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Lecture 2

Instrumental Variables Estimation

2SLS & GMM(I)

	Read:
	1.  Wooldridge Ch. 5, Ch. 6.1 – 6.2

	
	2.  Verbeek Ch. 5

	
	3.  Greene Ch. 15, 18


IV.  Estimation
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Here, 
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When is this problem occurring?

i)  Measurement error in 
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 is measured with error 
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Then:



e includes 
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Thus, 
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   attenuation bias

ii)  Omitted variables (observed or unobserved)





      w       or      q


Important variables are omitted, and thus they are included in the error



term.
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iii)  Simultaneity



Often it is argued that 
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Thus, causality runs in both directions.
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It is better to argue that




-  
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 are simultaneously determined”




-  “Both are related to omitted variables.”



Eg1)  City Crime Rate 
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· Both are related to “murder rates.”

· They are simultaneously determined.

Eg2)  Wage 
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· Both are affected by family backgrounds.

· Then we say
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Solutions:  Find IV’s (instrumental variables), say, 
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Note:  
[image: image40.wmf]2
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 is exogenous variables in the system but it is not 




included in the equation to estimate.


Requirements for GOOD IV’s
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2.  
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: Rank 
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Eg)  IV for Edu = “Parents’ Edu.”



cov(Parents’ edu, e) = 0





… Wage and Parents’ edu are not jointly determined.




Also, Parents’ edu is highly correlated to Edu.


IV Estimation (2SLS)


: 
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1st, Run 
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Note:  Do not forget to include 
[image: image51.wmf]1
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 as regressors.

-  This is a reduced form regression.  Why?

-  Actually, all regressors are regressed on z.
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Note:  z = exogenous variable in the system
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Show:  
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Thus, 
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2nd OLS of 
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Thus, 
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Note:
i)  This is actually 2SLS estimator, which is the case with L > K.





L = # of IVs = # of variables in z.





K = # of regressors = # of variables in x.
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ii)  If L = K, 
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is a square matrix, which is invertible.  Then 2SLS 





becomes an IV estimator.
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Why?
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cancel out
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iii)  If L < K, no solution is possible.  This is the identification 





issue.



“Order
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Do we have enough IVs?  
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If so, the model is identified.


Identification:  Find “good” IVs
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i)  Which determines 
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, but is not simultaneously determined 


     with 
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ii)  Which is correlated with 
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Note:  Finding IVs is not easy.


IVs may not be significantly correlated with 
[image: image83.wmf]2

y

.  We call them weak IVs, 


which might be the focus of recent literatures

Examples of IVs  (textbook, p. 87-90)


Ex 1)  “Mother’s edu” for “edu”.


Ex 2)  “First quarter birth dummy variable” for Edu.



…Augrist & Krueger (1991, QJE)



; best (notorious) example for weak IVs, even with




n = 300,000 ~ 500,000 observations!



“At least some people are forced, by law, to attend school larger than they 



otherwise would.  Thus Edu is correlated with firstqrt.”


Ex3)  “Draft lottery number” for “edu.”



in the study examining the effect of serving in the Vietnam war;



Augrist (1991).


Ex 4)  “Natural boundary created by river” for “concentration” in the study



examining no effect of competition among public schools; 
Hoxby (1996, QJE)

Ex 5)  “Timing of mayoral and gubernatorial elections” for “size of police force”



in a study examining the effects of police on crime rates; 

Levitt (1997, AER)

Ex 6)  “Dummy for Catholic” for “attending Catholic school” ; Evans and 
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Schwab (1995, QJE)

Ex 7)  “Regional variation in prices or taxes” in using individual-level data.


Eg) 
 # of traffic =
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(of an 



endogenous  (Why?)



individual)






IV = state beer tax rate (which varies over






         different states)






(Is it a good IV?)

Ex 8)  “College proximity” for “edu”; Card (1995)



If someone grew up in the vicinity of a four-year college, her/his



edu level may be higher.

Ex 9)  
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IV = adoption of nearby county of env. regulation



List et. al. (Restat, 2003)

Ex 10)  
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IV = ??

Ex 11)  
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Weak IVs  (hot issue, these days)
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- Consider a simple model:
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      endogenous.  IV = 
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i)  
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(1st requirement for IV)
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ii)  If 
[image: image100.wmf]2

z

 is weakly correlated with 
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gets smaller.




The bias term gets larger.


- It’s not easy to check 
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Test   
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Note:  Staiger & Stock (1993, Econometrica) suggest that 
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Note:  One cannot check the significance of 
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 in the main structural form



equation.  (Ex. 5.5, p. 110, Wooldridge)

IV Estimator
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(IV = z)
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i)  K = L  (ie. 
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required condition:
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ii)  
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:  Over-identified (L > K)



1st stage:  reduced form
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2nd stage:
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iii)  L < K 
:  Not-identified (underidentified)




No solution.
Distribution of IV Estimator


Assume:
i)  
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b)  
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c)  
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proof)
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i)  
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ii)  
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Exercise:
Let 
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under homoskedasticity
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(2SLS residuals).
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where 
[image: image155.wmf]x
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 is used (not x).
(Note:  the trick on computing this: 








  Wooldridge, p. 100)


Usual F-tests (Wald tests…) can be used as


long as 2SLS residuals 
[image: image156.wmf])
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 are used.

Potential Pitfalls of 2SLS

i)  IV estimators are never unbiased; Wooldridge, p. 101, Kinal (1980)



:
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 is hardly satisfied.


ii)  Weak IVs



: Even large samples cannot help.  Always check F-stat.


iii)  2SLS standard errors have a tendency to be “large”.



: t-stat gets smaller, insignificant coeff.



  (not as a general result, though)

Exercises
Wooldridge



Ex. 5.1 (p. 107), Ex. 5.3 (p. 109, Empirical est.)



Ex. 5.5 (p. 110)

Testing for Endogeneity
(Hausman Test)


1st:   Reduced form equation, obtain residuals
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2nd:   Add 
[image: image160.wmf]2

ˆ

V

 in the same main structural form equation




[image: image161.wmf]e

V

y

x

y

z

+

+

+

=

ˆ

2

2

1

1

1

r

b

b




Test:
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Do t-test or F-test

Note:
i)  When there is more than one endogenous regressor           
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       - For each endogenous regressor, 
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          Then we use F-test (not t-test).


ii)  
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 is a generated regressor (generated in the 1st stage


      regression).  Then usual standard errors are invalid, 


      since the errors are correlated and these correlations


      are not taken into account.  Thus, if 
[image: image170.wmf]0

:

=

r

o

H

 is 

      rejected, obtain std. errors by 2SLS.


iii)  The estimates of 
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 are the same as those from

       the 2SLS.  Std. errors are different.




iv)  It may be safe to use robust standard errors in testing for 




       endogeneity.




v)  The usual Hausmann test uses:
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      or, using the coeff. of endogenous regressors
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      where,
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under 
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 of no endogeneity.




     But the inverse matrix may not exist, and it’s often negative




     definite, except when 
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 is not included.  The regression-based



      test is asymptotically equivalent to this formal test.




vi)  The motivation for the regression based test is:
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vii)  LM Test is also available.




        1st   OLS residuals of the main eq. 
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         2nd   Regress 
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Over-Identifying Restrictions

Using more IVs leads to more efficient estimators.  But the question is whether


they are valid IVs.  Testing on validity of IVs, when there are more IVs (L > K), 


is the over-identifying restriction test, to see if cov(z,e) = 0.



1st:  obtain 2SLS residuals using all IVs, z; say 
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2nd:  Regress 
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where # of over-IVs = L – K.
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Note:
If 
[image: image198.wmf]o
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 is rejected, it does not say which IVs are invalid.  One way 
to test subsets of orthogonality condition, say 
[image: image199.wmf]0
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, using a subset of IVs.

· Over-identifying restriction tests are being done in the GMM

framework, (J-test and others)

· When K = L, this over-identifying restriction test is not defined.

Generalized Instrumental Variables Estimator (GIV)


Moment Conditions:
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ie.  
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      (which holds for any j)    (L moment conditions)


GIV estimator is obtained by minimizing:
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W = weight matrix
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Note:
i)  If L = K, 
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iii)  We let 
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iv)  W can be other matrices using robust variance or others.  This is an



       example of GMM estimators.



v)  When using the estimated 
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This is the same as the overidentifying restriction test statistic




(p. 10, 
[image: image217.wmf])
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  …Sargan’s test statistic.


Exercise:  Verbeek Ex. 5.2 (p. 159):  Empirical example

GMM (Generalized Method of Moments):


Moment condition (in the population):
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Sample moment condition:
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GMM estimator is obtained by minimizing a criterion function:
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Ex 1)
2SLS



population moment condition:
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sample moment condition:
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GMM estimator minimizes:
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where 
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This is a special case where there is a closed form solution for 
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Note:  
In general, GMM is used even if the Euler equation 

(F.O.C. 
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Ex 2)
Intertemporal Asset Pricing Models
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s.t. intertemporal budget  constraint.





See Verbeek p. 149



F.O.C. gives:
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Suppose that 
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 does not provide any information on the expected value of



the above expression, so that the moment condition becomes
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 EMBED Equation.3  [image: image238.wmf]


For simplicity, 
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This holds for a risk-free asset.
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Also, we can have for excess returns
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GMM estimation of 
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where 
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-  This requires numerical optimization procedures, since it is a nonlinear

    minimization problem.  Most software packages can handle this estimation.


-  Researchers need to specify the moment conditions, and use the numerical


    optimization.


Note:  W is a function of 
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, while the initial estimation of 
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 requires W.
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One-step GMM procedure uses an arbitrary W.



Iterated GMM keeps iterating.
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GMM (Generalized Method of Moments)

Basic idea:  Use the moment conditions that hold in the population, to find



        estimators in the sample.



Moment Conditions = independence condition (assumption)





         = orthogonality conditions


Eg 1)
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x and e are independent.  
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Note:
We did not use any other conditions.  We could obtain the same




results without minimizing any.


Eg 2)
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x and e are correlated






But IV z is not correlated with e.
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Note:
In this example, if we have more IVs (z) than # of regressors (x),




i.e. for 
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invertible.




i)  This is the case of over-identification in the two-stage LS




     (2SLS).




ii)  We often have more moment conditions than # of parameters




      to estimate.


General Rule of GMM


Express moment conditions as
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Then find 
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GMM estimators are obtained by minimizing
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Eg)
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under homoskedasticity
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In many cases, such closed form solutions are not available.  If so, we use non-


linear (numerical) optimization techniques.  In LIMDEP, NLSQ.


Properties of GMM Estimators


-  As efficient as the MLE.


-  Asymptotically normal.



Thus, as long as we can find moment conditions, we can obtain efficient


estimators very easily.  (Finding moment conditions is a main job in



theoretical works for complicated models)


Variance of the GMM Estimator
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where D is a matrix of derivatives with jth row equal to
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Eg 1)
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 as in OLS.



Eg 2)
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as in 2SLS



Eg 3)  non-linear cases




We resort to software for numerical evaluations.


Applications of GMM


Too many…



Eg)  Finance asset pricing models
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Thus whatever variables in 
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* Dynamic panel data model




(GMM is the most popular)
� EMBED Equation.3  ���


if each is a square matrix.





Note: This is the rank condition for identification if


L > K





use:


� EMBED Equation.3  ���
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