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Short recap of the course
Example: Returns to schooling

We will now shortly go over the methods that have been covered
in this course

We do this with a help of an example: Returns to schooling

Whether education really increases earnings is one of the classic
questions in economics

Subject on intensive study since Jacob Mincer’s work in the
1960’s

Methods used: DD, IV, RDD
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Short recap of the course
Example: Returns to schooling

Early work on returns to schooling relied on identification based
on observables

Typical regression would look like this

log Yi = α+ ρSi + β1Xi + β2X
2
i + εi

where log Yi is the logarithm of annual earnings, Si is years of
education, and X is potential work experience

How credible is the CIA assumption here?
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Short recap of the course
Example: Returns to schooling

Which factors are we omitting, when trying to estimate returns to
schooling relying on identification based on observables?

Denote "ability" with Ai

Suppose that real regression of Yi on Si looks like this (we
ignore experience X for convenience):

log Yi = α+ ρSi + γAi + εi
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Short recap of the course
Example: Returns to schooling

If Ai is not observable and is omitted from the regression, our
estimates are biased:

ρ̂ = ρ+ γ
Cov(S,A)

V ar(S)

γCov(S,A)
V ar(S) is the "ability bias"

What is the likely sign of this bias?
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Short recap of the course
Example: Returns to schooling

Many early studies tried to control for ability with proxies such
as measures of IQ

Think of this strategy in terms of potential outcomes

Suppose that Di = 1 if individual has graduated from university

Then the observed earnings difference between university
graduates and non-graduates conditional on IQ can be written as:

E[Yi|Di = 1, IQ]− E[Yi|Di = 0, IQ] =
E[Y1i − Y0i|Di = 1, IQ]− {E[Y0i|Di = 1, IQ]− E[Y0i|Di = 0, IQ]}

Two serious problems with this strategy:
1 IQ may not capture all relevant abilities
2 IQ may be a bad control
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Short recap of the course
Example: Returns to schooling

Introducing controls can give rise to more problems than they
actually solve

Bad controls: Control variables that are themselves outcomes
caused by our causal variable of interest

For example think of controlling for white collar status

For simplicity assume that going to college is randomly assigned
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Short recap of the course
Example: Returns to schooling

Presumably going to college has a positive effect on the
probability of working in a white collar occupation
We can distinguish three groups of workers based on the effect of
college on their white collar status

AB: workers who are always blue collar workers
AW: workers who are always white collar workers
BW: workers who are white collar only if they went to college

Our goal is to estimate returns to schooling, controlling for white
collar status
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Bad control example from Mastering ’Metrics

216 Chapter 6

Table 6.1
How bad control creates selection bias

Potential Average earnings
occupation Potential earnings by occupation

Without With Without With Without With
college college college college college college

Type of worker (1) (2) (3) (4) (5) (6)

Always Blue (AB) Blue Blue 1,000 1,500
Blue

1,500
Blue

1,500
Blue White (BW) Blue White 2,000 2,500

White
3,000

Always White (AW) White White 3,000 3,500
White
3,000

Suppose, for the sake of argument, the value of college is
the same $500 per week for all three groups. Although the
three types of workers enjoy the same gains from a college
education, their potential earnings (that is, their Y0i values) are
likely to differ. To be concrete, suppose the AW group earns
$3,000 per week without a college degree, the AB group earns
only $1,000 per week without a college degree, and the BWs
earn something in the middle, say, $2,000 per week without
a college degree. Columns (3) and (4) of Table 6.1 summarize
these facts.

Limiting the college/noncollege comparison to those who
have white collar jobs, the average earnings of college gradu-
ates is given by the average of the $3,500 earned by the AWs
with a college degree and the $2,500 earned by the BWs, while
the average for noncollege graduates is the constant $3,000
earned by the AWs without a college degree. Because the aver-
age of $3,500 and $2,500 also equals $3,000, the conditional-
on-white-collar comparison by college graduation status is
zero, a misleading estimate of the returns to college, which is
$500 for everyone. The comparison of earnings by graduation
status among blue collar workers is an equally misleading zero.
Although random assignment of college ensures equal propor-
tions of apples and oranges (types or groups) in the college and
noncollege barrels, conditioning on white collar employment,

 

 

 

 

 

 

 

From Mastering ‘Metrics: The Path from Cause to Effect. © 2015 Princeton University Press. Used by permission. 
All rights reserved. 
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Short recap of the course
Example: Returns to schooling

Limiting the college/non-college comparisons to those who have
white collar jobs leads us to conclude that returns to college are
zero

However, the average effect of going to college is 500

Conditioning on bad controls changes the composition of the
treatment and control group
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Short recap of the course
Example: Returns to schooling

In lecture 9, we saw how we can use differences-in-differences to
estimate the effect of schooling on earnings when we have access
to data on twins

Twin 1: Y1f = α+ ρS1f + γAf + ε1f
Twin 2: Y2f = α+ ρS2f + γAf + ε2f

If Af is common to the pair of twins, then differencing yields:

Y1f − Y2f = ρ(S1f − S2f ) + (ε1f − ε2f )
Under these assumptions estimating ρ with the differenced
equation gives us the causal effect of schooling on earnings
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OLS estimates in the population and in the twin sample
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First difference estimates
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Short recap of the course
Example: Returns to schooling

This strategy is very sensitive to measurement error

Ashenfelter and Rouse solution: Assume that twins report each
other’s schooling with independent measurement errors

Then we can use one’s twins reporting of one’s own schooling as
an instrument for one’s own reporting

Intuition: Both my recollection and my twin sibling’s
recollection are mismeasured assessments of my real level of
schooling. Instrumenting my own recollection with my sibling’s
recollection will clean away the measurement error
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Short recap of the course
Example: Returns to schooling

In Lecture 7, we saw how one could use instrumental variables to
estimate the returns to schooling

Angrist and Krueger: Quarter of birth as an instrument for
schooling

Students enter schooling in the September of the calendar year in
which they turn 6

And compulsory school law requires them to remain in school
until they become 16

Hence people born late in the year are more likely to stay at
school longer
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Is the first stage right?
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The reduced form for earnings
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96 CHAPTER 4. INSTRUMENTAL VARIABLES IN ACTION

Table 4.1.2: Wald estimates of the returns to schooling using quarter of birth instruments
(1) (2) (3)

Born in the 1st
or 2nd quarter of
year

Born in the 3rd
or 4th quarter of
year

Di¤erence
(std. error)
(1)-(2)

ln (weekly wage) 5.8916 5.9051 -0.01349
(0.00337)

Years of education 12.6881 12.8394 -0.1514
(0.0162)

Wald estimate of
return to education

0.0891
(0.0210)

OLS estimate of
return to education

0.0703
(0.0005)

Notes: Adapted from a re-analysis of Angrist and Krueger (1991) by Angrist and

Imbens (1995). The sample includes native-born men with positive earnings from

the 1930-39 birth cohorts in the 1980 Census 5 percent �le. The sample size is

329,509.

but draft-eligibility provides a binary instrument highly correlated with Vietnam-era veteran status.

For white men who were at risk of being drafted in the 1970 draft lottery, draft-eligibility is clearly

associated with lower earnings in years after the lottery. This is documented in Table 4.1.3, which reports the

e¤ect of randomized draft-eligibility status on average Social Security-taxable earnings in column 2. column

1 shows average annual earnings for purposes of comparison. For men born in 1950, there are signi�cant

negative e¤ects of eligibility status on earnings in 1971, when these men were mostly just beginning their

military service, and, perhaps more surprisingly, in 1981, ten years later. In contrast, there is no evidence

of an association between draft-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.

Because eligibility status was randomly assigned, the claim that the estimates in column 2 represent

the e¤ect of draft-eligibility on earnings seems uncontroversial. The information required to go from draft-

eligibility e¤ects to veteran-status e¤ects is the denominator of the Wald estimator, which is the e¤ect of

draft-eligibility on the probability of serving in the military. This information is reported in column 3 of

Table 4.1.3, which shows that draft-eligible men were almost 16 percentage points more likely to have served

in the Vietnam era. The Wald estimate of the e¤ect of military service on 1981 earnings, reported in column

4, amounts to about 15 percent of the mean. E¤ects were even larger in 1971 (in percentage terms), when

a¤ected soldiers were still in the army.

An important feature of the Wald/IV estimator is that the identifying assumptions are easy to assess and
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Short recap of the course
Example: Returns to schooling

IV estimates the local average treatment effect (LATE) which is
often different from the average treatment effect on the treated

How is the effect local in the Angrist and Krueger case?

When is LATE the same as ATT?
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Short recap of the course
Example: Do degrees matter? Clark and Martorelli, 2014

Finally, we go over an RDD example on the effects of schooling

Particular question, what is the effect of the high school diploma
as such?

Sheepskin effect: The effect of diploma as a piece of paper,
ceteris paribus
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Short recap of the course
Example: Do degrees matter? Clark and Martorelli, 2014

In Texas, getting a high school diploma is conditional on passing
an exit exam

Clark and Martorelli exploit the fact that the probability of
getting the diploma jumps discontinuously at the passing of exit
exam threshold, to identify the effect of diplomas on earnings

Identifying assumption: Getting a diploma is randomly assigned
near the passing threshold
Results:

The probability of getting the diploma increases by 50 percentage
points at the passing threshold
Yet, the earnings don’t change discontinuously
No evidence of sheepskin effects
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Clark and Martorelli: The first stage
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Clark and Martorelli: Reduced form
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