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Policy evaluation with quasi-experiments

In a quasi-experiment or natural experiment there is a source of

randomization that is �as if� randomly assigned, but this variation was

not the result of an explicit randomized treatment and control design.

We distinguish two types of quasi experiments:

A case in which treatment (D) is �as if� randomly assigned (perhaps

conditional on some control variables X ).

A case in which a variable (Z ) that in�uences treatment (D) is �as if�

randomly assigned (perhaps conditional on X ), then Z can be used as

an instrumental variable for D in an IV regression that includes the

control variables X .

- The article by Angrist is an example of this case.
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Motivation

Lifetime Earnings and the Vietnam Era Draft Lottery: Evidence from Social

Security Administrative Records, Angrist, AER(1990)

Did military service in Vietnam have a negative e�ect on earnings?

A negative relationship between earnings and veteran status does not

imply that veteran status causes lower earnings.

Simple comparisons of earnings by veteran status give a biased

measure of the e�ect of treatment on the treated (unless veteran

status is independent of potential earnings).

Comparisons of earnings controlling for observed characteristics make

sense if veteran status is independent of potential earnings after these

observed variables are taken into account.
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OLS estimation

E�ect of veteran status on earnings

Let y represent earnings, Di denote Vietnam-era veteran status, and Xi a

set of controls:

Consider estimating the following conditional expectation by OLS

E [Yi |Di ,Xi ] = β0+αDi +∑
k

γkXki

There is probably some unobserved di�erence that made some men

choose the military and others not, and this di�erence could be

correlated with earning potential.

If Di is correlated with unobserved variables that belong to the

equation, OLS estimates are inconsistent.

A possible solution is to �nd a valid instrumental variable.
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An IV for veteran status

An instrument for veteran status

Concerns about the fairness of the U.S. conscription policy led to the

institution of a draft lottery in 1970.

This lottery was conducted annually during 1970-1972. It assigned

random numbers (from 1 to 365) to dates of birth in cohorts of

19-year-olds. Men with the lottery numbers below a cuto� were called

to serve (the cuto� was determined every year by the Department of

Defense).

Veteran status was not completely determined by randomized draft

eligibility: some volunteered, while others avoided enrollment due to

health conditions or other reasons. So, draft eligibility is simply

correlated with Vietnam-era veteran status.
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An IV for veteran status

Draft eligibility as an instrument 1/2

Let Zi indicate draft eligibility (takes the value one if i got a number

below the cuto�).

In order to identify the causal e�ect of Di on earnings it is crucial that

the only reason for E (Yi |Zi ) to change when Zi changes is the

variation in E (Di |Zi ). Draft eligibility a�ects earnings only through its

e�ect on veteran status.

A simple check on this is to look for an association between Zi and

personal characteristics that should not be a�ected by Di , for example

race or sex. Another check is to look for an association between Zi and

Yi for samples in which there is no relationship between Di and Zi .
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An IV for veteran status

Draft eligibility as an instrument 2/2

Angrist looks for instance at 1969 earnings, since 1969 earnings

predate the 1970 draft lottery. He �nds no e�ect of the draft eligibility

(row 69 in Table 1).

With the same goal, he also looks at the cohort of men born in 1953.

Although there was a lottery drawing that assigned a random number

to the 1953 birth cohort in 1972, no one from that cohort was actually

drafted. So Z and D are unrelated for this cohort. Angrist �nds no

signi�cant relationship between earnings and draft eligibility status for

men born in 1953 (using the 1972 cuto�).

These results support the claim that the only reason for draft eligibility

to a�ect earnings is through its impact on veteran status.
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An IV for veteran status

Di�erences in Earnings by Draft Eligibility - Regressions
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An IV for veteran status

Di�erences in Earnings by Draft Eligibility - A Graph
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Results

Wald Estimator 1/2

In a simple model with only D as a control: Yi = β0+αDi + εi ,

With Z a valid IV we can write α = Cov(Yi ,Zi )/Cov(Di ,Zi )

If Z is a dummy variable taking the value one with probability p, for

any W we can write:

Cov(Wi ,Zi ) = E [WiZi ]−E [Wi ]E [Zi ]

= {E [Wi |Zi = 1]−E [Wi |Zi = 0]}p ∗ (1−p)

Then:

α = Cov(Yi ,Zi )
Cov(Di ,Zi )

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

Wald Estimator 2/2

If D is also a dummy, for instance representing the treatment group:

E [Di |Zi = 1] is the probability of D = 1 when Z = 1, or the proportion
of treated among those with Z = 1

E [Di |Zi = 0] is the probability of D = 1 when Z = 0, or the proportion
of treated among those with Z = 0

The denominator captures the impact of the instrument on the
probability of receiving treatment.

The sample analogue of α is known as the Wald estimator.

The Wald Estimator (conditioning on X ):

α̂W (X ) = Y (X ,Z=1)−Y (X ,Z=0)

PD=1(X ,Z=1)−PD=1(X ,Z=0)
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Results

Wald Estimator in this case

Numerator:

◦ Y (X ,Z = 1): average earnings for drafted individuals

◦ Y (X ,Z = 0): average earnings for non-drafted individuals

◦ Interpret the coe�cients in Yi = β0+β1Zi +ui

Denominator:

◦ PD=1(X ,Z = 1): participation rate among those drafted: the

proportion of veterans (D = 1) among those drafted (Z = 1)

◦ PD=1(X ,Z = 0): participation rate among those not drafted: the

proportion of veterans (D = 1) among those not drafted (Z = 0)

◦ Interpret the coe�cients in Di = δ0+δ1Zi +ui
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Results

Results

Table taken from Angrist and Pischke, Mostly Harmless Econometrics.

For men born in 1950, there are signi�cant negative e�ects of eligibility
status on earnings in 1970, when these men were beginning their military
service and in 1981, ten years later.

In contrast, there is no evidence of an association between eligibility status
and earnings in 1969, the year the lottery drawing for men born in 1950 was
held but before anyone born in 1950 was actually drafted.

Since eligibility status was randomly assigned, estimates in column (2)
represent the e�ect of draft eligibility on earnings.
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Results

Wald Estimator

To go from draft-eligibility e�ects to veteran-status e�ects we need

the denominator of the Wald estimator, which is the e�ect of

draft-eligibility on the probability of serving in the military:

PD=1(X ,Z = 1)−PD=1(X ,Z = 0).

This information is reported in column (4): draft-eligible men were

0.16 more likely to have served in the Vietnam era.

For earnings in 1981, long after most Vietnam-era servicemen were

discharged from the military, the Wald estimate of the e�ect of

military service is about 17 percent of the mean.

E�ects were even larger in percentage terms in 1970, when a�ected

soldiers were still in the army.
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Sources of Endogeneity

Sources of Endogeneity
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Sources of Endogeneity

Sources of Endogeneity: Motivation

Until now, we have justi�ed endogeneity of the controls as a problem

of omitted variables

Today, we are going to study two alternative sources of endogeneity:

errors in variables
simultaneity
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Sources of Endogeneity Errors in variables

Errors in variables
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Sources of Endogeneity Errors in variables

Measurement error in dependent variable

Suppose that the true model is Y ∗ = β0+β1X +u∗

Instead of Y ∗, we observe Y = Y ∗+ e so that

Y = β0+β1X +(u∗+ e)

If E(e) 6= 0, the OLS estimate of β0 would be inconsistent

If cov(x ,e) 6= 0, the OLS estimate of β1 would be inconsistent
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Sources of Endogeneity Errors in variables

Measurement error in control

Suppose that the true model is

Y = β0+β1X
∗+u∗

Instead of X ∗, we observe X = X ∗+ e with E(e) = 0 so that

Y = β0+β1X +(u∗−β1e)
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Sources of Endogeneity Errors in variables

When e is uncorrelated with X and with u∗

Assume that measurement error is uncorrelated with the observed control

and the structural error term:

cov(X ,e) = 0 and cov(e,u∗) = 0

⇒ cov(X ,u) = cov(X ,u∗−β1e) = cov(X ,u∗)−β1cov(X ,e) = 0

OLS is consistent

The estimates will have larger standard deviations:

Var(u) = Var(u∗)+β 2
1Var(e)
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Sources of Endogeneity Errors in variables

When e is uncorrelated with X ∗ and with u∗

If, more realistically, the measurement error is uncorrelated with the true

control and the structural error term:

cov(X ,e) = 0 and cov(e,u∗) = 0

⇒ cov(X ,u) = cov(X ∗+ e,u∗−β1e) =−β1Var(e) 6= 0

OLS is inconsistent: plim β̂OLS = β

(
1− Var(e)

Var(x)

)
< β (attenuation

bias)

With several controls, all their estimators will be inconsistent

(although the direction of the bias for the other controls is not clear)
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Sources of Endogeneity Errors in variables

Example: Savings equations

Suppose that you want to estimate the marginal propensity to save

Savings equation: sav = β0+β inc∗+u

Observed income: inc = inc∗+ e

Really estimating: sav = β0+β inc+(u−βe)
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Sources of Endogeneity Errors in variables

Savings and instruments

If measurement error is uncorrelated with true income,

cov(inc,e) = Var(e) 6= 0 ⇒ cov(inc,u−βe) =−βvar(e)

OLS inconsistent: plim β̂OLS = β

(
1− Var(e)

Var(inc)

)
< β (attenuation

bias)

We can use IV: we need a variable

correlated with true income (relevance)
uncorrelated with the measurement error in observed income

Any second measure of the income (from the �rm, a spouse,...) would

be a good instrument

Alternative, another proxy of the income, such as house size...
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Sources of Endogeneity Simultaneity: Estimating a demand function

Simultaneity: Estimating a demand function
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Sources of Endogeneity Simultaneity: Estimating a demand function

A supply and demand system of equations

Supply function: qs = γ0+β sp+ γx s +us

Demand function: qd = α0+β dp+αxd +ud

qs is quantity supplied, qd is demand, and p is the price

x s is an exogenous factor that is observed by the econometrician and

a�ects only the supply

xd is an observed exogenous factor that a�ects only the demand

us are the e�ects of unobservable factors that a�ect the supply curve

ud are the e�ects of unobservable factors that a�ect the demand curve
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Sources of Endogeneity Simultaneity: Estimating a demand function

Equilibrium prices

At equilibrium, qs = qd = q

qs = qd ⇒ γ0+β sp+ γx s +us = α0+β dp+αxd +ud

Hence, at equilibrium,

p =
(

1
β s−βd

)[
(α0− γ0)+

(
αxd − γx s

)
+
(
ud −us

)]
At equilibrium, prices depend on demand shifters (xd and ud) and

supply shifters (x s and us)
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Sources of Endogeneity Simultaneity: Estimating a demand function

Simultaneity

Observed prices and quantities are simultaneously determined

Both depend on demand shifters (xd and ud) and supply shifters (x s

and us)

if we regress q on p and x s by OLS, β̂ s is inconsistent because

cov(p,us) 6= 0

if we regress q on p and xd by OLS, β̂ d is inconsistent because

cov
(
p,ud

)
6= 0
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Sources of Endogeneity Simultaneity: Estimating a demand function

A graphical interpretation
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direct observations don't reveal the negative relation between demand and price
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Sources of Endogeneity Simultaneity: Estimating a demand function

Instruments for the demand equation

We want to estimate the demand equation: q = α0+β dp+αxd +ud

At equilibrium, p = f
(
xd ,x s ,ud ,us

)
An instrument is any variable that, independently of the other

controls, is correlated with p (relevance) and is not correlated with ud

xd are already controls in the demand equation, so they cannot be

instruments

x s are potentially good instruments:

cov(x s ,p) 6= 0 (relevance) (because p is a function of x s)
cov

(
x s ,ud

)
= 0 (exogeneity) (otherwise x s is not really exogenous)
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Summary

Summary

If one regressor is measured with error, then it may be endogenous. If

we have additional variables which act as proxies for the regressor, we

could implement 2SLS

When two variables are simultaneously determined, then they are both

endogenous

If we want to estimate a demand equation, we need 2SLS and supply

shifters
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