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• We now turn to a method that relaxes the exogeneity assumption of 

OLS and PSM, and that is also robust to time-varying selection bias, 

unlike DD

• Recall the simple model:

• Treatment assignment T may not be random because of two broad 

factors: endogeneity (programs are placed deliberately in areas that 

have specific unobservable characteristics correlated with Y); 

unobserved individual heterogeneity (stemming from individual 

beneficiaries’ self-selection into the program)

• In general we then may have:

Yi =aXi +bTi +ei

Introduction

cov(T,e) ¹ 0
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• IV aims to clean up the correlation between T and ε, i.e., the variation 

in T that is uncorrelated with ε needs to be isolated

• To do so, one needs to find an IV, denoted Z that satisfies the 

following two conditions:

• Thus, instrument Z affects selection into the program but is not 

correlated with factors affecting the outcomes (exclusion restriction)

1. cov(T,Z) ¹ 0

2. cov(e,Z) = 0
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• To isolate the part of the treatment variable that is independent of 

unobserved characteristics affecting the outcome, one first regresses 

the treatment on the instrument and the other covariates in the original 

regression; this is the 1st stage regression:

• The predicted treatment from this regression     reflects the part of the 

treatment affected only by Z and thus embodies only exogenous 

variation in the treatment

• The predicted treatment is then substituted in the original equation to 

produce the 2nd stage regression:

Ti =gZi +fXi +ui

2SLS: Two-stage Least Squares

T̂

Yi =aXi + bT̂i +ei



5

• Assuming no covariates in the model, 2SLS leads to

• We can use the covariance formula to deduce the bias in 2SLS:

cov(Yi,Zi ) = cov(bTi +ei,Z i ) = b cov(Ti,Zi )+ cov(ei,Z i )Û

Ûb =
cov(Yi,Zi )- cov(ei,Z i )

cov(Ti,Zi )
Û

ÛbIV = b +
cov(ei,Z i )

cov(Ti,Zi )

bIV =
cov(Yi,Z i )

cov(Ti,Zi )
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• Although detailed information on program implementation and 

participation can directly reveal the presence of selection bias, 

endogeneity of treatment can also be assessed using the Wu-Hausman 

test:

• First regress T on Z and the covariates X, and obtain the 

corresponding residuals; these residuals reflect all unobserved 

heterogeneity affecting the treatment not captured by observables

• Then, regress Y on T, X, and the estimated residuals; if the 

coefficient on the residuals is statistically different from zero, the 

null that T is exogenous conditional on observables is rejected
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• The IV model has some variations:

• One can write the instrument equation as a nonlinear binary 

response model (such as probit or logit); however, one should be 

cautious regarding the application of 2SLS, which assumes 

linearity (use maximum likelihood estimation)

• If panel data exist, IV can be combined with a panel fixed-effects 

approach in the following model:

In this specification, time-invariant unobservables are accounted 

for through fixed effects or time-differencing; IVs can help with 

time-variant unobservables

Yit =fTit +dXit +hi +eit
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• The basic drawback of the IV approach is the potential difficulty in 

finding an appropriate instrumental variable

• Consistency of the IV estimate can be assessed through the 

expression:

• The exclusion restriction assumption guarantees that the bias is zero; 

however, in real applications this will never happen

Concerns

bIV = b +
cov(ei,Z i )

cov(Ti,Zi )
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• If there is a weak relation between the treatment T and the instrument 

Z (WEAK INSTRUMENT PROBLEM), the denominator of the bias 

will be small; this means:

• Even if the correlation between Z and ε is small, the bias will be 

large

• The standard error of the IV estimate is likely to increase 

(predicted impact on the outcome measured less precisely)

• One can test for weak instruments by looking at the F-statistic of 

the 1st stage regression (F>10 is the rule of thumb as of Stock et 

al., JBES, 2002)
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• With multiple instruments, one can test the exclusion restriction 

(TEST OF OVERIDENTIFYING RESTRICTIONS):

• First, estimate the equation of interest by 2SLS and obtain the 

residuals

• Then regress the residuals on X and Z; obtain the R2

• Use the null hypothesis that all the instrumental variables are 

uncorrelated with the residuals; this hypothesis is tested against 

the following statistic

where q is the number of instrumental variables minus the number 

of endogenous variables

nR2 ~Chiq
2
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• Which treatment effect does IV estimate? Under some conditions, 

LATE

• Imbens and Angrist (Econometrica, 1994) and Angrist et al. (JASA, 

1996) introduce the LATE; Heckman (JHR, 1997) discusses the 

assumptions behind this interpretation of IV

• Let the instrument Z be binary; then we have two possibilities for D 

for an individual, D1i and D0i depending on the value of Z

• We have the following potential outcomes

Yi (d, z) =

Yi (1,1) if Di =1,Zi =1

Yi (1, 0) if Di =1,Zi = 0

Yi (0,1) if Di = 0,Zi =1

Yi (0, 0) if Di = 0,Zi = 0

ì

í

ï
ï

î

ï
ï

LATE: Local Average Treatment Effects
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• Assumptions:

• Independence of the instrument

• Exclusion restriction

• First stage

• Monotonicity

• LATE Theorem: Under the above assumptions (IV=Wald) and

(Yi(D1i,1),Yi(D0i, 0),D1i,D0i ) ^ Zi

Yi(d, 0) =Yi(d,1) for d = 0,1

bIV =
E(Yi | Zi =1)-E(Yi | Zi = 0)

E(Di | Zi =1)-E(Di | Zi = 0)
= E(Y1i -Y0i |D1i > D0i )

E(D1i -D0i ) ¹ 0

D1i -D 0i³ 0,"i
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• So, under the assumptions, IV estimates

• This is the average treatment effect for a group defined by the 

condition

• Since Di is zero or one, 

• Then this is the group of individuals for whom the instrument 

changes the treatment

E(Y1i -Y0i |D1i >D0i )

D1i >D0i

D1i >D0iÛ (D1i =1,D0i = 0)
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• We follow here Heckman and Vytlacil (2005, Econometrica)

• Selection model with two potential outcomes

(Remember: Heckman’s general selection framework)

Y0 = m0 (X,U0 ) = m0(X)+U0

Y1 = m1(X,U1) = m1(X)+U1

D* = mD (Z)-UD

D =
1 if D* ³ 0

0 otherwise

ì

í
ï

îï

Y =Y1D+Y0 (1-D)
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• Main additional assumptions

• The first two are standard IV assumptions

• The third is for simpler exposition

• There are other technical assumptions that I omit here for simplicity 

(refer to the paper)

(i) mD(Z) nondegenerate conditional on X

(ii) (U1,U0,UD ) ^ Z | X

(iii)UD distributed continuously
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• Treatment effect definitions

• The paper argues that all treatment effects in the literature are 

functions of the following treatment effect 

• This is the Marginal Treatment Effect

• A small value of uD is likely to produce participation, a large 

value is likely not to produce participation

(i) DATE (x) º E(D | X = x), where D =Y1 -Y0

(ii) DTT (x)º E(D | X = x,D =1)

(iii) DTU (x) º E(D | X = x,D = 0)

(iv) DMTE (x,uD)º E(D | X = x,UD = uD )
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• The MTE is the limit form of the LATE, for an infinitesimal change 

in the instruments Z

• Another way to see this is that the LATE integrates MTE from an uD 

equivalent to z’ to one equivalent to z

• In doing so, it assumes the referred monotonicity assumption, by 

which when z increases no one drops participation but some people 

start participating in the program

• The MTE can then be estimated as a Local IV (LIV):

DLIV (x, p) º
¶E(Y | X = x,P(Z) = p)

¶p
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• Angrist and Evans (AER, 1998)

• Research on the labor supply consequences of childbearing is 

complicated by the endogeneity of fertility

• Parental preferences for a mixed sibling-sex composition (i.e., 

parents of same-sex siblings are more likely to go on to have an 

additional child) are used to construct IV estimates of the effect 

of childbearing on labor supply:

• A dummy for whether the sex of the second child matches the 

sex of the first child provides a plausible instrument for 

further childbearing among women with at least two children

• They also use results generated using twins at second birth to 

construct instruments

• They are also able to assess the time it takes for the labor-supply 

consequences of childbearing to disappear

•  Data come from the Census Public Use Micro Samples 

(PUMS), 1980 and 1990

Example: Childbearing and Labor Supply
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• IV enables taking into account time-varying unobservables in 

estimating treatment effects

• However, it is demanding on the conditions for suitable instruments 

(problem of weak instruments, exclusion restriction)

• However, in an heterogeneous effect world, it estimates a very 

specific treatment effect (under restrictive assumptions)

• Estimating the MTE and building the TE of interest from there 

may be the way to go (but not very popular to date in the applied 

literature)

What have we learnt?
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Exercise: Follow the instructions in chapter 15 of Khandker et al 

(2009). You should produce a do file and a log file, which should be 

commented to show that you understood the results. These should be 

emailed to the grader (Matilde Grácio): only one email per group, 

please. 

Note: We should be able to run the do file on a computer given the 

original datafile and produce the raw log file.

Due date: Tuesday, March 15.

Problem Set 4
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