

However only 221 (73%) of winners actually attend and
somehow 5 (3.5%) losers also attend
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Example
Who benefits from KIPP?

So things are nearly perfect but not quite because not all winners
actually attend

Lottery is not a controlled RCT but an RCT with imperfect
compliance, ie an instrument

First stage: We see a clear effect of winning a lottery on attending

Reduced form: Compare outcomes of losers and winners

LATE: Divide the reduced form with the first stage

Angrist et al are interested in the effects on test scores in
standard deviation units
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Example
Who benefits from KIPP? Effects on test cscores
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Example
Who benefits from KIPP?

The first stage implies that attendance increase by 1.2 years
(perfect compliance would imply 1.75)

Winners score about 0.4 sd’s higher than losers in math

The LATE is 0.35 sd’s

This result is robust to including controls
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When is LATE same as the effect on the treated?

There is an important special case when instrumental variables
actually give the treatment on the treated

If there are no always takers so that E[Di|Zi = 0] = 0

Then:

E[Yi(1) − Yi(0)|D1i > Doi] =
E[Yi |Zi=1]−E[Yi |Zi=0]

E[Di |Zi=1]

In these cases IV estimates the effect on the treated population
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Example
Instruments and criminology
Angrist (2006)

Angrist (2006) revisits a famous RCT on the treatment of
domestic disturbance by the police force in Minneapolis

RCT tried to address the question whether the officer should
arrest the offender or "coddle" (=advise/separate)

Upon arriving at the scene the officers were supposed to
randomize by drawing a card with a coded color for each
treatment

The goal of the RCT was to find out how coddling affects
recidivism
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Example
Instruments and criminology: Assigned and delivered treatments
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Example
Instruments and criminology

We see that when told to coddle 80% ( (84+5)+(5+83)
108+114 ) actually

coddled

However, when not told to arrest only 1% ( 1
92 ) coddled

Hence, there practically are no always-takers in this experiment
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Example
Instruments and criminology: First stage and reduced form
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Example
Instruments and criminology

We see that being told to coddle lead to 78.6 percentage point
increase in coddling

We are interested in the effect of coddling on re-arrest rates

The reduced form effect is 11.4 percentage points
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Example
Instruments and criminology: OLS and IV
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Example
Instruments and criminology

We see that if we would only compare coddles and arrests the
effect would be 8.7 percentage points

The reduced form effect is 11.4 percentage points

LATE estimate is 14.5 percentage points (which is what we get if
divide the reduced form with the first stage)

Why do these estimates differ even though this was an RCT?

Police officers didn’t comply with the coddle assignment if they
thought that an arrest was necessary

Because this non-compliance is in practice one sided there are no
always-takers

Therefore all the treated are compliers
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What did we do last time?

Instrumental variables: Randmly assigned Z affects D which in
turn may affect Y without Z directly affecting Y
Needs to fulfill:

1 First stage: Z affects D
2 Independence: Z is as good as randomly assigned
3 Exclusion restriction: Z has an effect on Y only through D

RCT with incomplete compliance

Assignment to treatment: Zi = {0, 1}

Counterfactual treatments {D0i,D1i}

Incomplete compliance: D0i = {0, 1} ; D1i = {0, 1}

37/ 39 Applied Microeconometrics I



What did we do last time?

Four groups:
1 Never takers: D0i = D1i = 0
2 Always takers: D0i = D1i = 1
3 Defiers: D0i = 1,D1i = 0
4 Compliers: D0i = 0,D1i = 1

Instrumental variable estimates the effect on compliers
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What did we do last time?

More formally
1 Independence: {Yi(D1i, 1),Yi(D0i, 0),D1i,Di0} y Zi
2 Exclusion: Yi(d, 0) = Yi(d, 1) ≡ Ydi for d = 0, 1
3 First stage: E[D1i − D0i] , 0
4 Monotonicity: D1i ≥ D0i∀i or vice versa

Under these assumptions IV estimates:

E[Yi(1) − Yi(0)|D1i > Di0] =
E[Yi |Zi=1]−E[Yi |Zi=0]
E[Di |Zi=1]−E[Di |Zi=0]
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