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IV and Causality

Potential outcomes: wages (w) and schooling (s)

wsi ≡ fi (s), i = 1, ...,N
fi (s) = π0 + π1s + ηi

Control variables: Ai=“Ability” observed variables

ηi = A′
iγ + υi

γ population regression coefficients
If Ai is the only reason why ηi and υi are correlated, then E [Siυi ] = 0

If Ai were observed then,

wi = α + ρSi + A′
iγ + υi

Assumption: error term is uncorrelated with schooling
If the assumption is correct then we get α̂, ρ̂ and γ̂

BUT, when Ai is unobserved then we need and instrument Zi

Zi is correlated with Si but is uncorrelated with any other determinants
of the dependent variable, i.e., Cov(ηi ,Zi ) = 0 (Exclusion Restriction)
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IV and Causality

IV and Causality

Regression line

wi = α + ρSi + A′iγ + υi

Given the exclusion restriction

ρ = Cov(wi ,Zi )
Cov(Si ,Zi )

= Cov(wi ,Zi )/Var(Zi )
Cov(Si ,Zi )/Var(Zi )

Coefficient of interest ρ: ratio of the population regression of wi on Zi

(reduced form) to the population regression of Si on Zi (first stage)
1 the instrument Zi must have a clear effect on Si
2 Zi affects wi only through Si
3 instrument is as good as randomly assigned
4 the instrument has no effect on outcomes other than through the

first-stage channel
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IV and Causality

IV and Causality

Good instruments come from a combination of three ingredients:

Good institutional knowledge

Economic theory

Original ideas

Usual sources of instruments

Nature

Policies

Choice variables of the agent do not serve as good instruments (e.g.,
lagged variables as instruments, parental socioeconomic
characteristics)
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IV and Causality

Examples

Returns to schooling

Quarter of birth (Angrist and Krueger, QJE 1991)

Laws of compulsory education (Bjrklund et al, QJE 2006)

The effect of family size on children’s education

Twins, gender of the first born, gender of the two first born (Black et
al, QJE 2005)

The effect of family size on mother’s labour supply in Greece

gender of the two first born (Daouli et al, EL 2009)

Nicholas Giannakopoulos (UPatras) MSc Applied Economics and Data Analysis November 8, 2015 6 / 35



Example

Two-stage Least Squares (2SLS)

In a model with a single endogenous variable and a single instrument,
IV estimates are equivalent to a two stage procedure

Causal model with covariates

wi = X ′i α + ρSi + ηi

First-stage equation

Si = X ′i π10 + π11Zi + ε1i = Ŝi + ε1i

Second-stage equation

wi = X ′i α + ρŜi + [ηi + ρε1i ]

Estimate by OLS
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Example

Correct standard errors

With the manual two stage procedure, you do not get the right standard
errors

The residual that is used to calculate standard errors in second-stage
includes an extra error: wi − [X ′i α + ρŜi ] = [ηi + ρε1i ]

remember that Ŝi is a generated regressor and inflates the variance

Stata ivreg or ivreg2 fixes it by using the original endogenous
regressor to construct residuals: wi − [X ′i α + ρSi ] = ηi
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Example

Compulsory School Law, Schooling and Earnings

“Does Compulsory School Attendance Affect Schooling and Earnings”
(Angrist and Krueger, QJE 1991)

quarter of birth as an instrument for schooling

students enter school in the calendar year in which they turn 6

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

people born late in the year are more likely to stay at school longer

Yi = αX ′i + ρSi + ηi
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Example

Compulsory School Law, Schooling and Earnings

Source: Angrist, Joshua D., and Alan B. Krueger (1991): “Does Compulsory Schooling Attendance Affect Schooling and

Earnings?” Quarterly Journal of Economics, 106, 976-1014
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Example

Compulsory School Law, Schooling and Earnings

What about the exclusion restriction? Is the only reason for the up-and
down quarter of birth pattern in earnings the up-and down quarter of birth
pattern in schooling?

Omitted variable background

Other channels
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Multiple Instruments

Compulsory School Law, Schooling and Earnings

Multiple instruments

we have three instrumental variables: Z1i , Z2i and Z3i

Angrist and Krueger (1991): dummies for first, second, and
third-quarter births

first-stage

Si = X ′i π10 + π11Z1i + π12Z2i + π13Z3i + ξ1i

all of the quarter of birth dummies are uncorrelated with ηi in the
basic model
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Multiple Instruments

Compulsory School Law, Schooling and Earnings

Source: Angrist Joshua D. and Steffen Pischke. (2009) Mostly Harmless Econometrics: An Empiricist’s Companion. Princeton

University Press.

Nicholas Giannakopoulos (UPatras) MSc Applied Economics and Data Analysis November 8, 2015 14 / 35



Wald Estimator

The Wald estimator

The simplest IV estimator uses a single binary (0-1) instrument Zi to
estimate a model with one endogenous regressor and no covariates

yi = α + ρSi + ηi

if Zi equals 1 with probability p, the IV estimator is:

ρ = Cov(yi ,Zi )
Cov(Si ,Zi )

= E [yi |Zi=1]−E [yi |Zi=0]
E [si |Zi=1]−E [si |Zi=0]

given that E [ηi |Zi ] = 0, we get

E [yi |Zi ] = α + ρE [Si |Zi ] and

solving for ρ we have the Wald Estimator

Thus, in the context of a binary instrument, it seems natural to divide
the reduced-form difference in means by the corresponding first-stage
difference in means
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Wald Estimator

Compulsory School Law, Schooling and Earnings

Source: Angrist Joshua D. and Steffen Pischke. (2009) Mostly Harmless Econometrics: An Empiricist’s Companion. Princeton

University Press.
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Wald Estimator

Sibling sex composition, employment and fertility in Greece

Source: Daouli, J., M. Demoussis and N. Giannakopoulos. (2009) Sibling-Sex Composition and its Effects on Fertility and

Labour Supply of Greek Mothers. Economics Letters, 102(3):189-191
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Wald Estimator
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Wald Estimator

Sibling sex composition, employment and fertility in Greece

Wald-type estimates, for 1991 is equal to 0.161 (0.010/0.062) with a
standard error of 0.082, while for 2001 is equal to 0.093 with a
standard error of 0.153.

These estimates imply that married mothers in 1991 with more than
two children exhibit reduced (by 16 percentage points) employment
rates as a result of exogenous variations in family size.

Accordingly, this reduction comes to almost 10 percentage points in
2001, even though the effect does not differ statistically from zero.

Source: Daouli, J., M. Demoussis and N. Giannakopoulos. (2009) Sibling-Sex Composition and its Effects on Fertility and

Labour Supply of Greek Mothers. Economics Letters, 102(3):189-191
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Wald Estimator
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LATE framework

Local Average Treatment Effects: LATE

With heterogenous treatment effects, endogeneity creates severe
problems for identification of population averages. Population average
causal effects are only estimable under very strong assumptions on
the effect of the instrument on the endogenous regressor
(“identification at infinity, or under the constant treatment effect
assumptions). Without such assumptions we can only identify average
effects for subpopulations that are induced by the instrument to
change the value of the endogenous regressors. We refer to such
subpopulations as compliers, and to the average treatment effect that
is point identifed as the local average treatment effect.
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LATE framework
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LATE framework

Local Average Treatment Effects: LATE
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Practical issues on IV

IV, 2SLS and GMM

Just-identified case: The number of instruments exactly equals to the
number of regressors, (β̂IV ) is the IV estimator

Not-identified case (under-identified): fewer instruments than
regressors, (β̂IV ) is not consistent

Over-identified case: more instruments than regressors, (β̂2SLS) is the
an efficient estimator. In the just-defined case (β̂IV =β̂2SLS)

General estimator: Generalized Methods of Moments (GMM)
Estimator
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Practical issues on IV

IV, 2SLS and GMM

Starting point: Instrument is correlated with the regressor and is
uncorrelated with the disturbance term (conditional moment
restriction)

The conditional moment restriction can be tested (in the case of
over-identification)

The stronger the association between the instrument and the
regressor the stronger the identification

When the instrument is weak the estimation becomes less precise and
s.e. become larger, thus t-statistic is smaller (than in OLS).

But even is the IV estimators are consistent, they may provide very
poor approximation to the actual sampling distribution in typical
finite-sample sizes.

More instruments implies larger small-sample bias.
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Practical issues on IV

Specification Tests
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Practical issues on IV

Hausman test-estat endogenous
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Practical issues on IV

Over-identification Test-estat overid
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