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Is There Enough Within Variation?

Endogeneity



FE Estimators under Endogeneity

Marriage Example: Simultaneity

Marriage Example: Simultaneity

(xtivreg wage2 (marr=L.marr), fe)

Mariagepremium3.do



Cornwell and Rupert Data

Cornwell and Rupert Returns to Schooling Data, 595 Individuals, 7 Years
Variables in the file are
EXP = work experience
WKS = weeks worked
OCC = occupation, 1 if blue collar, 
IND = 1 if manufacturing industry
SOUTH = 1 if resides in south
SMSA = 1 if resides in a city (SMSA)
MS = 1 if married
FEM = 1 if female
UNION = 1 if wage set by union contract
ED = years of education
LWAGE = log of wage = dependent variable in regressions
. 

Exercicio3.do

* IV pooled constant effects model
ivregress 2sls lwage exp exp2 (wks = occ ind south smsa ms union)
estimates store IV
estat endogenous
estat overid
estat firststage
* IV fixed effects model
xtivreg lwage exp exp2 (wks = occ ind south smsa ms union), fe
estimates store FE_IV
xtreg lwage exp exp2 wks, fe
estimates store FE_OLS
hausman FE_IV FE_OLS
estimates table IV FE_IV FE_OLS, b se t 

The Parallel Trend Assumption



The Parallel Trend Assumption

What to Do?

FE with Individual Slopes

Exercicio3.do



CR1988: RE-IV

* IV random effects model

xtivreg lwage exp exp2 (wks ed = occ ind south smsa
ms union blk fem), re

estimates store RE_IV

* Random effects model

xtreg lwage exp exp2 wks ed, re

estimates store RE

estimates table IV RE_IV RE, b se t

Exercicio4.do

Hausman-Taylor: xthtaylor

xthtaylor lwage occ south smsa ind exp exp2
wks ms union fem blk ed,

endog(exp exp2 wks ms union ed)

estimates store TH

estimates table IV RE_IV RE TH, b se t 

Exercicio4.do

Measurement Error
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Standard regression results:  General effects model
y x c
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biased twice, possibly in opposite directions.  
(Griliches and Hausman (1986).)
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Application: A Twins Study

"Estimates of the Economic Returns to Schooling from a New Sample
of Twins," Ashenfelter, O. and A. Kreuger, Amer. Econ. Review, 12/1994.
(1) Annual twins study in Twinsburg, Ohio.
(2) (log) wage equatio i,jns, y logwage twin j=1,2 in family i.
(3) Measured data: 
     (a) Self reported education, Sibling reported education, Twins report
          same education, other twin related variables
     (b) Age,



k
j

k k
j j j j

 Race, Sex, Self employed, Union member, Married,
          of mother at birth
(4)  S reported schooling by of twin j by twin k.  Measurement error.
      S S v . Re liability ratio = Var[S ]/(Var[S



  k
j j]+Var[v ])]

Example: Marriage Premium

* Effect of marr is 500

* Measurement error in the X‐variable (marr)

* Pooled OLS

regress wage marr1

* Fixed‐Effects Regression (within estimator)

xtreg   wage marr1, fe

General Conclusions About 
Measurement Error

• In the presence of individual effects, inconsistency is in 
unknown directions

• With panel data, different transformations of the data (first 
differences, group mean deviations) estimate different 
functions of the parameters – possible method of moments 
estimators

• Model may be estimable by minimum distance or GMM

• With panel data, lagged values may provide suitable 
instruments for IV estimation.

• Various applications listed in Baltagi (pp. 187‐190).



Panel Robust Statistical Inference

Problems

• Heteroscedasticity

• Autocorrelation 

• Covariance Structures

• Spatial Autocorrelation

Heteroscedasticity

• Naturally expected in microeconomic data, less so in 
macroeconomic

• Model Platforms
– Fixed Effects

– Random Effects

• Estimation
– OLS with (or without) robust covariance matrices
– GLS and FGLS
– Maximum Likelihood
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Baltagi and Griffin’s Gasoline Data

World Gasoline Demand Data, 18 OECD Countries, 19 years
Variables in the file are

COUNTRY = name of country 
YEAR = year, 1960-1978
LGASPCAR = log of consumption per car
LINCOMEP = log of per capita income
LRPMG = log of real price of gasoline 
LCARPCAP = log of per capita number of cars 

The article on which the analysis is based is Baltagi, B. and Griffin, J., "Gasoline 
Demand in the OECD: An Application of Pooling and Testing Procedures," 
European Economic Review, 22, 1983, pp. 117-137. 

Heteroscedastic Gasoline Data

Baltagi - Griffin Gasoline Data: 18 OECD Countries, 19 Years

COUNTRY 
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LSDV Residuals

Country Specific Residuals
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Evidence of Country Specific  
Heteroscedasticity

Country Specific Residual Variances
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Heteroscedasticity in the FE Model

• Ordinary Least Squares

– Within groups estimation as usual. 

– Standard treatment – this is just a (large) linear 
regression model.

– White estimator
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Heteroscedasticity in the RE Model
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Heteroscedasticity in both  and u ?
y u ,  E[ | ] ,  E[u | ]
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Autocorrelation

• Source?

• Already present in RE model – equicorrelated.

• Models:

– Autoregressive: εi,t = ρεi,t‐1 + vit – how to interpret 

– Unrestricted:  (Already considered)

• Estimation requires an estimate of ρ
i
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using LSDV residuals in both RE and FE cases
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FGLS – Fixed Effects
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FGLS – Random Effects
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Covariance Structures

• Model Structure

• Seemingly Unrelated Regressions

• OLS Estimation and ‘Panel Corrected Standard 
Errors’

• GLS and FGLS Estimation – problem of too 
many variance parameters estimated

Covariance Structures
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Generalized Regression
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Statistical Inference with Panel Data

Stata

xtregar



xtregar: Marriage Premium 
example

xtregar wage marr, fe

Ver Marriagepremium3.do

xtregar: Country example

xtgls



xtgls

xtgls

xtgls: Country Example



xtgls: Country Example

Example 2: Investment Demand

• A classical panel data model of investment demand
(Greene [2008], pp.250-252, Grunfeld and Griliches
[1960]) is defined by:Iit = αi + βFit + γCit + εit

• where
i = 10 firms: GM, CH, GE, WE, US, AF, DM, GY, 
UN, IBM.
t = 20 years: 1935-1954.
Iit = Gross investment.
Fit = Market value.
Cit = Value of the stock of plant and equipment.
eit = Error term.

• Example1_1.do

xtreg pa

Population-averaged model, allows within-group correlation 
structures to be specified for the panels

•xtreg i f c, pa
•xtreg i f c, pa vce(robust)
•xtreg i f c, pa vce(robust) corr(exchangeable)
•xtreg i f c, pa vce(robust) corr(stationary 1)
•xtreg i f c, pa vce(robust) corr(nonstationary 1)
•xtreg i f c, pa vce(robust) corr(ar 1)
•xtreg i f c, pa vce(robust) corr(unstructured)

Example1_2.do



Pooled Regression GLS

• Examples of Time Series Correlation

– Equal‐Correlation

– AR(1)

– Stationary(1)

– Nonstationary(1)
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Pooled Regression GLS

* pooled regression: GLS
xtgls i f c, panels(hetero)            // hetero. across panels      
xtgls i f c, panels(hetero) corr(ar1)  // hetero. and AR(1) within panels
xtgls i f c, panels(hetero) corr(psar1) // hetero. and panel specific AR(1)

* hetero. and cross‐sec. correlation
xtgls i f c, panels(correlated)
matrix list e(Sigma)
xtgls i f c, panels(correlated) corr(ar1)   // with AR(1) within panels matrix list
e(Sigma)
xtgls i f c, panels(correlated) corr(psar1) // with panel specific AR(1)
matrix list e(Sigma)

* panel‐corrected s.e.
xtpcse i f c, correlation(ar1)
xtpcse i f c, correlation(psar1)

example1_4.do
Xtpce and xtgls are more suited than xtgee for long panels.

xtoverid: Robust Hausman Test
Abdata.dat

*(Balanced panel)

xtreg n w k if year>=1978 & year<=1982, re

xtoverid

est store re

xtreg n w k if year>=1978 & year<=1982, fe

est store fe

*(In homoskedastic balanced panel case, Hausman test using sigma from
FE estimation...)

hausman fe re, sigmaless

*(Artificial regression overid statistic readily extends to non-
homoskedastic case)

xtreg n w k, re cluster(id)

xtoverid


