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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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Results

Regression Discontinuity: Introduction

Another approach used in quasi-experiments is called regression

discontinuity (RD).

RD is useful in a case in which:

- there is a continuous variable W that a�ects Y .

- treatment (D) is a discontinuous function of W . In particular,

treatment participation depends on W crossing a threshold w0.

Note that W is not a valid instrument because it does not satisfy the

exogeneity assumption.

RD exploits the fact that there is discontinuity in the relation between

D and W but continuity in the relation between Y and W .

Intuitively, considering units within a small interval around the

threshold is similar to having a randomized experiment at that point.
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Results

Example: The e�ect of summer schools on grades

Matsudaira in the Journal of Econometrics (2008) exploits a policy

that requires all students in grade levels three and above to attend a

summer school program if their �nal grades were below some

threshold.

One way to estimate the e�ect of these courses on the following year

GPA is to compare students just below the threshold (therefore

attending summer school) with students just above the threshold

(students that avoided the summer courses by very little).

As long as the threshold is not used to decide other outcomes it seems

reasonable to think that any jump in the outcome around that

threshold is due to attending summer courses.
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Results

Matsudaira strategy: some quotes

�...the observed characteristics of students in the neighborhood of the

critical pass-fail cuto� scores are nearly identical. This supports the

claim that the subsequent di�erences in mean outcomes of students

just below and just above the critical scores are attributable to the

causal impact of summer school.�

the identi�cation strategy ... �is to compare the achievement outcome

scores of students just failing the baseline test to those just passing.

Under the assumption that all student characteristics a�ecting

achievement vary smoothly with baseline test scores, the di�erence in

outcome scores at the pass-fail cuto� can be used to identify the

causal impact of summer school on achievement.�
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Results

Idea of regression discontinuity

The idea of regression discontinuity (RD) is then to estimate the

treatment e�ect by comparing individuals with W just below a

threshold w0 (they will be considered treated) to those individuals with

W just above w0 (untreated).

If the direct e�ect of W on the outcome Y is continuous, the

treatment e�ect should show up as a jump in Y around w0. The

magnitude of this jump estimates the treatment e�ect.

Key assumption: individuals right above and below w0 are comparable.

Random variation puts someone above w0 and someone below,

generating di�erences in treatment. Then, any di�erence in Y right at

w0 is due to the treatment.
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Results

Types of RD

Two types of RD designs:

In sharp RD design, everyone above (or below) the threshold w0 gets

treatment.

In fuzzy RD design, crossing the threshold w0 in�uences the

probability of treatment, but it is not the only determinant.
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Results

Sharp RD 1/2

Sharp RD is when treatment (Di ) is a deterministic and discontinuous

function of an observable variable W . For instance:

Di =

{
1 if Wi < w0

0 if Wi ≥ w0,

where w0 is a known threshold or cuto� value.

For instance, all students with W < w0 have to attend summer

courses and none of the students with W ≥ w0 attend those courses.

In this case the jump in Y at w0 is the average e�ect of the treatment

on people at the threshold. It could be a good proxy for the e�ect on

other individuals.
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Results

Sharp RD 2/2

If the regression model is linear in W , except for the jump due to the

treatment, the treatment e�ect β1 can be estimated by OLS:

Yi = β0+β1Di +β2Wi +ui

If crossing the threshold a�ects Yi only through Di , then OLS

estimators are consistent.

In a sharp RD design Di is a deterministic function of Wi . The causal

e�ect of Di is captured by controlling for the relationship between W

and Y (represented by Wi ).

It is possible, and common, to include f (Wi ) instead of just Wi in the

regression, where f (Wi ) is continuous in the neighborhood of w0. The

job of f (Wi ) is to capture as good as possible the relationship

between W and Y .
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Results

Sharp RD - a graph for a linear case

All individuals with W below w0 are treated, the treatment e�ect is

the jump or �discontinuity�

From Stock and Watson, chapter 13.
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Results

OLS in summer schools example

Consider the following model: Yi = β0+β1Di + εi ,

where Di is a dummy for attending summer school.

The problem for using OLS to estimate the e�ect of Di is that

attendance is endogenous.

The author shows that those attending summer school have lower

prior achievement levels, are more likely to be black or hispanic, to

qualify for free lunch, and to live in poorer neighborhoods. There may

be also unobserved di�erences between students attending and not

attending summer school.

Therefore we can probably expect a negative bias on estimates of the

e�ect of attending summer school if we just compare the two groups.
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Results

Solution with sharp RD 1/2

If all students getting a score below the cuto� actually attend summer

school with probability one we would have a case of sharp RD.

In that case it can be shown that the e�ect of summer school on the

following year GPA is identi�ed by the di�erence in grades for students

just below and just above the cuto�. This is because students barely

below the cuto� should be on average similar in all the relevant factors

to those students who scored barely above the cuto�.

The assumption needed is that the conditional expectations of all

characteristics a�ecting test scores are continuous at the cuto� score.
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Results

Solution with sharp RD 2/2

If students getting a score below 0 attend summer school we should

see a jump in summer school attendance at W = 0.

And if summer school has an e�ect on Yi , we should see a jump at

W = 0 also for Y .

Then, we can estimate the e�ect of attending summer school using an

equation like this:

Yi = β0+β1Di + f (Wi )+ui ,

where f (Wi ) is a smooth function, for instance a pth-order polynomial.
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Results

Fuzzy RD

In the case of the design called fuzzy RD, crossing the threshold

a�ects the probability of being treated.

For instance, students with a grade below the cuto� are more likely to

attend summer school, but for other reasons they may be exempted.

Or students with a grade above the cuto� are less likely to attend but

for other reasons they may be asked to attend. This is the case if the

rules determining summer school attendance are more complex and do

not depend only on previous grades.

Therefore, crossing the threshold does not force individuals into

treatment, other factors are also considered to determine treatment.
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Results

Solution with Fuzzy RD

De�ning a dummy variable for crossing the threshold:

Zi =

{
1 if Wi < w0

0 if Wi ≥ w0,

Zi is a relevant instrument for Di since crossing the threshold a�ects

treatment: C (Zi ,Di ) 6= 0.

If crossing the threshold has no direct e�ect on Yi , and only a�ects Yi

by in�uencing the probability of treatment, then Zi is an exogenous

instrument for Di .

The fuzzy RD approach implies estimating the baseline equation

Yi = β0+β1Di +β2Wi +ui ,

using Zi as an instrument for Di .
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Results

Matsudaira (2008) example

Since the rules for attending summer schools depend also on other

factors besides �nal grade, the author uses a fuzzy RD design.

Let Wi represent student i's score on the spring math exam in 2001.

Then:

Mi =

{
1 if Wi < 0

0 if Wi ≥ 0,

Mi indicates that the student is mandated to attend summer school

(the cuto� point is normalized to zero).

He uses Mi (the variable for being below the cuto� point) as an

instrument for summer school attendance (Di ) and a cubic polynomial

for W .
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Results

Discussion

Appealing approach:

Assignment rules with cuto� structure exist in many programs and we
take advantage of those rules.
Very intuitive: easy to communicate the results.

Potential problems:

The need of very detailed data to have enough observations around the
cuto� point.
The same cuto� may be used for other programs.
Manipulation of the threshold: agents try to choose the assignment
variable to be just above or just below the threshold depending on their
willingness to be treated or not.
Extrapolation to the full population requires more assumptions.
Sensitivity to functional form: the relationship between the assignment
variable and the outcome variable needs to be correctly captured.
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