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I. Introduction
In estimating a distributed lag model it is well known that some 
procedures like (OLS) give consistent estimates of the parameters 
if ut’s are non-autocorrelated. If the errors are, however, 
autocorrelated, the OLS estimates are seriously biased even for 
large samples.
According to Gochran and Orcutt [19], three reasons may be 
associated for expecting autocorrelation in the errors: -

Given an autocorrelated series, the choice of an incorrect •	
functional form will result n autocorrelated errors.
Errors arising from the omission of economic and non-•	
economic variables will tend to be autocorrelated, as the 
omitted variables are generally autocorrelated.
Errors of measurement present in the data are often •	
autocorrelated.

Many worker have put forward test statistics for determining 
the presence of serial correlation in residuals of distributed lag 
models. We see that the combination of the lagged ‘Y’ values and 
serially correlated disturbance means that the OLS estimators will 
now not even be consistent. Autocorrelated disturbances without 
lagged Y values do not produce biased estimators even in small 
samples; lagged Y values with random disturbances will give OLS 
estimators	which	are	consistent,	though	biased	in	finite	samples.	
The combination of the two problems, however, throws OLS 
off-beam and gives inconsistent estimators. 
We see that when we include lagged endogeneous variables in 
an equation estimated by OLS, the conventional (D – W) test is 
asymtotically biased towards 2 (the value which it should have 
if no serial correlation is infact present). Thus the use D-W test 
for serial correlation in the residuals when the estimated equation 
contains lagged values of any endogeneous variable is doubtful.
Malinvaud, presented the results of some Monte-Carlo studies 
of the model
yt	=	α	yt-1	+	β	xt-1 + ut    (1)
under various assumptions concerning the ut process. He also 
extended the asymptotic results to cover the bias in the estimated 
autocorrelation	coefficients.	Results	of	 these	sampling	studies	
for the D – W test underline the distinction that under the null 
hypothesis	of	serially	independent	residuals,	the	significance	level	
of the test is close to that which is valid for a corresponding 
model with exogeneous regressors, but under the alternative 
hypothesis of positive autocorrelation, the power of the test is 
much reduced in the presence of the lagged dependent variable 
among the regressors.
Bias calculated for a model below which contain no exogeneous 
variables is not peculiar to this case alone, but also exists in models 
which in addition contain exogeneous variables [27]. Consider 
the model: 
yt	=	β	yt-1 + ut     (2)
ut	=	ρ	ut-1 + et,	|ρ|,	|β|	<	1	 	 	 	 (3)
and	E	(es	et)	=	0	for	s	≠	t.
Suppose that despite of the fact that ut in (2) are serially correlated, 
we	estimate	β	by	OLS.	This	gives:	

        (4)

Let us calculated the residuals ut*  = yt -  yt-1 and from these, 
obtain	the	D	-	W	statistic,	d*	=	∑	(ut*  - u*t-1	)2	/	∑(ut*)2 (5)   
In the limit, plim 

      (6)
Using Malinvaud’s results for the asymptotic value of the estimated 
serial	correlation	coefficient,	if	the	true	values	of	residuals	have	
been used, we should have had (asymptotically)
d=	2	(1-ρ)	 	 	 	 	 						(7)
Hence the asymptotic bias in d* is given by

b = plim  d* - d = 2 	iff	|β|,	|ρ|	<	1	 						(8)

It is relatively easy to show that the estimated D – W statistic d* is 
always asymptotically biased towards 2, no matter what the values 
of	β	and	ρ;	hence,	there	is		always	a	presumption	against	finding	
evidence of serial correlation, no matter what the true` situation 
may	be.	Thus	a	‘non-significant’	value	of	D-W	statistic	does	not	
preclude the possibility that OLS estimates are inconsistent when 
lagged endogeneous variables are present.
Durbin 27 gave two tests which are asymptotically equivalent 
to	 the	likelihood	Ratio	 test	(LR	test).	According	to	 the	test	I,	
consider the model
yt	=	α	yt-1	+	βxt +  ut           (9)
ut	=	ρ	ut-1 + et,	|α|	<	1,	|ρ|	<	1	 	 	 							(10)
where et’s are independently normally distributed with zero mean 
and	variance	σ2

e. 
Let	us	first	estimate	equation	(9)	by	OLS.	From	the	computed	
residuals,	calculate	the	first	order	serial	correlation.	Let	be	the	
estimate	of	the	variance	of	a,	the	lest	square	estimate	of	α.	

Define	h	=	
))(ˆ(1

ˆ
avn

ne
−

           (11)

where n, is the sample size. Now use h as a standard normal 
deviate	to	test	the	hypothesis	ρ	=	0.	If	n v̂ (a) > 1, then the test 
is	not	applicable.	For	this	situation	Durbin	suggested	fitting	(9)	
assuming	ρ	≠	0	or	to	test	the	hypothesis	ρ	=	0	by	Test	II	or	the	
LR	test.
Test II proposed by Durbin is as follows:
From	the	least	square	estimation	of	(9)	compute	the	residuals	
û t. The regress û t on û t-1,	yt-1	and	xt.	The	test	for	ρ	=	0	is	
carried	out	by	testing	the	significance	of	 the	coefficient	of	 û
t-1	by	OLS	procedures.	Finally,	the	IR	test	is	carried	out	on	the	
following lines:
Let s2

1 be the residual sum of squares from the least square 
estimation of (5.1.9).
Define		 	 yt(ρ)		=		yt	=	ρ	yt-1         (12)
  xt(ρ)		=		xt	=	ρ	xt-1		 	 							(13)
and let s2

2	(ρ)	be	the	residual	sum	of	squares	from	a	regression	of	
yt	(ρ)	on	yt-1	(ρ)	and	xt	(ρ).

Let s2
2 =   (s2

2	(ρ)	/	(1-ρ
2)1/n)   (14)

Then		 λ			=				-	n	loge (s
2

2/ s
2

1)   (15)
has	 a	 χ2 distribution with one degree of freedom under the 
hypothesis																ρ	=	0.
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According to Durbin all these three tests are a-symptotically 
equivalent. Also, we can see that Durbin’s Test I coincides with 
the	large	sample	test	suggested	by	Rao	as	an	alternative	to	the	LR	
test.	Maddala	and	Rao,	compared	the	performance	of	the	two	tests	
for	serial	correlation	suggested	by	Durbin	with	LR	test	by	means	
of two sets of Monte-Carlo experiments. According to them there 
is not much to choose between these two tests.
We can see Durbin’s test I is easier to apply than his Test II 
or	the	LR		test.	The	results	of	Maddala	and	Rao	also	showed	
that not much can be gained by using Test II. The fact that 
these tests are able to reject the null hypothesis of no serial 
correlation does not seem to be a good consolation. The procedure 
suggested, when the null hypothesis is rejected, is to estimate 
all	 the	parameters	 simultaneously	by	 some	efficient	method.	
The nature of autoregression in the exogeneous series is of great 
importance in the study of small sample behaviour of test statistics 
and estimators. Grilliches suggested a rough test to discriminate 
between simple serial correlation models and lagged adjustment 
models. He considered the model
yt = a xt + ut      (16)
Where, ut = b xt-1 + et      (17) 
And et were serially uncorrelated. By combining these two 
equations we get
yt = a xt + b yt-1 - ab xt-1 + et		 	 	 (18)
According to Grilliches if the introduction of a lagged independent 
variable	results	in	a	coefficient	which	is	approximately	equal	to	
the	product	of	 the	coefficients	of	 the	current	 independent	and	
lagged dependent variable with the sign reserved, then the model 
is one of serial correlation in residuals with no lags in adjustment 
rather than one of lagged adjustment with serially uncorrelated 
residuals. Grilliches suggests that the correct solution is to look 
for the causes of serial correlation and remedy them.
Recently	Godfrey,	gave	a	test	for	testing	serial	correlation	in	a	
regression model. In the following year, he gave another expression 
for	his		λ	test	which	is	applicable	when	the	dependent	variable	
lagged one period is present among the explanatory variables. 
According	to	his	test,	the	stable	regression	model	is	specified	as	
yt	=	β0 yt-1	+	β1 x1t	+	...	+	βn xnt + ut;		|β0|	<1	 	 (19)
where {xit} are exogenous.
It is assumed that serial correlation has been detected in the 
estimated ut errors and we want to test the hypothesis
ut	=	ρ	ut-1 + et;			|ρ|	<	1	 	 	 	 (20)
where et are independently and normally distributed with zero 
mean	and	variance	σ	2
Combining the above two equations we get
yt	=	α1 x1t	+	...	+	αk xkt	+		αk+1 x 1t-1	+	...	+	α2k xkt-1	+	α2k+1 yt-1 +...
	 	 	 +...	+	αm+2 xm-kt + et (21)
where m = Number of linearly independent vectors in the set
  {x1t}, .... {xnt},  {x1,t-1}, ....,  {xnt-1}
and	the	coefficient	of	(21)	obey	the	restrictions	
αi	=	βi	and	αi+k	=	-ρβi; i = 1, 2, ..., k   (22)
	 	 α2k+1	=	(ρ+β0)	 	 	 (23)
	 	 α2k+2	=	-ρβ0   (24)
Let	α*	=	(α1,	α2,	....,	α2k+2)’	and	αi	(α*)	=	(αi	+	k/αi)	=	(α2k/k)
Now	if	we	estimate	(21)	by	OLS	and	the	estimate	of	α*	is	a*,	
then the test procedure is based upon an investigation of how 
likely	it	is	that	the	unrestricted	least	square	estimate	a*	satisfies	
the restriction 
h	(α*)	=	0k      (25)
where 0k is a k x 1 vector with every element equal to zero.
The	λ	test	to	be	applied	to	the	above	dynamic	regression	model	
is 

λ	=	h(a*)’			[H(a*)v*	H(a*)’]-1  h(a*)  (26)
Where V* is the estimate of the variance-covariance matrix of 
a* and 
H(a*)	=	[∂hj	(a*)/∂aj ] , i = 1, 2, ...., k; j = 1, 2, ...., (2k + 2)   (27)
Matrix H(a*) in the partitioned form is H (a*) = 
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	 	 	 	 (28)
where B(a*) is a (k – 1) x 2k matrix, E is a (k – 1) x 2 matrix, C 
(a*) is a 2k x 1 vector and d (a*) is a 2 x 1 vector.
The matrix B(a*) has the form
B(a*)  = [B1* :  b2* :  B3* : b4*]   (29)
where B*1, is a (k – 1) x (k – 1) diagonal matrix with typical 
diagonal element equal to ai+k / a1

2; i = 1, ...., (k-1);  b2* is a (k-1) 
x 1 vector with every element equal to (a2k/ak2); B3* is a (k-1) x 
(k-1) diagonal matrix with typical diagonal element equal to (1/a1), 
i = 1, 2, ...., (k-1) and b4* is (k – 1) x 1 vector with every element 
equal to -(1/akl). The  matrix E has every element equal to zero.
The only non zero elements of the vector C(a*) are the kth element, 
which equals (a2k+1 a 2k - 2 a 2k + 2aK) and the 2Kth element, which 
equals 2a2k + a2k+1ak. The vector d (a*) is given by
d(a*)’  =  (a2ka k 1- ak2)	 	 	 	 (30)
The	test	statistic	as	defined	by	(26)	is	asymptotically	distributed	
as	χ2k	variate	if	the	autoregressive	error	hypothesis	is	correct.	
To	calculate	the	sample	value	of	λ	statistic,	we	should	estimate	
equation (21) by OLS and use the a* estimates to construct h(a*) 
and H(a*). These sample estimates should then be combined with 
the	estimate	of	V*	to	obtain	the	value	of	λ	from	equation	(26).	If	
the	sample	value	of	λ	exceeds	some	critical	value	for	a	λ2k variate, 
then the autoregressive error hypothesis should be rejected and 
not otherwise.

II. Estimation of Panel Models
This study introduces a new bias-corrected estimator for dynamic 
panel	models	with	 fixed	 and	 spatial	 effects	 to	 test	 for	 habit	
formation at the aggregate level. Testing for habit formation 
is important because consumption-based asset pricing models 
with habits are one of the leading approaches in explaining asset 
pricing phenomena (Constantinides 2002). In these models, the 
welfare of the consumer depends on the difference between actual 
consumption and a habit level of consumption.  The habit is a time-
varying subsistence level, and it typically takes one of two forms. 
For	models	in	which	the	determinants	of	the	habit	are	internal	to	
the consumer (internal habit), the consumers’ consumption habits 
are	influenced	by	own	past	consumption	(Constantinides	1990;	
Ferson	and	Constantinides	1991;	Ferson	and	Harvey	1992;	Fuhrer	
2000;	Dynan	2000).	For	models	in	which	the	determinants	of	the	
habit are external to the consumer (external habit), consumers’ 
consumption	habits	are	influenced	by	the	consumption	decisions	of	
other consumers (Abel 1990; Gali 1994; Campbell and Cochrane 
1999; Chan and Kogan 2002; Wachter 2006). Even though internal 
and external habits are widely used, there are only a couple of 
studies estimating models that include both of them (Grishchenko 
2004;	Ravina	2005).
Since little is known about the relative importance of internal and 
external	habits,	we	test	for	their	significance	by	estimating	Euler	
equations	with	data	for	the	48	continental	U.S.	states.	As	in	Ferson	
and Constantinides (1991), the measure of the external component 
of the habit is a weighted average of past consumption growth 
rates of other cross-sectional units; this type of external habit is 
called “catching up with the Joneses”. The external habit of a state 
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is	a	spatially	lagged	dependent	variable	because	it	is	defined	by	
consumption growth rates of other states spatially located in the 
same national economy. The Euler equation of the economic model 
with both types of habit formation produces a dynamic panel 
regression in which the dependent variable is the consumption 
growth	rate	of	each	U.S.	state.	The	regression	 includes	fixed	
effects to allow for heterogeneous rates of consumption growth 
across the U.S. states. The regression involves a time-lagged 
dependent variable (the internal-habit measure) and a spatially 
lagged dependent variable (the external-habit measure). The 
regression also contains the contemporaneous return of the one-
month Treasury bill (the endogenous regressor).
The existing literature provides little guidance on estimating panel 
regression models with habit variables and endogenous regressors.  
We therefore introduce a new estimator, which extends the work 
of Hahn and Kuersteiner (2002) on estimating dynamic panel 
models with the least-squares dummy variable (LSDV) estimator. 
My extension, which allows for spatial effects and endogenous 
control variables, is a hybrid of the LSDV and the instrumental 
variable	estimator	of	Anderson	and	Hsiao	(1982).	Like	Hahn	and	
Kuersteiner (2002), we rescale (de-mean) the data to eliminate the 
fixed	effects	from	the	estimation,	and,	like	Anderson	and	Hsiao	
(1982),	we	instrument	the	endogenous	control	variables.	We	show	
that the hybrid estimator is asymptotically biased. We therefore 
use	its	asymptotic	bias	to	define	a	bias-corrected	estimator	that	is	
asymptotical unbiased and asymptotically normal. In practice, the 
bias-corrected estimator might be preferred to a pure instrumental 
variable (IV) estimator because it only instruments the explanatory 
variables whereas an IV estimator has to also instrument the time-
lagged and spatially lagged dependent variables. Consequently, the 
IV might be more exposed to weak instrument biases compared 
to the bias-corrected estimator (Hahn, Hausman, and Kuersteiner 
(2002),	Hahn		and	Hausman	(2003)).	
Moreover,	 using	Monte	 Carlo	 simulations,	 we	 find	 that	 the	
bias-corrected estimator compares favorably to a pure IV-type 
estimator.	First,	We	find	that	 the	bias-corrected	estimator	has	
low	finite-sample	bias	and	low	standard	deviation.	It	also	has	
a smaller root mean squared error than the pure IV estimator of 
Anderson	and	Hsiao	(1982).	Second,	We	find	that	in	the	presence	
of	measurement	error,	the	finite-sample	bias	of	the	bias-corrected	
estimator increases. The estimator however, maintains a low root 
mean squared error, and again has a lower standard deviation than 
the pure IV estimator. 
We apply the bias-corrected estimator to test for habit formation. 
Like most studies in the consumption-based asset pricing literature, 
we test for habit formation at the aggregate level. However, instead 
of	using	national	data,	we	use	annual	data	for	the	48	continental	
U.S.	states	for	the	period	1966-98.	State-level	data	have	important	
advantages when testing for habit formation. Specially, even though 
state-level data are aggregate data, they exhibit considerable cross-
sectional	variation.	Thus,	for	each	state,	We	can	define	measures	
of external-habit formation that are independent of internal-habit 
measures.	For	instance,	if	we	considering	New	Jersey,	an	external-
habit measure can be the average of past consumption choices 
of states other than New Jersey, and a measure for the internal 
component of the habit is the past consumption level of New 
Jersey itself. This clear distinction between the two habit measures, 
which is lost when using national data, provides a powerful way 
to determine the type of habit best supported by the data. 
In the empirical application, we measure internal-habit formation 
by	own	past	consumption.	We	also	consider	five	external-habit	
measures	that	exclude	own	consumption.	The	first	one	is	based	on	

the past consumption of neighboring states. The second measure is 
inversely related to the geographic distance between the U.S. states 
(Hernández-Murillo	2003).	In	this	case,	the	further	apart	two	states	
are,	the	less	they	influence	each	other.	As	in	Case	(1991),	Topa	
(2001),	and	Ravina	(2005),	these	two	habit	measures	test	whether	
the external component of the habit is determined by geographic 
proximity. We also consider potential determinants of external-
habit formation, other than habit measures test whether the external 
component of the habit is determined by geographic proximity. We 
also consider potential determinants of external-habit formation, 
other than proximity. In particular, the third measure recognizes 
that consumption trends might originate from urban centers and 
thus	refines	the	distance-based	habit	using	the	percentage	of	a	
state’s population living in urban areas. To further examine the 
effect of urban centers, the fourth measure deletes from the third 
measure	all	the	states	with	a	low	degree	of	urbanization.	Finally,	
in	the	fifth	measure,	the	external	habit	is	given	by	the	average	
consumption of all states excluding the stage in question. The 
firth	measure	is	almost	identical	to	past	U.S.	consumption,	which	
is a popular choice in many asset pricing models (Abel 1990; 
Campbell and Cochrane 1999; Wachter 2006).
The	 estimation	 finds	 supporting	 evidence	 for	 external-habit	
formation and provides only weak evidence of internal-habit 
formation.	In	particular,	 the	results	for	 the	five	external-habit	
measures indicate that the closer two states are, the more they 
affect each other, a result consistent with existing work (Case 
1991;	Ravina	2005).	We	also	find	suggestive	evidence	that	states	
with population that predominantly lives in urban centers affect 
the consumption of other states the most. 
Beyond testing for habit formation, the bias-corrected estimator is 
of practical relevance to a wide range of studies, such as country 
comparisons	(Islam	1995;	Lee,	Pesaran,	and	Smith	1998)	and	
microeconomic studies using synthetic cohort data (Mason and 
Fienberg	1985;	Deaton	1997).

A. Econometric Model
This study introduces a procedure for estimating linear models 
that	includes	fixed	effects,	a	time-lagged	dependent	variable,	and	
a spatially lagged dependent variable:

],T,...,1[t],N,...,1[i,cX1Yw1YY itiitt,jij

N

1jt,i1it ==η++λ+−Σρ+π=
=   

(27)
where Yit is the dependent variable for cross-sectional unit i at 
time t (Section A.4 in the appendix provides a generalization of the 
model with m1 time-lagged dependent variables, and m2 spatially 
lagged dependent variables). The timing convention is that the 
available data for estimation is from t = 0 to t = T . Like Hahn and 
Kuersteiner (2002), the observation of Y at t = 0, Y0, represents the 
initial condition of Y, and is taken to be nonstochastic and known 
to	the	econometrician.	The	random	variable	ηit	is	an	IID	error	term	

with zero mean and variance 2
ησ .	The	constant	ci	is	the	fixed	effect	

of cross-sectional unit i that absorbs time-invariant characteristics 
of	i	influencing	the	dependent	variable	Y.	The	vector	Xit	is	a	1×K	
vector	of	endogenous	control	variables	(see	Condition	3	below	
for	additional	assumptions	on	Xit).	The	K×1	vector	λ	includes	the	
parameters related to Xit. The set of control variables can include 
contemporaneous and time-lagged values of X.
The weight wij measures the importance of Yj,t−1 on Yit. The weights 
are observed quantities, which are known to the econometrician, 
and they are therefore exogenous. Because the spatial lag, 

,1,1 −=Σ tjij
N
j Yw is a weighted average of past consumption choices 
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of other cross-sectional units, it is the measure of the catching-up 
habit.	The	weights	wij	are	organized	in	the	N	×	N	matrix	W	called	
the spatial matrix. The structure of W is explained in Condition 2 
below.	The	presence	of	the	fixed	effects	allows	for	non-parametric	
estimation of the time-invariant differences between the cross-
sectional	units.	We	choose	the	fixed	effects	model,	over	the	random	
effects one, because it is more appropriate for models with habit 
formation. The economic model in Section 4 reveals that the 
fixed	effects	are	related	to	state-specific	discount	rates.	Since	the	
state-specific	discount	rates	depend	on	state	characteristics	(e.g.	
demographics), I cannot treat them as independent realization of 
a random shock, which is the assumption made in random effects 
models	(Hausman	(1978),	Greene	(2003),	and	Hsiao	(2003)).	
For	similar	reasons,	Asdrubali,	Sorensen,	and	Yosha	(1996),	and	
Ostergaard,	Sorensen,	and	Yosha	(2002)	use	 the	fixed	effects	
specification	when	 estimating	 panel	models	with	 state-level	
consumption data. 
The econometric model (1) is different from the model in Hahn 
and Kuersteiner (2002) in two ways: It allows for endogenous 
control variables, and it includes the spatially lagged dependent 
variable 1,1 −=Σ tjij

N
j Yw . In particular, Hahn and Kuersteiner (2002) 

propose a bias-corrected estimator for dynamic panel models 
with	only	fixed	effects	and	no	endogenous	explanatory	variables:	
Yit=π1Yi,t−1+Xitλ+ci	+	ηit.
The econometric model (1) operates under three conditions: 
condition 1 includes the assumption about the regression error 
term,	 the	 initial	 conditions	 of	Y,	 the	fixed	 effects	 c,	 and	 the	
asymptotic sequences. Condition 2 deals with the spatial matrix 
W,	and	 condition	 3	 presents	 the	 assumptions	 for	 the	 control	
variables X.
Condition	1.	1(1):	The	error	term	ηit	is	IID	across	N	and	T.	All	the	
moments	of	ηit	exist	and	E|ηit|

2+ζ	<	∞	for	some	ζ	>	0	and	all	i	and	
t.	1(2):	The	limit	of	N	⁄	T	exists	(as	N,	T	→	∞)	and	it	is	bounded	
between	0	and	∞,	i.e.	N,	T	→	∞	such	that	lim(N/T)	=				k,	0	<	k	
<	∞.	1(3):	|ρ1|	+	|π1|	<	1.	1(4):	maxi	|Yi0|2	=	O(√N).	1(5):	maxi	
|ci|ζ	=	O	(1),					ζ	>	0.
Remark	1	:	Condition	1(1)	does	not	allow	any	cross-sectional	or	
time correlations in the error term. Because the scope of model (1) 
is to estimate any time correlations (through time-lagged dependent 
variables) and any spatial correlations (through spatially lagged 
dependent variables), it is convenient to purge such effects from 
the error term. Among others, panel models with cross-sectional 
dependence in the error term are investigated in Conley (1999) 
and	Phillips	and	Sul	(2003).
Remark	2	:	Condition	1(2)	assumes	that	T	and	N	grow	at	a	finite	
rate, which is in line with the asymptotic analysis in Hahn and 
Kuersteiner	(2002).	Allowing	both	T	and	N	to	go	to	infinity	is	
a	useful	analytical	device	because	 letting	T	approach	 infinity	
identifies	 the	fixed	effects	which	vary	across	 i,	and	 letting	N	
approach	infinite	identifies	the	parameter	on	the	spatially	lagged	
dependent variable (Anselin 2001).
Remark	3	:	Condition	1(3)	is	a	stationarity	assumption.	Conditions	
1(4) and 1(5) control the behavior of the initial conditions Y0 and 
the	fixed	effects	c	respectively.
Condition	2:	Spatial	Matrix.	The	matrix	W	is	an	N	×N	matrix	with	
wij being the element on its ith row and jth column. 2(1): W is a 
real non-negative matrix, that is wij	≥	0	for	all	i	and	j.	2(2):	All	
the diagonal elements of W are zero, that is wii	=	0	for	all	i.	2(3):	
The rows of W sum to one, that is 11 =Σ = ij

N
j w for all i. 2(4) The 

maximum column sum of W is kc, and kc	is	finite	and	strictly	less	
than k0	=	[(|π1|+|ρ1|)−1	−	|π1|]/	|ρ1|.	2(5):	As	N	→	∞,	W	maintains	
the above properties.

Remark	4	:	Condition	2(1)	holds	for	all	spatial	matrices.	If	wij > 
0, then unit j affects unit i. If wij = 0, then unit j does not affect i. 
Condition 2(2) is a normalization, which implies that i does not 
affect	 itself.	Condition	2(3)	implies	that	spatial	variables,	 like	

,1,1 −=Σ tjij
N
j Yw are weighted averages. 

Remark	5	:	Conditions	2(3)	and	2(4)	restrict	the	degree	of	cross	
sectional correlation between the units. Note that in virtually all 
large sample theory one has to restrict the degree of permissible 
correlations.	For	example,	see	Potscher	and	Prucha	(1997,	chapters	
5 and 6), and Kapoor, Kelejian, and Prucha (2004, assumption 
4).
Remark	6	:	The	bound	on	kc,	k0,	is	very	weak	and	in	practice	it	is	
very	unlikely	that	it	will	be	binding.	For	example,	in	the	empirical	
application in Section 4, across the various spatial Estimating 
Panel	Models	with	Internal	and	External	Habit	Formation	8
matrices I consider, the largest value for kc is 2.49, and the smallest 
value for k0	is	32.	The	specific	value	of	k0 is chosen for technical 
reasons	explained	in	the	Appendix.	See	the	analysis	of	Results	1	
and 2 in Section A.1 of the Appendix.
Remark	7	 :	Condition	2(5)	restricts	 the	asymptotic	 theory	on	
the set of spatial matrices that satisfy all the aforementioned 
conditions.
Remark	8	:	Under	Condition	2,	the	matrix	W	does	not	have	to	be	
symmetric. In fact, because the rows of W sum to one, it is unlikely 
that wij will equal to wji. Moreover, Condition 2 does not preclude 
cases where wij > 0 and wji = 0. In this case, j is the leader and it 
affects, but it is not affected by, i the follower.
Condition	3:	Endogenous	Control	Variables.	The	control	variables	
X	are	correlated	with	the	regression	error	term	η:	 hsh xkjsitkX ,, )( =
for i=j, t=s, and E (Xk,itηjs) = 0 otherwise. The probability limit 
of the matrix (1/NT)  )()(11

d
it

td
it

T
t

N
i XX== ΣΣ is	finite	and	nonsigular	

( ).1
1

, it
T
tiiit

d
it XTXXXX =

− Σ=−=  All the moments of Xit, exist and the 
expectations VV h +

=
+

= ΣΣ 2
,1

2
,1 |||| ititk

K
kitk

K
k XEandXE are bounded for some 

ζ	>	0	and	all	i	and	t	(K	is	the	total	number	of	control	variables,	
Xk,t	is	an	N	×	1	vector	with	the	observations	of	the	kth	control	
at time period t).
Remark	9	:	The	assumption	of	endogenous	control	variables	is	
not	standard	in	the	spatial	econometrics	literature.	For	example,	
both Kapoor, Kelejian, and Prucha (2004) and Baltagi, Song, Jung, 
and Koh (2004) assume that the control variables are exogenous. 
However, in testing for habit formation, most control variables are 
endogenous. Such a variable is the interest rate on Treasury bills, 
which	is	affected	by	the	policies	of	the	Federal	Reserve.	These	
policies are themselves determined by economy-wide shocks 
that	also	influence	state-level	consumption	growth,	which	is	the	
dependent variable in the regression of the habit model.

B. Bias-Corrected Estimator
This section develops the bias-corrected estimator, which is based 
on the Least Squares Dummy Variable (LSDV) estimator. The 
typical	LSDV	estimate	of	φ	is:

					(28)
where the superscript d denotes data that have been rescaled (de-
meaned) to have zero mean. The matrix data matrix 
equal to (Yi,t−1, WiYt−1, Xit), Xit	is	a	1	×	K	vector,	Wi	is	the	ith row 
of the spatial matrix W, and Yt−1 = [Y1,t−1, ..., YN,t−1]’.
Unfortunately,	 the	LSDV	 is	 a	biased	estimator	of	φ.	 Its	bias	
originates	from	the	presence	of	fixed	effects,	which	gives	rise	to	
the incidental parameter bias, and from the presence of endogenous 
control variables. To eliminate the incidental parameter bias, 
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We follow the bias-correction method of Hahn and Kuersteiner 
(2002). Because Hahn and Kuersteiner (2002) do not allow for 
endogenous regressors, we  extend their approach to accommodate 
for	endogeneity.	This	 is	done	in	 two	steps.	First,	we	define	a	
hybrid	estimator,	a	modification	of	LSDV,	that	does	not	suffer	
from endogeneity issues. Second, because the hybrid estimator 
only suffers from the incidental parameter bias, we can apply 
the bias-correction approach of Hahn and Kuersteiner (2002) to 
obtained	an	asymptotically	unbiased	estimator	of	φ.

1. Hybrid Estimator 
We define a hybrid estimator that modifies the LSDV by 
instrumenting the control variables. The hybrid estimator is given 
by

      (29)
where  The only difference 
between  and is that Xit is replaced (instrumented) 
with	Zi,t−1,	which	 is	 a	 1	 ×	K	 vector	 of	 instruments	 for	 the	
endogenous variables Xit.
The  is a hybrid between the LSDV and the instrumental 
variables	estimator	by	Anderson	and	Hsiao	(1982).	As	 in	 the	
LSDV,	the	hybrid	estimator	eliminates	the	fixed	effects	by	de-
meaning	the	data.	As	in	Anderson	and	Hsiao	(1982),	who	proposed	
an instrument variable estimator for dynamic panel models with 
only	fixed	effects,	it	accounts	for	endogeneity	by	instrumenting	
the endogenous control variables. In particular, the instruments 
for the regressors dated at time t can be any variable dated at 
time	t	−	τ	,	τ	>	0.	The	instruments	for	regressors	dated	at	t	−	τ	,	τ	
> 0, can be the regressors themselves. The instruments Z behave 
according to condition 4.
Condition 4: Instruments. The instruments Z are contemporaneously 
correlated	with	the	regression	error	term	η:	E	(Zk,itηjs)	=	σkzη for i 
= j, t = s, and E (Zk,itηjs)= 0 otherwise. The probability limit of the 
matrix (1/NT) 	is	finite	and	nonsingular.	All	the	
moments	of	Zit	exist	and	for	all	i,	t,	and	ζ	>	0,	the	expectations	
are bounded.

	 (30)
Remark	10	:	In	condition	4,	I	assume	that	the	contemporaneous	
values of the instruments, Zt, are correlated with the error term 
ηt.	I	make	this	assumption	because	in	practice	it	is	difficult	to	find	
instruments, which are orthogonal to the error term. However, 
time-lagged values of Zt	are	taken	to	be	independent	of	ηt and 
they can serve as valid instruments. The orthogonality between 
Zt−s	and	ηt, s > 0, is consistent with rational expectation models 
where	error	terms	like	ηt	are	interpreted	as	forecast	errors,	which	
have to be orthogonal to any past information (see the discussion 
in Section 4.2).
Having	defined	the	instruments	for	the	endogenous	regressors,	I	
follow Hahn and Kuersteiner (2002) and I show that the has 
a	finite	asymptotic	bias.	I	also	use	arguments	similar	to	Driscoll	
and	Kraay	(1998)	to	establish	that	the	uncorrected	hybrid	estimator	
converges to a normal distribution.
Theorem 1. Under conditions 1 to 5,

where B is a vector of bias terms, and 

 

The   estimator is consistent but has a limiting distribution 
that is not centered at zero.
The asymptotic bias vector B is the limit of BNT :

  
	 	 	 	 	 	 (31)
where tr	is	the	trace	operator.	The	1×K	vector	σxη	=	(σ1,xη,	...,	σK,xη) 
contains	the	expectations	σk,xη = E(Xk,itηit), k = {1, ..., K}. The 1 
×	K	vector	σzη	=	(σ1,zη,	...,	σK,zη)	contains	the	expectations	σk,zη = 
E(Zk,itηit), k = {1, ..., K} (Zk is the instrument for the kth control 
variable Xk).	Also,	the	matrix	Π	is	(I	−	Ψ)−1,	Ψ	=	(π1I	+	ρ1W).

2. Bias-Correction
Theorem 1 shows that the asymptotic bias of the hybrid estimator 
is	bounded.	I	therefore	use	the	bias	vector	(3),	and	I	define	the	
subsequent bias-corrected estimator:

  
	 	 	 	 	 	 (32)
where  is the value of BNT under a consistent estimator of 
φ,   Unlike the estimator, the bias-corrected estimator 
is consistent, and its distribution is centered at zero:
Theorem 2. Under conditions 1 to 5,

 , where Q and V are as in theorem 
1.	Proof	 :	 See	 appendix	A.3.	Note	 that	 condition	5	 is	 in	 the	
appendix.

3. Implementation
To	 implement	 the	 bias-corrected	 estimator	 bϕc,	 one	 needs	 a	
consistent estimator of   one needs a consistent estimator 
of  to calculate the bias vector BNT. It is important to 
choose a 		which	has	good	finite	sample	properties,	to	ensure	
that	the	finite	sample	performance	of	the	corrected	estimator
is	not	hindered	by	any	finite	sample	biases	in . Moreover, one 
needs a consistent estimate of V to calculate the standard errors 
of .
First,	to	obtain	 	I	modify	the	Anderson	and	Hsiao	(1982)	(AH)	
estimator	to	accommodate	for	spatial	effects.	Specifically,	I	take	
first	differences	of	regression	(1)	to	factor	out	the	fixed	effects		

and	 I	 then	 estimate	 the	 first-difference	
model using instrumental variables. The Anderson and Hsiao 
(1982)	estimator	for	π1,	ρ1,	and	λ	is:

	 (33)
where e 2,

~
−tiZ (= (Yi,t−2, WiYt−2, Zi,t−2)) includes the instruments 

for 
1,

~
−∆ toX (=	 (ΔYi,t−1, WiΔYi,t−1,	 ΔXt)). I use the residuals  

to estimate To	obtain	estimates	of	σxη	
and	σzη,	I	respectively	use	the	sample	averages	of	 the	cross-
products of Xt and Zt with  where  is the residual from 
the AH estimation Kiviet (1995) uses 
a similar approach to calculate the bias-correction terms for 
the	LSDV	estimator	in	dynamic	panel	models	with	only	fixed	
effect.
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Remark	11	:	An	alternative	way	to	calculate	σxη	and	σzη is with 
cross-products with 		In	unreported	results	however,	I	find	that	
this alternative approach has almost no impact on the empirical 
results.
Remark	12:	An	alternative	choice	for	  is the biased LSDV  
which is also consistent according to Theorem 1. In unreported 
simulation	results,	available	upon	request,	I	find	that	the	percentage	
finite	sample	bias	of		 	is	higher	than	the	finite	sample	bias	of	
the  . Therefore, in the estimations presented use for 
the initial estimator Second, to calculate the standard errors 
of  I obtain a consistent estimate of V following Driscoll and 
Kraay	(1998).	Driscoll	and	Kraay	(1998)	extend	Andrew’s	(1991)	
heteroscedasticity-consistent and autocorrelation-consistent 
(HAC) estimator of the covariance matrix of the score function 
of	 panel	 models.	 The	 Driscoll	 and	 Kraay	 (1998)	 estimator	
is	 implemented	in	three	steps.	First,	at	each	point	in	time	one	
calculates the cross-sectional averages hN,t,

	 	 (34)
Next, using the time-series of these cross-sectional averages, 
hN,t, one applies Andrew’s (1991) HAC methodology to obtain 
the variance-covariance matrix of hN,t,	Vh.	Finally,	one	uses	the	
sandwich formula,

(35)
to calculate the variance-covariance matrix of the bias corrected 
estimator .

References
[1] Aggarwal N L, Petal G N (1994),"Growth and instability 

in production of groundnut in saurashtra region of Gujrat", 
Agriculture Situation in India 49, pp. 171-174.

[2]	 Anonymous(1987),"Edible	oilseeds:	Growth	and	Supply	
behaviour in India", Agriculture Situation in India 40, pp. 
623-625.

[3]	 Chamola	S	D,	Hasija	R	C	(1981),"Oil	seed	production",	
Yojana 25, pp. 24-25.

[4]	 Chatha	I	S,	Singh	J	(1983),"Causes	of	stagnation	in	production	
of	pulses	and	oilseeds	in	Punjab",	Economic	Affairs	28,	pp.	
555-567.

[5] Das Profula K(1995),"The trends in oilseeds production 
utilization	 in	 India",	 Central	 plantation	 crops	 Research	
Institution Kerala.

[6]	 Despande	R	S	(1996),"Demand	and	supply	of	agriculture	
commodities",	Indian	J	Agr.	Econ	51,	pp.	277-285.

[7] Dhindsa K S and Sharma Anju (1997),"A regional analysis of 
growth and supply response pof pulses- A study of Punjab", 
Indian	J	Agri	Econ	52,	pp.	87-100.

[8]	 Grewal	 S	 S	 and	Rangi	 P	 S	 (1983),"Analytical	 study	 of	
growth	of	Punjab	agriculture",	Indian	J	Agri	Econ	38,	pp.	
509-519.

[9]	 Jain	K	K,	Johar	R	S,	Singh	A	J	(1988),"Growth	and	instability	
in	Commercial	crops	in	Punjab",	Indian	J	Agri	Econ	43,	pp.	
505-510.

[10] Jha B K (1994),"Growth and instability in agriculture 
associated with new technology- district level guidance", 
Agriculture Situation In India 49, pp. 517-520.

[11] Jha D (1970),"Acreage response of sugarcane in factory areas 
of	north	Bihar",	Indian	J	Agri	Econ	25,	pp.	89-90.

[12] Kahlon A S, Johl S S, Divedi H N (1965),"Structure of farm 
prices	in	Punjab",	Indian	J	Agri	Econ	20,	pp.	35-40.

[13]	Kaushik	K	K	(1993),"Growth	and	 instability	of	oilseeds	
production",	Indian	J	Agri	Econ	48,	pp.	334-338.

[14] Kumar, S. (1999),“Growth, Instability and Supply response 
of Commercial Crops in Punjab”, Thesis submitted to Punjab 
Agriculture University, (unpublished), Ludhiana

[15]	Madhavan	M	C	(1972),"Acreage	response	of	Indian	Farmers-	
A case study of Tamil Nadu", Indian J Agri Econ 27, pp. 
67-86.

[16] Mathur V C, Singh J (1994),"Growth and instability in the 
production and prices of ptato in India", Agriculture Situation 
in	India	49,	pp.	429-435.

[17] Narain D (1965),"Impact of price movement on acreage under 
selected	crops	in	India	1900-1939",	Cambridge	University	
Press, London.

[18]	Ninan	K	N	(1988),"Factors	influencing	growth	and	instability	
of oilseeds production", Agriculture Situation In India 40, 
pp. 1065-1076.

[19]	Pal	S	and	Sirohi	A	S	(1988),"Sources	of	growth	and	instability	
in the production of commercial crops in India", Indian J 
Agri	Econ	43,	pp.	456-463.

[20]	Paroda,	R.S.,	P.	Kumar	(2000),“Food	production	and	demand	
situation	in	Asia”,	Agricultural	Economic	Research	Review,	
Vol	13(1)

[21] Sangwan S S (1979),"Dynamics of increasing potato acreage 
in Uttar Pradesh", An Inter regional analysis of farmers. 
Indian	J	Agri	Econ	46,	pp.	576-581.

[22] Sharma P K and Gulati A (1990),"Prices, Procurement and 
Production: an analysis of wheat and rice", Economic And 
Political	Weekly	March	31,1990.

[23]	Sharma	H	R	(1988),"Trends	and	variability	in	area,	production	
and yield of commercial crops in Indian agriculture", Indian 
J	Agri	Econ	43,	pp.	505-506.

[24]	Sidhu	J	S,	Sidhu	R	S	(1988),"Growth	and	area	response	of	
commercial crops in Punjab: Some policy issues", Indian J 
Agri	Econ	43,	pp.	473-480.

[25] Sidhu D S, Sankhayan P L (1972),"Shifts in cropping pattern 
in Punjab", Indian J Agri Econ 27. pp. 592-96.

[26] Singh B and Sankhayan P L (1976),"Analysis of acreage 
response to various economic and non- economic factors to 
sugarcane	in	Punjab",	J	Agri	Mkt.	13,	pp.	25-27.

[27]	Subbaro	K	(1969),"Farm	supply	response:	A	case	study	of	
sugarcane in Andhra Pradesh", Indian J Agri Econ 24, pp. 
84-87.

[28]	Sud	 L	 (1968),"Estimation	 of	 acreage	 response	 to	 price	
of selected crops in Punjab state", M.Sc. Thesis, Punjab 
Agriculture University Ludhiana.

[29]	Tripathy	S,	Gowda	S	M	V	(1993)	An	Analysis	of	growth,	
instability and area response of groundnut in Orissa", Indian 
J	Agri	Econ	48,	pp.	345-350.

[30]	Walsh	R	M	(1944),"Response	to	price	in	production	of	cotton	
and	cotton	seed",	J	Farm	Econ	26,	pp.	359-72.


