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Abstract

We propose a new framework for testing the validity of initial conditions in dynamic panel

data models. These initial conditions, also called “mean stationarity”, are required for the

consistency of the system GMM estimator. The empirical literature customarily applies

the Sargan/Hansen test of overidentifying restrictions. In our set up the mean stationarity

assumption is obtained as a parametric restriction in an extended set of moment conditions,

allowing the use of a LM test to check its validity. Our framework provides a ranking in

terms of power of the analyzed test statistics for the mean stationarity assumption. The

approach we propose exhibits better power than the difference-in-Sargan/Hansen test that

compares system GMM and difference GMM. The latter on its turn is more powerful than

the Sargan/Hansen test based on the value of the minimized system GMM criterion func-

tion.
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1 Introduction

Consider the dynamic linear panel data model on N units observed over T ≥ 2 time periods

(i = 1, ..., N ; t = 1, ..., T ):1

yit = βyit−1 + αi + eit = βyit−1 + εit (1)

where αi captures individual ‘unobserved heterogeneity’, constant over time and different across

units, and eit is an idiosyncratic component changing both over time and across units.2 In the

following, we assume that yi0 is observed.3

Estimation of this model largely relies on the generalized method of moments (GMM; see

Hansen, 1982): various estimators have been proposed in the literature, building on a different

set of moment conditions (Arellano and Bond, 1991; Arellano and Bover, 1995; Ahn and Schmidt,

1995; Blundell and Bond, 1998). In all cases, it is assumed that αi and eit are uncorrelated for

all i, and eit is uncorrelated over time (including t = 0).

Ahn and Schmidt (1995) introduce the following “standard” assumptions that are exploited

for the estimation of dynamic panel data models:

(A1) For all i, eit is uncorrelated with yi0 for all t

(A2) For all i, eit is uncorrelated with αi for all t

(A3) For all i, eit are mutually uncorrelated

that will be assumed valid all over this paper. When these assumptions are satisfied, a consistent

estimator of β can be obtained by the difference GMM estimator (Arellano and Bond, 1991),

usually employed in empirical applications, or by the non linear GMM estimator introduced by

Ahn and Schmidt (1995).

Blundell and Bond (1998) make the additional assumption on the initial observation (see also

Arellano and Bover, 1995):

(A4) E(∆yi1εi2) = 0,

thus excluding cases in which y0 is not ‘mean stationary’.4

When condition (A4) is satisfied, the system GMM estimator proposed by Blundell and

Bond (1998) outperforms all other GMM estimation methods in terms of asymptotic efficiency

1Our analysis focuses on micro panels where N is typically large and T is typically small. We further assume
that |β| < 1.

2The more general specification of the composite error term includes three sources of variation (see, e.g. Baltagi,
2008, p. 33). Besides the individual component αi and the idiosyncratic error term eit, a time component τt is
considered, which varies over time and is constant across units. Without loss of generality, we assume τt = 0. As
the time dimension is typically small, the time effects can be easily controlled for by including time dummies in
the regression.

3T + 1 observations on y are therefore available for estimation.
4This ‘mean-stationarity’ is not an assumption of stationarity in the ordinary sense, but it only excludes

correlation between deviations of yit from its long run mean and the individual effect αi (Roodman, 2009).
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as well as small sample bias (especially when β approaches 1), but consistency relies on the

validity of the moment restriction (A4). This is customarily tested using the Sargan/Hansen test

of overidentifying restrictions, either based on the value of the GMM criterion function of the

system GMM estimator, or on the difference between the GMM criterion function of the system

GMM estimator and the GMM criterion function of the difference GMM estimator.

In this paper we propose an alternative framework for testing the mean stationarity assump-

tion (A4) that shows better size and power properties than the testing procedures customarily

employed in empirical applications.5 The testing procedure we propose for the ‘mean stationar-

ity’ assumption (A4) is based on a Lagrange Multiplier (LM) statistics that exploits an alterna-

tive parametrization of the estimator proposed by Blundell and Bond (1998). This alternative

parametrization leads to the possibility of testing assumption (A4) as a parametric restriction.

In the pure dynamic case, the approach is equivalent to a difference-in-Hansen (or difference-in-

Sargan) test comparing the system GMM estimator proposed by Blundell and Bond (1998) and

the estimator based on the alternative set of moment conditions, that is equivalent to the GMM

estimator by Ahn and Schmidt (1995). The latter estimator efficiently exploits all the moment

conditions spanning from the standard assumptions (A1)-(A3).

The paper proceeds as follows. The next section briefly describes the GMM estimators

that have been proposed in the literature, the moment conditions they use and their relative

performance. Section 3 describes the reparametrization of the moment conditions we propose

and discuss the test procedure in a pure dynamic setting. The case of an endogenous regressor is

considered in Section 4. In Section 5, we report a Monte Carlo experiment, showing the “better”

performance of the proposed approach. Section 6 concludes.

2 GMM estimation of linear dynamic panel data models

Estimation of model (1) largely relies on GMM (Hansen, 1982).6 Two main estimators are

employed in the empirical analysis: difference GMM estimator, proposed by Arellano and Bond

(1991), and the system GMM estimator (Arellano and Bover, 1995; Blundell and Bond, 1998).

The difference GMM estimator exploits the assumption of lack of serial correlation in eit.

First, differences of the data are considered in order to remove the individual effect αi. Then,

the moment conditions are based on the observation that, under the assumption of uncorrelated

eit, lag 2 and older of yit can be used as instruments for ∆yit−1.
7 That is, the following T (T−1)/2

5See Newey and West (1987), Newey and MacFadden (1994), and Ruud (2000, ch. 22) for a general discussion
of testing procedures in a GMM context.

6Other approaches have been considered for estimating linear dynamic panel data models. Hsiao, Pesaran,
and Tahmiscioglu (2002) developed a transformed likelihood approach for the estimation of linear dynamic model
within a FE framework. Kiviet (1995) proposed a method to correct the small sample bias of the least squares
dummy variable estimator. The performance of simulation methods (indirect inference) has also been analysed
(Gouriéroux, Phillips, and Yu, 2010). In this paper we focus on the GMM estimator.

7An earlier approach was based on the instrumental variable estimator, using only yit−2 as an instrument for
∆yit−1 (Anderson and Hsiao, 1981, 1982).
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moment conditions hold (j, t ≥ 2):

E[yit−j∆εit] = 0 (2)

However, simulation studies have shown that the GMM estimator based on the moment

conditions in (2) has large finite sample bias and poor performances especially when β approaches

1, or the variance of αi is large with respect to the variance of eit (Blundell and Bond, 1998).

This is referred to as the ‘weak instrument’ problem of the difference GMM estimator (Stock

and Wright, 2000).

Ahn and Schmidt (1995) raise the attention on the additional moment conditions that are

available under the assumption of lack of serial correlation in eit (and uncorrelation between

eit and αi), and exploit the fact that the covariance between the initial condition yi0 and the

composite error term is only driven by the presence of the individual effect αi and is therefore

constant over time. Thus, the following moment conditions can also be considered, leading to a

non-linear estimator:

E(∆εitεiT ) = 0 t = 2, ..., T − 1 (3)

Ahn and Schmidt (1995) show that, by adding the T−2 moment conditions (3) to the moment

conditions (2) of the difference GMM estimator proposed by Arellano and Bond (1991), gains

in performance are achieved. The estimator makes efficient use of second moment information

(Ahn and Schmidt, 1995).

Moment conditions in (2) and (3) exploit the assumption of lack of serial correlation in

eit, that can be tested using both the Sargan/Hansen test and the test for autocorrelation of

first difference residuals proposed by Arellano and Bond (1991).8 In Monte Carlo simulation

experiments, Arellano and Bond (1991) show that the test for serial correlation of first difference

residuals is more powerful than the Sargan/Hansen test.

Blundell and Bond (1998) introduce an additional assumption on the initial condition:

E(∆yi1εi2) = 0 (4)

labeled ‘mean-stationarity’ assumption. As eit is uncorrelated over time, we can also state

condition (4) in terms of αi as

E(∆yi1αi) = 0 (5)

that makes more clear that differencing yi1 eliminates the correlation with αi, thus excluding cor-

relation between deviations of yi1 from its long run mean and the individual effect αi (Roodman,

2009).

If the condition (4) on the initial observation is also satisfied, the following T − 1 moment

8Indeed, if eit is uncorrelated over time, first order autocorrelation is expected in ∆eit. On the contrary the
null hypothesis of lack of second order autocorrelation in ∆eit should not be rejected.
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conditions (t ≥ 2) also hold:9

E[∆yit−1εit] = 0 (6)

When these are added to the moment conditions in (2), substantial efficiency gains are

achieved, both with respect to the difference GMM estimator and to the estimator proposed

by Ahn and Schmidt (1995). Furthermore, when the mean stationarity assumption is satisfied,

these moment conditions imply the non-linear moment conditions (3), making these redundant

for estimation (Blundell and Bond, 1998).

By looking at the semiparametric information bound, Hahn (1997) shows that when the

‘mean-stationarity’ assumption (4) is exploited in estimation, substantial efficiency gains arise

with respect to the case when it is not. Besides gains in performance, the system GMM estimator

that combines (2) and (6) also performs better in terms of small sample bias (Hayakawa, 2007).

More recently, Bun and Windmeijer (2010) shows that a weak instrument problem can also

arise for the equation in levels (6), confirming however the result of a smaller finite sample bias

especially when the series are persistent.

Initial conditions have been also proven to be relevant for the difference GMM estimator, as

the estimator may not suffer of the weak instrument problem when condition (4) is not satisfied

even when data are persistent (Hayakawa, 2009; Hayakawa and Nagata, 2016).

3 An alternative testing procedure

We propose a different parametrization of the moment conditions customarily employed in GMM

estimation of dynamic panel data models, allowing to test the mean stationarity assumption as

a parametric restriction via a Lagrange Multiplier (LM) test. The test can be computed on the

basis of the system GMM estimator of the coefficient of interest β.

We assume that the conditions for
√
N -consistency and asymptotic normality of the GMM

estimator are satisfied.

The system GMM method is widely used in empirical analysis, and the mean stationarity

assumption is customarily tested by relying on the Sargan/Hansen test by looking

(i) at the validity of the full set of moment conditions (2) and (6), or

(ii) by computing a difference-in-Sargan/Hansen test that takes into account the difference be-

tween the value of the minimized GMM criterion function of the system GMM estimator and of

the difference GMM estimator (Bond, Bowsher, and Windmeijer, 2001; Hayakawa and Nagata,

2016).

Let us first consider the latter approach (ii). The test of overidentifying restrictions can be

written as an LM test by artificially augmenting the set of moment conditions that characterizes

9Of course, longer lags could be considered, but these conditions are redundant when the moment conditions
(2) are included for estimation (Arellano and Bover, 1995; Blundell and Bond, 1998).
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the difference GMM estimator (2) as in Newey and MacFadden (1994):

E[∆yit−1εit] + ψt−1 = 0 (7)

for t = 2, ..., T . As we are adding T − 1 moment conditions and T − 1 parameters, the uncon-

strained GMM estimator based on (2) and (7) produces the difference GMM estimator of β,

whereas the system GMM estimator would be obtained as a constrained estimator under the

null hypothesis

H
(1)
0 : ψ1 = ψ2 = ... = ψT−1 = 0. (8)

A LM test could be considered for H
(1)
0 and, in this setting, the LM test would be equivalent

to the test that considers the difference between the minimized GMM criterion function of the

system GMM and of the difference GMM (Newey and MacFadden, 1994; Newey and West,

1987). This approach would lead no advantage with respect to the difference-in-Sargan/Hansen

test customarily adopted in the literature. However, it allows a simpler evaluation of the power

properties of the test statistic and comparison with the other test procedures analysed in the

paper. Indeed, if we consider local alternative to the parametric null hypothesis of the form

H
(1)
1 : (1/

√
N)δ for some δ ∈ RT−1, the test statistic converges in distribution to a noncentral

chi-square random variable with T − 1 degrees of freedom and noncentrality parameter equal to

ν1 that can be calculated as a function of δ, the constraints, and the variance of the unconstrained

GMM estimator of θ(1) = (β, ψ1, ..., ψT−1)
′ of dimension T × 1 (Ruud, 2000, p. 590-591).

Our proposal is based on the fact that, given the assumption (A1)-(A3) on the data generating

process for yit, all the additional parameters ψ1, ..., ψT−1 in (7) can be written as a function of

β and ψ1 only (Roodman, 2009):

ψt−1 = βt−2ψ1

that is, we propose to “augment” the moment conditions that produce the difference GMM

estimator (2) with the following set of moment conditions:

E[∆yit−1εit] + βt−2ψ1 = 0 (9)

Let θ(2) = (β, ψ1)
′ and g(θ(2)) be the vector of moment conditions defined by (2), and (9).

The empirical analogue is labeled gN (θ(2)).

The unconstrained GMM estimator based on (2) and (9) would now produce, for β, the non

linear estimator developed by Ahn and Schmidt (1995),10 and the system GMM estimator can

obtained under the null hypothesis

H
(2)
0 : ψ1 = 0 (10)

The system GMM estimator can therefore be obtained as a restricted GMM estimator, θ̂RN ,

10Note that, according to (9), we can write: E(∆yit−1εit) − βE(∆yit−2εit−1) = 0. Due to the moment
conditions in (2), we have E(∆yit−1εit)−βE(∆yit−2εit−1) = E(∆εit−1εit) = 0, corresponding to the non linear
moment conditions by Ahn and Schmidt (1995). See also Appendix A.
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by minimizing the following quadratic form:

min
θ2|ψ1=0

gN (θ2)
′Ω̂−1gN (θ2) = min

θ2|ψ1=0
QN (θ2)

with Ω̂−1 the efficient weighting matrix, estimated on the basis of a first step GMM estimation

(Hansen, 1982).

Various test statistics can be considered for testing H
(2)
0 . Under the assumptions for

√
N -

consistency and asymptotic normality of the GMM estimator, a Wald test, a LM test, and a

test based on the difference of the constrained and unconstrained criterion function would be

equivalent, at least asymptotically (Ruud, 2000; Newey and MacFadden, 1994; Newey and West,

1987). The first advantage of the LM test is that it only requires computation of the system

GMM estimator, whereas the Wald test and the test based on the difference of the criterion

function would also require computation of the unrestricted estimator.11 Indeed, the LM test

is based on the value of the gradient for the unconstrained criterion function evaluated at the

restricted estimator (Ruud, 2000; Newey and West, 1987). Let GN (θ) be defined as ∂gN (θ)/∂θ′.

The test statistic can be computed as:

LM = NgN (θ̂RN )′Ω̂−1ĜN

(

Ĝ′
N Ω̂−1ĜN

)−1

Ĝ′
N Ω̂−1gN (θ̂RN )

with ĜN and Ω̂−1 evaluated at the restricted estimate (i.e. the system GMM estimator of β

and ψ = 0). Under conventional identification conditions in the GMM literature, the test has

asymptotically a chi-square distribution with 1 degree of freedom (Ruud, 2000; Newey and West,

1987).

In this case, a local alternative to the parametric null hypothesis H
(2)
0 can be written as

H
(2)
1 : (1/

√
N)δ for some δ ∈ R. The test statistic converges in distribution to a noncentral

chi-square random variable with 1 degrees of freedom and noncentrality parameter equal to ν2,

with ν2 a function of δ, the constraint, and V2, the variance of the unconstrained GMM estimator

of θ2 = (β, ψ1)
′ of dimension 2× 1. Note that, for β, this would be equal to the non linear GMM

estimator by Ahn and Schmidt (1995).

In order to compare the two testing procedure, we need to reconcile the different size of the

parameter vector under H
(1)
1 and H

(2)
1 . This can be done by writing the alternative hypothesis

in terms of a parameter that represents the deviation from the mean stationarity assumption.

When this is done (see Appendix B for details), it is possible to show that the two noncentrality

parameters ν1 and ν2 are equal and, therefore the power of the test statistic is driven by the

number of degrees of freedom. As the power function of the noncentral chi-square distribution

is decreasing in the number of degrees of freedom (see, e.g., Ruud, 2000, p. 921), the test of the

null hypothesis H
(2)
0 is expected to be (locally) more powerful that H

(1)
0 .

11However, in the Monte Carlo simulation we will also explore the performance of the testing procedure based on
the difference between the value of the minimized (optimal) GMM criterion function of the system GMM estimator
(Blundell and Bond, 1998) and the (optimal) non-linear estimator proposed by Ahn and Schmidt (1995).
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Now consider the test strategy of the mean stationarity assumption based on the Sar-

gan/Hansen test by looking (i) at the validity of the full set of moment conditions (2) and

(6), that is the moment conditions that characterize the system GMM estimator. In the pure

dynamic framework we are considering, under the null hypothesis of the validity of all moment

conditions,12 the test statistic is distributed as a chi-squared withM−1 degrees of freedom, with

M equal to the number of moment conditions that characterizes the system GMM estimator,

i.e. M = T (T − 1)/2 + (T − 1). As in the previous case, this can be rewritten in terms of an

artificial model, in which we partition the moment conditions in two sets: one moment condition

g(1)(β) = 0, and all the other moment conditions labeled g(2)(β) + ψ = 0 with ψ of dimension

M−1.13 The constrained estimator, obtained under the null hypothesis H
(3)
0 : ψ = 0 corresponds

to the system GMM estimator, whereas the unconstrained estimator for β would be equivalent to

the GMM estimator based on the singleton moment condition g(1)(β) = 0. Again, by specifying

a local alternative, written in terms of the parameter driving deviations from the mean station-

arity assumption, we get a noncentral chi-square distribution, whose noncentrality parameter,

labeled ν3 is equal to ν2 (and therefore also equal to ν1). Loss in power is expected with respect

to the test strategy in (ii) and to the testing procedure we propose due to the increase in the

number of degrees of freedom (Ruud, 2000).14 As a result, we can sort the three test procedures

in terms of power, where the test procedure we propose is expected to be more powerful than

the difference-in-Sargan/Hansen test, which in turn is expected to be more powerful than the

Sargan-Hansen test based on the value of the minimized GMM criterion function.

To the best of our knowledge, the performance of the LM test in a GMM framework has been

analysed by Bond and Windmeijer (2005) for testing hypothesis about β. Their Monte Carlo

experiments show that the LM test performs well, except in cases where instruments are weak

(Bond and Windmeijer, 2005).15 More recently, Hayakawa and Nagata (2016) have explored the

performance of the Sargan/Hansen tests for the mean stationarity assumption.

4 The case of an endogenous regressor

The proposed framework can be extended to the interesting case of a dynamic model with an

additional endogenous regressor x:16

yit = β1yit−1 + β2xit + εit = β1yit−1 + β2xit + αi + eit (11)

where we still assume |β1| < 1, and we allow for correlation between xit and both αi and eis

(s = 1, ..., t).

12Conditional on the assumption that one moment condition is actually valid.
13In this case, the formula of the test statistic is invariant with respect to the choice of the partition (Newey

and MacFadden, 1994). As an example, we can consider g(1)(β) = E(yi0∆εi2) = 0.
14See Appendix B for details.
15See also Newey and Windmeijer (2009).
16In this Section we consider the case of a single endogenous regressor. Extension to the case of multiple

regressors is straightforward.
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Under assumptions (A1)-(A3), the following moment conditions can be included when com-

puting the difference GMM estimator:

E(xit−j∆εit) = 0 (12)

for j ≥ 2.

When the initial conditions are also satisfied, additional moment conditions can be defined,

besides moment conditions (6):17

E[∆xit−1εit] = 0 (13)

spanning from the initial condition E[∆xi1εi2] = 0. If this latter condition is not satisfied, we

can write

E[∆xit−1εit] + ξt−1 = 0 (14)

for t = 1, ..., T − 1.18

An LM test can therefore be considered to check the validity of the initial moment conditions

for both y and x as:

H0 :























ψ = 0

ξ1 = 0
...

ξT−1 = 0

(15)

In this case, the approach is not equivalent to the comparison of the minimized value of the

GMM criterion function of the system GMM estimator and the non linear estimator by Ahn

and Schmidt (1995) as, when x is endogenous, validity of the moment condition (3) also requires

E[∆xitεiT ] = 0 (t = 2, ..., T − 1).

In the next Section Monte Carlo experiments are reported to study the small sample per-

formance of the proposed test procedures against the ones customarily employed in empirical

applications.

5 Monte Carlo evidence

In this section an extensive Monte Carlo experiment is performed to explore the size and power

properties of the LM test we propose (LM), and the difference-in-Sargan/Hansen test based on

the difference between the minimized criterion function of the system GMM estimator and the

minimized criterion function of the GMM estimator proposed by Ahn and Schmidt (1995; labeled

BBAS). The two test procedures will be compared with the procedures customarily employed

17See Blundell, Bond and Windmeijer (2001) for an in-depth discussion of dynamic models with an endogenous
regressor.

18No data generating process is therefore imposed in modeling x. Assumption of the dynamics in x can be easily
introduced in the framework, however the test procedure would also requires estimation of the parameters the
generate the x. We consider here the more general framework in order to avoid introducing additional assumptions
on the model, and the estimation of additional parameters.
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in empirical application, that is the Hansen test based on the minimized criterion function of the

system GMM estimator (labeled BB), and the difference-in-Hansen test that compares the value

of the minimized GMM criterion of the system GMM and of the difference GMM estimators,

labeled BBAB. Simulation experiments are run using MatLab.

Following the empirical literature, the test will be computed on the basis of the two-step

version of the GMM estimator.19

The dynamic panel data model we used is as follows:

yit = βyit−1 + εit = βyit−1 + αi + eit (16)

with |β| < 1, and αi ∼ N(0, σ2
α) and eit ∼ N(0, σ2

e) independent of each others. Heteroschedas-

ticity is introduced in the design by setting the variance of eit at time t equal to 1 + 0.1t

(t = 0, ..., T ).

The initial observation, yi0 is generated as:

yi0 =
αi

1− β
γ + ei0 (17)

with ei0 =
∑∞
j=0 β

jei,−j , drawn from the covariance stationary distribution. The case γ = 1

corresponds to the case in which the ‘mean stationarity’ assumption (4) is satisfied, as well

as moment conditions (6). By changing the parameter γ we deviate from a ‘mean stationary’

process; γ = 0 produces yi0 exogenous (i.e., uncorrelated with αi).
20

Experiments are run with N = 100, the number of time periods T = 3, 7;21 and β = 0.3, 0.6.

We experiment with σ2
α = 1/4, 1, whereas σ2

e = 1 in all the experiments.22 20,000 Monte Carlo

replications are run for each experiment with the same seed for the random number generator.23

Figure 1 reports the p-value discrepancy plots, and the power of the test procedure is rep-

resented in Figure 2 for the case σ2
α = 1. On the x-axis the nominal size is reported (ranging

from 1% to 20%); on the y-axis we report the difference between the share of rejections and the

nominal size. The 5% confidence intervals computed on the basis of the Kolmogorov-Smirnov

19In unreported analysis, we also considered the continuously updated (CU) version (Hansen et al., 1996).
Results do not change substantially. In this case, Fortran 77 has been used for computations.

20 Given the proposed set up, the correlation between the deviation of the initial condition yi0 from its long
run steady state αi/(1− β) and the level of the steady state itself is equal to

γ − 1
√

(γ − 1)2 +
σ2
e

σ2
α

1−β
1+β

.

21The number of moment conditions in the system GMM estimator in the case T = 3, 7 is respectively 5 and
27.

22The choice of the two variance components draws on Bun and Windmeijer (2010). We also experimented
with β = 0.9 and σ2

α = 4. In these cases, however, the ‘weak instrument’ problem is particularly severe and the
conditions for T 1/2-consistency and asymptotic normality of the GMM estimators are not satisfied (Stock and
Wright, 2000). Accordingly, all test procedures analysed in this paper exhibit size distortion and very low power.

23 As a result, in the assessment of size and power of the tests, a ±0.962% may be ascribed to experimental
randomness (Davidson and MacKinnon, 1998). The value is computed by considering the critical value of the
Kolmogorov-Smirnov test at the 5% significance level.
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statistic are also reported (Davidson and MacKinnon, 1998).

When T is small (T = 3), the test procedures have the correct size, with the exception of

BBAS with β = 0.6. On the contrary, with T = 7 all test procedures exhibit size distortion,

with BBAS and LM showing smaller deviations with respect to BB and BBAB.

*** FIGURE 1 ABOUT HERE ***

Power properties of the test statistics for local deviations from the null hypothesis are dis-

played in Figure 2. Values of γ in the simulations have been chosen in order to have a value of

the correlation between the deviation of the initial condition from its long run steady state (i.e.,

yi0 − αi/(1 − β)) and the level of the steady state itself approximately in the range [−0.7, 0.7]

(see footnote 20).

On the x-axis, the value of γ is reported; on the y-axis we show the adjusted share of

rejections. The power of the tests is calculated using as critical values the 95th percentiles of

the distribution of the test statistics when γ = 1 (value that makes the assumption on the initial

conditions satisfied, thus leading to consistency of the system GMM estimator).

In all the Monte Carlo experiments, the LM and BBAS test that we propose has larger

power to detect deviations from the ‘mean stationarity’ assumption than the tests based on the

value of the minimized criterion function BB and BBAB; moreover, the advantage is larger with

larger T , as expected.

*** FIGURE 2 ABOUT HERE ***

Results of the Monte Carlo experiments in the cases σ2
α = 1/4 are reported in Figure 3 and

Figure 4.

*** FIGURE 3 ABOUT HERE ***

*** FIGURE 4 ABOUT HERE ***

Results substantially confirm what observed with σ2
α = 1. Size distortions emerge with

T = 7, with the test procedures we propose exhibiting smaller deviations. On the contrary,

all test procedures exhibit the correct size when T = 3. BBAB generally exhibits the worst

performance in terms of size.

When studying the power of the proposed test strategies, LM and BBAS tests are better

able to detect local deviations from the mean stationarity assumption, and, as expected, the two

test procedures show very similar share of rejections.

Table 1 reports the mean and variance of the estimated values of β using the system GMM

estimator in selected Monte Carlo experiments that differ for the values of γ. As expected, with

γ = 1, no bias is detected in the system GMM estimator. On the contrary, when γ 6= 1 the

mean-stationarity assumption required for the consistency of system GMM is not satisfied, and

the estimator is biased. As in Hayakawa and Nagata (2016), the system GMM estimator shows

smaller bias in the case γ > 1 than in the case γ < 1.
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*** TABLE 1 ABOUT HERE ***

5.1 Simulation experiments with an endogenous x

We now consider the case of a dynamic model with an additional endogenous regressor x. The

model is generated as in (11) with |β1| < 1, β2 = 1, and αi ∼ N(0, σ2
α) and eit ∼ N(0, σ2

e)

independent of each others. In these experiments, σ2
e = σ2

α = 1.24

As a result, the variable xit is generated as:

xit = β3xit−1 + λαi + ηeit + wit (18)

with wit ∼ N(0, 0.16), λ = 0.25, and η = −0.1. The variable xit is correlated both with the

individual effect αi and the idiosyncratic component at time t, eit.

The initial observations, yi0 and xi0 are generated from the covariance stationary distribution

as:

yi0 =
αi + β2xi0
1− β1

γ + ei0

and

xi0 =
λαi

1− β3
µ+ wi0

Deviations from the initial conditions for the validity of the ‘mean stationarity’ assumption

arise when γ 6= 1 and µ 6= 1. By changing the parameter γ and µ we deviate from a ‘mean

stationary’ process respectively for y and x (or both).

In the experiments, we consider β1 = β3 = 0.5, N = 100, and T = 3, 7.

Results of the Monte Carlo simulations are reported in Tables 2, in which we consider different

values for γ and µ. We report the mean and variance of estimated β1 and β2 using the system

GMM estimator, as well as the share of rejections at the 5% level of significance for the test

procedures analysed in this paper.

*** TABLE 2 ABOUT HERE ***

The system GMM estimator is biased in the cases in which γ 6= 1 or η 6= 1, thus when either

y or x deviates from the mean stationarity assumption.

The relative performance of the BBAB and LM test depends on the proposed set up. With

T = 3, the two test statistics have similar behavior with LM showing better performance in

terms of power when deviations from mean stationarity arise in x only. For longer panel data

sets (T = 7), marked differences in power properties emerge; however, LM has larger size

distortion than BBAB. Both test procedures outperform the BB test statistics.25

24The data generating process is based on the Monte Carlo experiments reported in Blundell, Bond and Wind-
meijer (2001).

25As in the pure dynamic case, all Monte Carlo replications are run using the same seed for the random number
generator. As a result, in the assessment of size and power of the tests, a ±0.962% may be ascribed to experimental
randomness (Davidson and MacKinnon, 1998). See footnote 23.
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6 Conclusion

In this paper we have proposed an alternative procedure for testing the ‘mean stationarity’

assumption, that is needed for consistency of the system GMM estimator (Blundell and Bond,

1998; the most efficient linear GMM estimator when the assumption is satisfied).

The proposed approach exhibits better properties in terms of size and power with respect

to the test based on the minimized value of the GMM criterion (Sargan/Hansen test statistic),

customarily employed in empirical applications, especially when a pure dynamic model is con-

sidered. In this set up, the better properties are explained in terms of the different degrees of

freedom that underly the analyzed test strategies. When an endogenous variable is included in

the Monte Carlo experiments, relative performances depend on the characteristics of the data

generating process, with the LM test procedure we propose exhibiting better/similar properties

to BBAB procedure. Both approaches outperform BB, the test procedure based on the value

of the minimized GMM criterion function.

All in all, the test can better drive empirical researchers in the choice between the difference

GMM and the system GMM estimators of dynamic panel data models.

A Appendix: The mean stationarity assumption as a para-

metric restriction

We follow Ahn and Schmidt (1995) and distinguish two sets of variables, i.e. those variables

we make assumptions about, and those variables we make assumptions about and that are

observable in the sense that can be written in terms of data and parameters. Referring to model

(1), the assumptions of the difference GMM and system GMM estimators consider the vector

(ei1, ei2, ..., eiT , yi0, αi)
′ and we let:

Σ = cov























ei1

ei2
...

eiT

yi0

αi























=























σ11 σ12 . . . σ1T σ10 σ1α

σ21 σ22 . . . σ2T σ20 σ2α
...

...
. . .

...
...

...

σT1 σT2 . . . σTT σT0 σTα

σ01 σ02 . . . σ0T σ00 σ0α

σα1 σα2 . . . σαT σα0 σαα























(19)

in which, of course, σij = σji (i, j = 0, 1, ..., T, α).

The variance-covariance matrix of the vector of “observable” variables (εi1, εi2, ..., εiT , yi0) is:
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Λ = cov



















εi1

εi2
...

εiT

yi0



















= cov



















αi + ei1

αi + ei2
...

αi + eiT

yi0



















=



















λ11 λ12 . . . λ1T λ10

λ21 λ22 . . . λ2T λ20
...

...
. . .

...
...

λT1 λT2 . . . λTT λT0

λ01 λ02 . . . λ0T λ00



















(20)

with λst = λts = σαα + σst + σαs + σαt for each s, t = 1, ..., T , λ0t = λt0 = σαα + σ0t, and

λ00 = σ00.

The following constraints are customarily imposed on Λ:

• αi and eit are uncorrelated, so that σαt = 0 for each t = 1, ..., T ;

• eit is uncorrelated over time, so that σst = 0 for each s, t = 1, ..., T with s 6= t.

Moreover, as pointed out by Ahn and Schmidt (1995),

• σ0t = 0 for each t = 1, ..., T , spanning from the fact that the covariance between the initial

observation yi0 and εit is only driven by the presence of the individual effect αi (therefore,

λ0t = σαα, that is σ0t = 0).

As a results of these constraints, Λ simplifies to (Ahn and Schmidt, 1995):

Λ =



















(σαα + σ11) σαα . . . σαα σ0α

σαα (σαα + σ22) . . . σαα σ0α
...

...
. . .

...
...

σαα σαα . . . (σαα + σTT ) σ0α

σ0α σ0α . . . σ0α σ00



















(21)

The non-linear estimator by Ahn and Schmidt (1995) therefore include additional moment

conditions (with respect to the difference GMM estimator) to exploit the assumption that λts

(s, t = 1, ..., T with s 6= t) is constant over time. In particular the set of moment conditions

comprise

E(∆εitεiT ) = 0

with t = 2, ..., T − 1.

The system GMM estimator exploits the same assumption on λts (s, t = 1, ..., T with s 6= t)

writing the set of moment conditions in the form

E(∆εit−1εit) = 0

with t = 3, ..., T , or

E(∆εitεit+1) = 0

14



with t = 2, ..., T − 1. However, the system GMM estimator also adds one additional moment

condition to Λ, namely the mean stationarity assumption, that can also be written as (Arellano

and Bover, 1995; Blundell and Bond, 1998):

σ0α =
σαα
1− β

(22)

As a result, the mean stationarity assumption can also be tested by using a difference-in-

Sargan/Hansen test that compare the non linear GMM estimator proposed by Ahn and Schmidt

(1995) and the estimator proposed by Blundell and Bond (1998).

Using an alternative approach, consider the case T = 3. The moment conditions of the

difference GMM estimator (Arellano and Bond, 1991) can be written as:

(c1) E(yi0∆εi2) = 0 or E(yi0εi2) = E(yi0εi1);

(c2) E(yi0∆εi3) = 0 or E(yi0εi3) = E(yi0εi2);

(c3) E(yi1∆εi3) = 0 or E(yi1εi3) = E(yi1εi2);

The condition of the non linear estimator proposed by Ahn and Schmidt (1995) would be:

(c4) E(∆εi2εi3) = 0;

whereas the system GMM estimator would also consider:

(c5) E(∆yi2εi3) = 0 or E(yi2εi3) = E(yi1εi3);

(c6) E(∆yi1εi2) = 0 or E(yi1εi2) = E(yi0εi2).

We now show that, when conditions (c1)-(c3) are satisfied, conditions (c4) and (c6) are

equivalent to conditions (c5) and (c6), making conditions (c1)-(c4) and (c6) equivalent to the

moment condition of the system GMM estimator. As a result, the mean stationarity assumption

(c6) can be tested by the difference-in-Sargan/Hansen test that we propose, comparing the non

linear GMM estimator proposed by Ahn and Schmidt (1995) and the estimator proposed by

Blundell and Bond (1998).

Start from condition (c4):

0 = E(∆εi2εi3)

= E((∆yi2 − β∆yi1)εi3)

= E(∆yi2)εi3 − βE((yi1 − yi0)εi3)

By using conditions (c2), (c3), and (c6) we can show that E((yi1 − yi0)εi3) = 0. Indeed, (i)

for (c3) E(yi1εi3) = E(yi1εi2), and by using (c6), E(yi1εi2) = E(yi0εi2); (ii) using condition

(c2) we also get E(yi0εi3) = E(yi0εi2). As a result E((yi1 − yi0)εi3) = 0. Therefore we get

0 = E(∆yi2εi3), condition (c5).
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B Comparing the power of the different approaches

In this Appendix we explore the power of local deviations from the null hypothesis of the three

test procedures explored in this paper:

(1) The test procedure based on the difference between the value of the minimized GMM

function of the system GMM estimator and of the difference GMM estimator, labeled

BBAB;

(2) The test procedure based on the LM statistic, that is equivalent to the difference between

the value of the minimized GMM function of the system GMM estimator and of the non

linear GMM estimator, labeled LM/BBAS;

(3) The test procedure based on the value of the minimized GMM function of the system GMM

estimator, labeled BB.

Let us first introduce general notation. Let θ be the parameter vector to be estimated, and we

will refer to the vector of moment conditions as g(θ). The empirical analogue is labeled gN (θ).

The GMM estimator is obtained as a solution to the following minimization problem:

min
θ

gN (θ)′Ω̂−1gN (θ) = min
θ
QN (θ)

We assume that the conditions for
√
N -consistency and asymptotic normality of the GMM

estimator are satisfied, and that Ω̂−1 is the efficient weighting matrix (Hansen, 1982). This can

be estimated on the basis of a first step GMM estimation θ̂1:

Ω̂ =
1

N

N
∑

i=1

gN (θ̂1)gN (θ̂1)
′

with probability limit equal to Ω = E(g(θ)g(θ)′). Under conventional identification conditions

in the GMM literature, the GMM estimator θ converges in distribution to a N(θ, V0) with

V0 = (G′ΩG)−1 with G(θ) = ∂g(θ)/∂θ′.

As we have stated in the text, the three test procedures can be obtained as a LM test of

an artificially augmented model. Let MD = T (T − 1)/2, the number of moment conditions

that characterizes the difference GMM estimator, and ML = T − 1 the number of the moment

conditions added on the level equations to obtained the system GMM estimator. We let M =

MD +ML = T (T − 1)/2 + (T − 1).

The test BBAB can be obtained by verifying the null hypothesis H
(1)
0 : ψ1 = ψ2 = ... =

ψT−1 = 0 for the moment conditions:26

26We order the moment conditions so that the first MD corresponds to the moment conditions (2) that charac-
terize the difference GMM estimator, and the following ML moment conditions correspond to moment conditions
on the level equation as in (6).
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g1(θ) = E(yi0∆εi2) = 0

g2(θ) = E(yi0∆εi3) = 0
...

gMD(θ) = E(yiT−2∆εiT ) = 0

gMD+1(θ) = E(∆yi1εi2) + ψ1 = 0
...

gM (θ) = E(∆yiT−1εiT ) + ψT−1 = 0

(23)

In this case, θ = (β, ψ1, ..., ψT−1)
′.

The test procedure LM/BBAS consider the null hypothesis H
(2)
0 : ψ1 = 0 in the set of

moment conditions:

g1(θ) = E(yi0∆εi2) = 0

g2(θ) = E(yi0∆εi3) = 0
...

gMD(θ) = E(yiT−2∆εiT ) = 0

gMD+1(θ) = E(∆yi1εi2) + ψ1 = 0
...

gM (θ) = E(∆yiT−1εiT ) + βT−2ψ1 = 0

(24)

In this case, θ = (β, ψ1)
′.

Finally, the test procedure BB would consider the set of moment conditions:

g1(θ) = E(yi0∆εi2) = 0

g2(θ) = E(yi0∆εi3) + ψ1 = 0
...

gMD(θ) = E(yiT−2∆εiT ) + ψMD−1 = 0

gMD+1(θ) = E(∆yi1εi2) + ψMD = 0
...

gM (θ) = E(∆yiT−1εiT ) + ψM−1 = 0

(25)

The test statistics is equivalent to testing H
(3)
0 : ψ1 = ... = ψT−1 = ψT = ... = ψM−1 = 0. In

this case, θ = (β, ψ1, ..., ψM−1)
′.

Note that, asymptotically, the inverse of the efficient weighting matrix Ω = E(g(θ)g(θ)′)

of the three GMM estimator is unchanged, so the variance covariance matrix of the estimator,

labeled, respectively V(1), V(2), and V(3) differ due to the differences in the matrix G and the

number of coefficients to be estimated (the size of θ differs in the three cases). In particular, let

Gβ = ∂g(θ)/∂β, 0[a×b] be a matrix of zeros of dimension a×b, and Ia denote the identity matrix
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of dimension a× a. Finally, let Bβ = (1 β β2 ... βT−2)′. The three matrices can be written as:

G(1) =

[

Gβ

∣

∣

∣

∣

∣

(

0[MD×(T−1)]

IT−1

)]

G(2) =

[

Gβ

∣

∣

∣

∣

∣

(

0[MD×1]

Bβ

)]

G(3) =

[

Gβ

∣

∣

∣

∣

∣

(

0[1×(M−1)]

IM−1

)]

Let us denote the (asymptotic) variance covariance matrix of the GMM estimators as V(i) =

(G′
iΩGi)

−1, i = 1, ..., 3.

Consider local alternative to the parametric null hypothesis of the form H1 : (1/
√
N)δ for

some δ in the appropriate space (δ ∈ RT−1 when considering BBAB; δ ∈ R for LM/BBAS; and

δ ∈ RM−1 when considering BB). The test statistic converges in distribution to a noncentral

chi-square random variable with a number of degrees of freedom equal to the size of δ and

noncentrality parameter equal to ν = δ′(RV R′)−1δ, with V the variance covariance matrix of

the unconstrained GMM estimator of θ, R the first derivative of the constraints with respect to

the parameters (Ruud, 2000, p. 590-591).

When comparing the power of the three test procedures, we therefore need to reconcile the

different size of δ under the alternative hypothesis. This can be done by writing δ as a function

of λ in (17). When λ 6= 1 in (17), the mean stationarity assumption is not satisfied, and the

three test procedures can be compared in terms of the same deviation from the mean stationarity

assumption.27

In particular, E(∆yi1εi2) = (1−λ)σ2
α, so that we can let δ = (1−λ)σ2

α when considering (local)

alternative hypothesis for LM/BBAS. In the case of BBAB, E(∆yit−1εit) = (1−λ)σ2
αβ

t−2 for

t = 2, ..., T , so we let δ = (1 − λ)σ2
αB

′
β . Finally, for BB, changes in λ only affects the moment

conditions based on the level equations, so we can let δ = (1 − λ)σ2
α

(

0[1×(MD−1)] |Bβ
)′
. The

three vectors δ defined in this way would allow us to compare the power of the three testing

procedures against the same deviation from the mean stationarity assumption.

We can now compute the non centrality parameter of the three test procedures. The non-

centrality parameter of the test BBAB is:

ν1 = (1− λ)2(σ2
α)

2B′
β

[

(

0[(T−1)×1] I(T−1)

)

V(1)

(

01×(T−1)

I(T−1)

)]−1

Bβ (26)

27This is actually what we did when running the Monte Carlo simulations in Section 5.
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For the LM/BBAS test, the noncentrality parameter is equal to:

ν2 = (1− λ)2(σ2
α)

2

[

(

0 1
)

V(2)

(

0

1

)]−1

(27)

Finally, the noncentrality parameter of BB is:

ν3 = (1− λ)2(σ2
α)

2C ′
β

[

(

0(M−1)×1 IM−1

)

V(3)

(

01×(M−1)

IM−1

)]−1

Cβ (28)

with Cβ = (0[1×MD−1] |Bβ).
By performing the computations for each V(i) = (G′

iΩGi)
−1, i = 1, ..., 3, it is possible to show

that:

V −1
(2) = B′V −1

(1) B (29)

By using this result it is possible to show that ν1 = ν2.

Let us first compute ν2, by replacing V(2) in (27) with B′V −1
(1) B as in (29). Consider a partition

of V(1) as

V(1) =

(

Vββ Vβψ

V ′
βψ Vψψ

)

with Vββ a scalar, corresponding to the variance of the difference GMM estimator of β, Vβψ of

dimension 1×(T −1), and Vψψ the variance covariance matrix of the unrestricted GMM estimate

of the parameters ψ1, ..., ψT−1 from moment conditions (24). Using the formula of the inverse of

a partitioned matrix, we can write:

V −1
(1) =

(

V −1
ββ (1 + Vβψ(Vψψ − V ′

βψV
−1
ββ Vβψ)

−1V ′
βψV

−1
ββ ) −V −1

ββ Vβψ(Vψψ − V ′
βψV

−1
ββ Vβψ)

−V −1
ββ Vβψ(Vψψ − V ′

βψV
−1
ββ Vβψ) (Vψψ − V ′

βψV
−1
ββ Vβψ)

−1

)

or

V −1
(1) =

(

(Vββ − VβψV
−1
ψψ V

′
βψ)

−1 −(Vββ − VβψV
−1
ψψ V

′
βψ)

−1VβψV
−1
ψψ

−(Vββ − VβψV
−1
ψψ V

′
βψ)

−1VβψV
−1
ψψ V −1

ψψ (I + V ′
βψ(Vββ − VβψV

−1
ψψ V

′
βψ)

−1VβψV
−1
ψψ

)

We will denote:

V −1
(1) =

(

W11 W12

W ′
12 W22

)

Therefore we have

BV −1
(1) B

′ =

(

W11 W12B
′
β

BβW
′
12 BβW22B

′
β

)

=

(

W11 X12

X ′
12 X22

)
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so that

(BV −1
(1) B

′)−1 =

(

(W11 −X12X
−1
22 X

′
12)

−1 −W−1
11 X12(X22 −X ′

12W
−1
11 X12)

−1

−(X22 −X ′
12W

−1
11 X12)

−1X ′
12W

−1
11 (X22 −X ′

12W
−1
11 X12)

−1

)

As a result, ν2 is proportional to

(

0 1
)

(BV −1
(1) B

′)−1

(

0

1

)

= (X22 −X ′
12W

−1
11 X12)

−1

= BβW22B
′
β −W12B

′
βW

−1
11 BβW

′
12

as BβW12 is a scalar

= BβW22B
′
β −BβW

′
12W

−1
11 W12B

′
β

= BβVψψB
′
β

+BβV
−1
ψψ V

′
βψ(Vββ − VβψV

−1
ψψ V

′
βψ)

−1VβψV
−1
ψψB

′
β

−BβV −1
ψψ V

′
βψ(Vββ − VβψV

−1
ψψ V

′
βψ)

−1(Vββ − VβψV
−1
ψψ V

′
βψ)

(Vββ − VβψV
−1
ψψ V

′
βψ)

−1VβψV
−1
ψψB

′
β

= BβVψψB
′
β

so that ν2 = (1− λ)2(σ2
α)

2BβVψψB
′
β .

In order to compute ν1, let us consider:

B′
β

[

(

0[T−1×1] IT−1

)

V(1)

(

01×T−1

IT−1

)]−1

Bβ = B′
β

[

(

0[T−1×1] IT−1

)

(

Vββ Vβψ

V ′
βψ Vψψ

)(

01×T−1

IT−1

)]−1

Bβ

which is also equal to BβV
−1
ψψB

′
β , proving that ν1 = ν2.

Analogous algebra can be employed to show that ν2 = ν3, by relying on the equality

V −1
(2) = (C ′V −1

(3) C)
−1 (30)

with

C =

(

1 01×(MD−1) 01×(T−1)

0 01×(MD−1) Bβ

)

As the three noncentrality parameters are the same, the power of the test for local deviations

from the mean stationarity assumption is only affected by the number of degrees of freedom,

which is 1 in the case of LM/BBAS, T − 1 for BBAB and M − 1 for BB (with M = T (T −
1)/2 + T − 1). Differences in power are therefore expected to be larger for larger T .
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Figure 1: p-value discrepancy plots, σ2
α = 1, (x-axis: nominal size (from 1% to 20%); y-axis:

difference between the share of rejections and nominal size).
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Figure 2: Power of the tests, σ2
α = 1. On the x-axis: γ (γ = 1 implies ‘mean stationarity’); on

the y-axis: (adjusted) share of rejections with 5% nominal size.

25



5 10 15 20
−2

0

2

4

6

β=
0.

3

bb
bbab
lm
bbas

5 10 15 20
−2

0

2

4

6

5 10 15 20
−4

−2

0

2

4

6

8

10

β=
0.

6

T=3
5 10 15 20

−4

−2

0

2

4

6

8

10

T=7

Figure 3: p-value discrepancy plots, σ2
α = 1/4 (x-axis: nominal size (from 1% to 20%); y-axis:

difference between the share of rejections and nominal size).
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Figure 4: Power of the tests, σ2
α = 1/4. On the x-axis: γ (γ = 1 implies ‘mean stationarity’); on

the y-axis: (adjusted) share of rejections with 5% nominal size.
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σ2
α = 1

T = 3 T = 7
variance variance

β γ mean (×100) mean (×100)
β = 0.3 0.30 .6440 1.063 .3981 .5001

1.00 .3057 1.457 .2878 .3770
1.70 .4518 1.931 .3064 .4019

β = 0.6 0.50 .8872 .4547 .7630 .3882
1.00 .6001 1.884 .5858 .4723
1.50 .9037 1.538 .6418 .6211

σ2
α = 1/4

T = 3 T = 7
variance variance

β γ mean (×100) mean (×100)
β = 0.3 -0.50 .4394 1.185 .3365 .3831

1.00 .2952 1.186 .2843 .3486
2.50 .3728 1.303 .2959 .3541

β = 0.6 0.00 .7749 1.077 .6666 .4124
1.00 .5881 1.542 .5754 .4053
2.00 .7197 1.932 .5838 .4711

Table 1: 20,000 Monte Carlo replications: mean and variance of system GMM estimator β̂.
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system GMM 5%-level rejections

DGP mean β̂1 mean β̂2 BB BBAB LM
(var. ×100) (var. ×100)

T = 3
γ = µ = 1 .5526 1.085 4.15 5.80 6.09

(1.778) (29.44)
γ = 1;µ = 0.5 .6201 1.542 8.71 14.26 18.54

(1.225) (20.629
γ = 1;µ = 1.5 .6646 1.255 13.28 20.71 24.69

(.9586) (32.88)
γ = 0.5;µ = 1 .7013 1.541 10.61 19.15 19.65

(.7687) (21.37)
γ = 1.5;µ = 1 .6620 1.645 16.21 25.28 27.22

(.6088) (20.06)
γ = µ = 0.5 .7169 1.570 6.48 12.07 10.48

(.8591) (21.30)
γ = µ = 1.5 .6404 1.599 20.83 32.36 30.75

(.4542) (20.37)
T = 7

γ = µ = 1 .5487 1.004 0.82 6.44 8.05
(.4131) (6.003)

γ = 1;µ = 0.5 .6002 1.204 2.16 16.16 24.07
(.3563) (5.137)

γ = 1;µ = 1.5 .5866 1.012 3.32 22.05 30.43
(.3761) (6.469)

γ = 0.5;µ = 1 .6669 1.293 3.35 24.20 29.07
(.1962) (5.067)

γ = 1.5;µ = 1 .6134 1.391 9.83 43.81 59.06
(.1787) (5.173)

γ = µ = 0.5 .6802 1.320 2.85 21.22 24.27
(.2059) (4.899)

γ = µ = 1.5 .6165 1.402 12.40 50.02 63.37
(.1372) (5.515)

Table 2: Monte Carlo results, model with an endogenous x, β1 = β3 = 0.5
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