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Wages Differ Across People - The Role of Human Capital

Anecdotal evidence suggests that more educated people earn higher
wages.

Source: Cahuc, Carcillo, and Zylberberg (2014)
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The Human Capital Model

Becker’s book (1964) was very influential in shaping the way
economists think about the relationship between schooling and
earnings.

Simple model explaining the individual’s decision to go to school:
People maximize the present discounted value of lifetime earnings y
(which depend on S):

y(S) = earnings with S years of schooling.
cost of school = forgone earnings (in this simple case no other cost)
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The Human Capital Model

The individual maximizes the discounted present value of income.

She discounts the future at rate r .
And earns nothing while in school.

With infinite horizon and continuous time her PV of earnings is:

PV (S) =
∫ ∞
S y(S)e

−rtdt

= [− 1r e−rty(S)]∞S = 0+
1
r e
−rSy(S)

Individuals then maximize PV with respect to S.

∂PV
∂S = −e−rSy(S) + 1

r e
−rSy ′(S) = 0

⇒ y ′(S )
y (S ) = r

This can be rewritten as d log y (S )dS = r
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From the Model to Estimation

Integrating ( d log y (S )dS = r) w.r.t. S

We get: log y(s) = log y(0) + rS
where log y(0) is the constant of integration.

This can then be estimated as:

log y = β1 + β2S + ε

where β̂2 can be interpreted as r.

Of course, S is not the only source of human capital that people
obtain. A lot of human capital is acquired as training on the job.

Inspecting age-earnings profiles suggests that individuals experience
strong wage growth over the first years of their career.
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The Age-Earnings Profile

Mincer therefore proposed to estimate the earnings function including
experience.
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The Mincer Earning Function

The typical Mincer earnings function is:

log(y) = β1 + β2S + β3EXP + β4EXP
2 + ε

Mincer (1974) estimated this function only with schooling and then
with experience.
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The Mincer Earning Function

If rate of return to schooling is so high why don’t people get more
education?

1 Liquidity Constraints
Poor children cannot borrow to obtain more schooling because HC
cannot be used as collateral.

2 Information Asymmetries
People may not know how large the returns to education really are.

3 Risk Premium
You may not be sure whether you actually get the high return from
enrolling in education. In practice this does not seem to be very
important

4 Heterogeneity in the rate of return
5 OLS estimates biased
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Ability Bias

More able people could get more schooling and at the same time earn
more not because of the additional schooling but just because they
are more able.

log(y) = β1 + β2S + β3A+ β4X + ε

S = years of schooling.
A = Ability
X = Other controls

If we do not observe A and therefore estimate:

log(y) = β1 + β2S + β4X + ε

We have an omitted variable bias problem.
If there are no additional X variables we get:

plim β̂2 = β2 + β3
Cov (A,S )
Var (S )

if β3 > 0 and Cov(A,S) > 0; OLS would be upward biased.
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Ability Bias - Potential Solutions

Potential solutions to address ability bias:

1 Get measures of ability.
2 Use data on identical twins.
3 Use IV.
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Ability Bias - Getting Measures for Ability

Griliches (1977) illustrates what happens if you get a measure for
ability:

1 ln y = const + 0.068 S + experience
(0.003)

2 ln y = const + 0.059 S + 0.0028 IQ + experience
(0.003) (0.0005)

3 ln y = const + 0.052 S + 0.0051 IQ + experience
(0.003) (0.0005)

where he instruments with KWW (Knowledge of the World of Work)
for IQ because IQ may be measuring ability with error.
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Ability Bias - Getting Measures for Ability

Problems with this approach:

1 It is very diffi cult to get a good measure for ability.
2 Education variable is also measured with error. If you include
additional explanatory variables which are correlated with the
education variable the attenuation bias gets worse.

3 There may be other factors besides ability that are correlated with S
and have an effect on ln y but cannot be observed by the
econometrician. For example family background (those aspects that
do not work through ability).
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Adressing Ability Bias 1: Twin Studies

A relatively large number of economists have used data on identical
twins to solve the ability bias problem.

The assumption is that identical twins have the same ability and
differences in schooling are due to random factors such as
optimization errors.

Methodology: The earnings functions of twins from family i:
1 ln(wi1) = β1 + β2Si1 + β3Ai1 + εi1
2 ln(wi2) = β1 + β2Si2 + β3Ai2 + εi2

key assumption: Ai1 = Ai2 for identical twins.

We can then take first differences (or family FE):

∆ ln(wi ) = (β1 − β1) + β2∆Si + ∆εi

If ability was truly identical we would get an unbiased estimate of the
return to education.
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Ability Bias - Twin Studies

The methodology was first used by Taubman (1976) who found
strong evidence for a positive ability bias in OLS estimates.

Later twin papers took measurement error in S more seriously and
found much smaller ability biases. For example Ashenfelter & Rouse
(1998).

They study approximately 700 twins interviewed at the twin festival in
Twinsburg, Ohio.
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Ability Bias - Twin Studies

Summary statistics show that the twin sample is whiter, more
educated and has higher earnings than the general population.
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Ability Bias - Twin Studies

They surveyed the twins separately, asking them about earnings,
education and also the other twin’s education.

OLS (they use GLS) versus first-difference results (including other
controls):

OLS seems upward biased but not by much.
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Ability Bias - Twin Studies
Problem: Measurement Error

If you take first differences measurement error will become more
problematic because the signal to noise ratio becomes smaller.

i.e. 1 year measurement error in 12 years of schooling is proportionally
less then 1 year measurement error in a 2 year difference of years of
schooling.

Solution: Instrument for the schooling difference reported by one twin
with the schooling difference reported by the other twin. If the twin
specific measurement errors are independent IV would solve the
measurement error problem.

Overall the bias of OLS seems fairly small.
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Ability Bias - Twin Studies
Other Problems

Twins in Twinsburg, Ohio are not even a representative sample of
twins.

This is good in the sense that they may be more similar (also in ability).
This is less good for external validity.

More severe problem: Are the differences in twins’schooling really
random?

They could equally be totally endogenous. I.e. the more motivated
twin gets more schooling and has higher earnings. In that case the
twin estimates would be meaningless.
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Addressing Ability Bias 2: IV Studies

An alternative way to address ability bias are instrumental variable
approaches.

Many economists have tried to find instruments that are correlated
with schooling but uncorrelated with ability and other characteristics
that affect earnings.

In a very influential study Angrist and Krueger (1991) use quarter of
birth as an instrument for education.
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The Quarter of Birth Instrument

How could quarter of birth work as IV for education?

In the US you could drop out of school once you turn 16.

Angrist & Krueger use the fact that children have different ages when
they start school and thus different length of schooling at the time
they turn 16.
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Instrument for Education using Compulsory Schooling Laws

There is therefore a relationship between quarter of birth and years of
education. This indicates that there is a first stage.
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Instrument for Education using Compulsory Schooling Laws
First Stage Regressions
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Instrument for Education using Compulsory Schooling Laws
First Stage Regressions

Quarter of birth is a strong predictor of total years of education.
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Instrument for Education using Compulsory Schooling Laws
First Stage Regressions

Reassuringly quarter of birth does not affect the probability of
graduating from college.
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Instrument for Education using Compulsory Schooling Laws
Reduced Form

Do differences in schooling due to different quarter of birth translate
into different earnings?

Waldinger () Human Capital 27 / 49



Instrument for Education using Compulsory Schooling Laws
IV Estimates Birth Cohorts 20-29
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Instrument for Education using Compulsory Schooling Laws
IV Estimates Birth Cohorts 30-39

Interestingly the IV coeffi cient is larger than the OLS coeffi cient in many
specifications.

Waldinger () Human Capital 29 / 49



Instrument for Education using Compulsory Schooling Laws
Problems with the Quarter of Birth Instrument

Quarter of birth may affect earnings through other channels than
through years of education. Starting school at a later age is for
example associated with doing better in school (now there is a large
economics literature on that).
Angrist and Krueger argue that this would lead to a downward bias in
their results as children who start school later would also have less
schooling because of compulsory schooling laws.

Weak Instruments (Bound, Jaeger, Baker JASA 1995).
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Weak Instruments

As you have seen in the econometrics course last year weak
instruments would bias IV estimates.

In the worst case, if the instruments are so weak that there is no first
stage the 2SLS sampling distribution is centered on the probability
limit of OLS.
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Very Short Recap on Weak Instruments

The causal model of interest is:

y = βx + η (1)

The N x Q matrix of instrumental variables is Z with the first stage
equation:

x = Z′π + ξ (2)

If ηi and ξ i are correlated, estimating (1) by OLS would lead to
biased results.
The OLS bias is:

E [βOLS − β] = Cov [η,x ]
Var [x ]

If ηi and ξ i are correlated the OLS bias is therefore:
σηξ

σ2x

Waldinger () Human Capital 32 / 49



Weak Instruments - Bias Towards OLS

It can be shown that the bias of 2SLS is approximately:

E [β̂SLS − β] ≈ σηξ

σ2ξ

1
F+1

F is the population analogue of the F-statistic for the joint significance of
the instruments in the first stage regression.
See MHE pp. 206-208 for a derivation.

If the first-stage is weak (i.e. F → 0) the bias of 2SLS approaches
σηξ

σ2ξ
.

This is the same as the OLS bias:
If π = 0 in equation (2) (i.e. there is no first stage relationship)
→ σ2x = σ2ξ and therefore the OLS bias

σηξ

σ2x
becomes

σηξ

σ2ξ
.

If the first stage is very strong (F → ∞) the IV bias goes to 0.
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Weak Instruments - Adding More Instruments

Adding more weak instruments will increase the bias of 2SLS. By
adding further instruments without predictive power the first stage
F-statistic goes towards 0 and the bias increases.

If the model is just identified, weak instrument bias is less of a
problem.

Bound, Jaeger, and Baker (1995) highlighted this problem for the
Angrist & Krueger study. A&K present findings from using different
sets of instruments:

1 quarter of birth dummies → 3 instruments.
2 quarter of birth + (quarter of birth) x (year of birth) dummies → 30
instruments.

3 quarter of birth + (quarter of birth) x (year of birth) + (quarter of
birth) x (state of birth) → 180 instruments.
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Adding Instruments in Angrist & Krueger
Table from Bound, Jaeger, and Baker (1995) - 3 and 28/30 IVs

Adding more weak instruments reduced the first stage F-statistic and
moves the coeffi cient towards the OLS coeffi cient.
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Different IV for Education: College Proximity
Card (1995)

A very large number of studies has investigated the returns to
education using different instruments.

Card (1995) for example uses college proximity as an instrument for
education.

He suggests that growing up in a county which has a local college
induces some people to stay in education.

He uses data from the National Longitudinal Survey of Young Men to
investigate returns to education.

The OLS return is about 0.07.
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Different IV for Education: College Proximity
Reduced Form

Card shows that college proximity is positively related to years of
education especially for men from lower educated backgrounds.
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Different IV for Education: College Proximity
First Stages, Reduced Form, and IV estimates
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Different IV for Education: College Proximity
Problems with Using College Proximity as an IV

1 Sorting of families:
Families who put a high emphasis on education may want to live near
colleges. If they also care about earnings the exclusion restriction would be
violated.

2 School quality:
Schools near colleges may be better and thus living close to a college may
directly affect earnings. (Violation of exclusion restriction).

3 College counties have better employment possibilities.
Counties with colleges may be richer due to a number of reasons (e.g.
because they have more productive firms). In that case, earnings would be
higher for people in these counties independently from the years of schooling
they obtain (again violation of exclusion restriction).

Waldinger () Human Capital 39 / 49



Different IV for Education: College Proximity
Problems with Using College Proximity as an IV

Card addresses these concerns by interacting college proximity with
coming from a poor family background.

His argument is that mostly children form poor families benefit from
having a college nearby (other families send their kids to college
anyway and often out of state).

He then estimates the following reduced form equation:
log(y) = β1 + β2C + β3C ∗ Poor + ε

where C is a dummy for living close to a college and Poor is an
indicator of coming from a poor background.

The direct effect of C would then control for the other effects that
living near a college could have on earnings.

The corresponding IV regression is:
log(y) = β1 + β2C + β3S + ε
where he instruments for schooling with C ∗ Poor .
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Different IV for Education: College Proximity
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Why are IV returns so large?

Again the IV return to education is larger than the OLS return.

These differences are not statistically significant but they arise in
many (most) studies using IV to estimate the returns to education.

Why could that be the case?
1 Publication Bias.
2 Measurement error in S.
3 Heterogeneity in returns.

We now discuss how heterogeneity in returns affect the bias of OLS in
a theoretical model developed by Card (1999).
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Heterogeneity in Returns to Human Capital - Card (1999)
Model

Suppose and individual has the following utility function:

U(S , y) = log y(S)− h(S)
where h(s) is an increasing convex function of the costs of education.

This generalizes the utility function:

U(S , y) = log y(S)− rS

Which we have seen last week. It is based on maximizing the
discounted present value with schooling costs only equal to the
opportunity cost of schooling. In that case h(s) = rS .
More generally, however, the cost of schooling may be strictly convex
if the marginal cost of each additional year of schooling rises by more
than the foregone earnings for that year, either because of credit
market imperfections or taste factors (i.e. it becomes more and more
tedious to obtain more schooling).
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Heterogeneity in Returns to Human Capital - Card (1999)
Model

Maximizing U(S , y) with respect to S. We obtain the FOC:

y ′(S )
y (S ) = h

′(S)

Heterogeneity in returns to education can arise from 2 sources:
1 Differences in costs (or tastes for) schooling, represented by
heterogeneity in h(S)

2 Differenences in economic benefits of schooling, represented by
heterogeneity in the marginal return to schooling y ′(S )

y (S ) .

Card uses simple linear specifications in these heterogeneity
compontents:

1 h′(S) = ri + k2S (1)
2

y ′(S )
y (S ) = bi − k1S (2)

bi and ri are random variables with means b and r .
k1 and k2 are non-negative constants.
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Heterogeneity in Returns to Human Capital - Card (1999)
Model

This implies that the optimal schooling choice is:

bi − k1S = ri + k2S ⇒ S∗ = (bi−ri )
k1+k2

How would we estimate this model? (Focus on heterogeneity in
returns)

take equation (2) from before ( y
′(S )
y (S ) = bi − k1S) and note that:

y ′(S )
y (S ) =

d log y (S )
dS .

Substituting this into (2) and integrating w.r.t S we get:

log y(S) = αi + biS − 1
2k1S

2

where αi is an individual specific constant of integration.
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Heterogeneity in Returns to Human Capital - Card (1999)
Model

Rewrite this by adding and substracting bS and by substituting
a0 + ai for αi .(where ai ≡ αi − a0 has mean 0). We then get:

log y(S) = a0 + bS − 1
2k1S

2+ai + (bi − b)S︸ ︷︷ ︸
ε

The last 2 terms are going to be the ‘error’when we estimate this
model with OLS.

There are 2 potential sources of bias:
1 The correlation of ai and S - standard ability bias
2 the correlation of (bi − b) with S (e.g. if those with high returns (bi )
get more schooling).
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Heterogeneity in Returns to Human Capital - Card (1999)
Model

Now assume that

ai = λ0(Si − S) + ui
(bi − b) = Ψ0(Si − S) + vi

Substituting this into the model above we get:

log y(S) = a0 + bSi − 1
2k1S

2
i +λ0(Si − S) +Ψ0(Si − S)Si + ui + Sivi︸ ︷︷ ︸

ε

= c + (b+ λ0 −Ψ0S)Si + (Ψ0 − 1
2k1)S

2
i + λ0S + ui + Sivi

where c is a constant.
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Heterogeneity in Returns to Human Capital - Card (1999)
Model

It can be shown that:

plimbOLS = b+ λ0 − k1S +Ψ0S

(using the fact that a linear projection of S2i on Si has slope 2S)

= β+ λ0 +Ψ0S

This last equality is obtained from defining β = b− k1S the average
marginal return to schooling (or average treatment effect ATE in IV
jargon, see below).
OLS is only equal to the average marginal return to schooling if there
is no ability bias (i.e. λ0 = 0) and if there is no heterogeneity in bi
and thus Ψ0 = 0.
What does IV estimate if there is heterogeneity in returns?
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Heterogeneity in Returns and LATE

From last year’s econometrics course you know that IV estimates
LATE if treatment effects are heterogeneous.

With heterogeneous treatment effects any IV study will estimate the
LATE for the compliers and not the ATE.

This LATE could very well be higher than the ATE.
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