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Abstract

This paper considers estimation and inference in panel vector autoregressions (PVARs) where
(i) the individual effects are either random or fixed, (ii) the time-series properties of the model
variables are unknown a priori and may feature unit roots and cointegrating relations, and (iii)
the time dimension of the panel is short and its cross-sectional dimension is large. Generalized
Method of Moments (GMM) and Quasi Maximum Likelihood (QML) estimators are obtained
and then compared in terms of their asymptotic and finite sample properties. It is shown that
GMM estimators based only on standard orthogonality conditions break down if the underlying
time series contain unit roots. Extended GMM estimators making use of further moment con-
ditions are not subject to this problem. However, their finite sample performance is shown to
deteriorate as a ratio of cross-section to time-series variation is increased, while the performance
of the fixed effects QML estimator is invariant to this ratio. The QML estimators also tend
to outperform the various GMM estimators in finite sample. Overall, our findings favor the
use of the fixed effects QML estimator, given that it does not impose any restrictions on the
distribution generating the individual effects. The paper also shows how the fixed effects QML

estimator can be used for unit root and cointegration tests in short panels.
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1 Introduction

Over the past decade important advances have been made in the study of dynamic panel data
models where both the time dimension (7') and the cross-sectional dimension (N) are large. See,
for example, the surveys by Baltagi and Kao (2000) and Phillips and Moon (2000) and the references
cited therein. In this paper we are concerned with the more traditional panel literature where N is
large and T is short (typically less than 10), which remains the prevalent setting for the majority
of empirical microeconometric research.! However, this literature has primarily focussed on single
equation dynamic panel data models whilst there are many applications that ideally require a
simultaneous treatment of the decision problems faced by households, firms, and institutions. A
natural starting point are vector autoregressive models (VARs) which have been extensively studied
in the time-series literature. An early analysis of panel VARs (PVARs) with a short 7" was provided
by Holtz-Eakin, Newey, and Rosen (1988). The fact that in such panels 7" is small does not mean
that the underlying data could not have arisen from non-stationary and/or cointegarted processes.
The slope homogeneity and the cross section independence assumptions of the traditional panel
literature allows us to make inferences about the long- term properties of the model even though T
is short. Moreover, the presence of cointegration provides a natural starting point for introducing
cross—equation restrictions in panel VAR models.

As in single equation dynamic panel data models there are two main issues that need to be
addressed in the study of PVARs. (i) The fact that T is fixed necessitates the modeling of the
initial observations.? (ii) Presence of cross-sectional heterogeneity poses the important question
of how to best model the unobserved individual-specific effects.> Here we shall consider both
the random and fixed effects specifications. The fixed effects specification has the advantage of
being robust to possible misspecification of the distribution of the individual effects. But it is still
subject to the classical incidental parameters problem as in Neyman and Scott (1948), violating the
regularity conditions needed for the consistency of the conventional Quasi Maximum Likelihood
(QML) estimator.*

To overcome this problem Generalized Method of Moments (GMM) estimation has been sug-
gested in the literature. It is useful to distinguish between the “standard” GMM estimators pro-
posed by Holtz-Eakin, Newey, and Rosen (1988) and Arellano and Bond (1991), and their sub-
sequent extensions by, for example, Ahn and Schmidt (1995), Arellano and Bover (1995), and

'For references to much of this empirical work see, for example, Baltagi (2001).
2For discussions of the initial observations in the single equation context see, for example, Anderson and Hsiao

(1981, 1982), Bhargava and Sargan (1983), Blundell and Smith (1991), and Nerlove (1999).
3Dealing with possible slope coefficient heterogeneity poses further complications and might not be feasible in

dynamic panels where T is very small. See, for example, Hsiao, Pesaran, and Tahmiscioglu (1999).
4See, for example, Anderson and Hsiao (1981) and Nickell (1981) for a discussion of this issue in the context of

univariate models.



Blundell and Bond (1998). The “standard” GMM estimators are based on orthogonality condi-
tions that interact the lagged values of the endogenous variables with first differences of the model’s
disturbances, while the “extended” GMM estimators augment these orthogonality conditions with
additional moment conditions implied by homoskedasticity and initialization restrictions. The
motivation behind the introduction of the extended GMM estimators has been twofold: (i) The
standard GMM estimators, being based on a subset of the valid moment conditions, are asymp-
totically inefficient and are subject to the “weak instrument” problem if one or more roots of the
characteristic equation of the model are close to unity (for example, Blundell and Bond, 1998).
(ii) The standard GMM estimators break down in the presence of unit roots. A formal proof of
this breakdown in the context of PVARs is provided in this paper. In contrast to the standard
GMM estimators, the extended GMM estimators are consistent even if the unit root properties of
the model are not known a priori. These estimators are discussed in Ahn and Schmidt (1995) and
Arellano and Bover (1995) in the case of single equation models.

The paper develops random effects and fixed effects QML estimators (RE-QMLE and FE-
QMLE, respectively) when it is not known a priori whether the underlying series are stationary,
have unit roots or are cointegrated. It contributes to the discussion of the initialization of the dy-
namic models with a fixed 7', by generalizing the stationarity restrictions proposed in the literature
to settings involving unit roots and cointegration. New panel unit root and cointegration tests are
proposed for panels with a short 7. Under certain regularity conditions it is shown that the QML
estimators is consistent and asymptotically normally distributed (as N — oo, with T" fixed and
small), irrespective of whether the underlying time series are (trend) stationary, integrated of order
one, I(1), or I(1) and cointegrated. The paper also provides a generalization of the extended GMM
estimators to PVAR models, and presents a comparative analysis of these estimation procedures
in terms of their asymptotic properties as well as their finite sample performances using Monte
Carlo experiments. The RE-QMLE is more efficient than the FE-QMLE, but it imposes moment
homogeneity restrictions on the initial observations and requires the individual effects to be random
draws from probability distributions with finite fourth-order moments. The standard and extended
GMM estimators are also shown to impose restrictions on the distribution of the individual effects,
not needed under the fixed effects specification. In the case of stationary PVAR models it is shown
that the asymptotic variance of the standard GMM estimator (and by implication the extended
ones) is an increasing function of the variance matrix of the individual effects. This is an important
result and shows that in dynamic panels the quality of the GMM estimators can deteriorate often
substantially in applications where the individual effects show considerable variations. By contrast,
the FE-QMLE is invariant to the individual effects and hence is not subject to the same problem.

Finally, extensive Monte Carlo evidence on the finite sample properties of the QML and GMM

estimators is provided, with the following two main conclusions:



(i) The FE-QMLE performs well under a variety of parameter configurations and is robust to the
unit root properties of the underlying time-series processes. It also seems to be reasonably robust
to non-normal errors.

(ii) As predicted by our theory, the finite sample properties of the GMM type estimators in general
depend critically on 7, the ratio of the variance of the individual effects relative to the variance
of the errors. When this ratio is well in excess of unity both the standard and extended GMM
estimators tend to perform poorly, except for the pure unit root case. This is an important finding
considering that the FE-QMLE is invariant to 7, and that it seems rather doubtful that 7 in
empirical work can generally be assumed to be small. Even under 7 = 1 and non-normal errors
the GMM estimators are still outperformed (with the exception of the pure unit root case) by the
FE-QMLE.

The remainder of this paper is organized as follows: Section 2 introduces the PVAR model.
Sections 3 and 4 develop the QML estimators under random and fixed effects specifications, re-
spectively. Section 5 proposes new tests for unit roots and cointegration in panels with short time
dimension. Section 6 discusses GMM estimation of the PVAR model. Monte Carlo simulation
results are presented in Section 7, and Section 8 concludes and provides some suggestions for future
research. In Appendix A the restrictions on the distributions generating the individual and initial-
ization effects needed for validity of the QML, and GMM estimators are contrasted. Appendix B
provides a proof of the dependence of the asymptotic variance of the standard GMM estimator on
the variance of individual effects. Appendix C describes the computational details and the related

algorithms.

2 A Panel VAR Model

Let w;; be an m x 1 vector of random variables for the i-th cross-sectional unit at time ¢, and
suppose that the wy’s are generated by the following panel vector autoregressive model of order
one, PVAR(1):

Wit = (L, — @) p; + Owi 1 + €41, (2.1)

fori =1,2,... ,N;and t = 1,2,...,T, where ® denotes an m X m matrix of slope coefficients,
u; is an m x 1 vector of individual-specific effects, €;; is an m x 1 vector of disturbances, and I,
denotes the identity matrix of dimension m x m.

For simplicity we restrict our exposition to first-order PVAR models. However, the estimation
and inference procedures discussed in the paper are extended to the p-th order case in an appendix
available from the authors upon request. This appendix demonstrates that higher-order models

can for most parts be treated in conceptually the same manner as first-order models.



We shall consider both random and fixed effects specifications of the individual-specific effects
in the remainder of this paper, highlighting their differences, and the implications these differences
have for estimation and inference. However, for both the random and fixed effects specifications

we make the following general assumptions:

Assumption (G1) The available observations are Wiy, Wi1, ..., Wi, with T > 2 but fized as

N — 0.

Assumption (G2) The disturbances g;, t < T, are independently and identically distributed (i.i.d)
for all i and t with E (i) =0, and Var (e;) = Q¢, Qe being a positive definite matriz.

Under certain conditions it is possible to relax the cross-sectional independence assumption.
Conley (1999), for example, presents in the context of a spatial model an economic distance metric
to order the data over the cross section. In panels with N and T sufficiently large, Bai and
Ng (2002), Moon and Perron (2003), Phillips and Sul (2002) and Pesaran (2002, 2003) consider
cross-sectional dependence with a residual factor structure. Exploring the issue of cross-sectional
dependence in the context of the PAVR model with T fixed is beyond the scope of the present
paper. As for the assumption that the disturbances are identically distributed across t, we will

discuss how this assumption can be weakened in Section 4 below.

Assumption (G3) The eigenvalues of ® are either equal to unity or fall inside the unit circle.
Let

it = Wit — (2.2)

Then (2.1) can be alternatively written as

(I, — ®L)E;, = €, for t=2,... T (2.3)

and

Awip = — (I, — @) (Wio — ;) + €a (2.4)

When T is fixed, it is necessary to consider the initialization of the w;; process for estimation and
inference. We assume that
Assumption (G4) The initial deviations, £, are identically and independently distributed across
i, with zero means and the constant non-singular variance, E(§;0&i) = P,

Under assumption G4, if all the eigenvalues of ® are all inside the unit circle, the process 2.1
can either start from infinite past or finite past. If some of the eigenvalues of ® are unity, then the

nonstationary direction can only start from a finite past. For details, see Appendix A.



The PVAR(1) model (2.1) is the generalization of the univariate dynamic panel data model
considered, for example, in Ahn and Schmidt (1995) to the multivariate context, except for the
parameterization of the individual-specific effects. The multivariate counterpart of the Ahn and

Schmidt formulation is given by
wi = a; + Pwi 1 + €, (2.5)

which would be equivalent to (2.1) when all eigenvalues of ® fall inside the unit circle. However, in
the presence of unit roots the two specifications (2.1) and (2.5) will have different trend properties,
with the unrestricted intercepts specification (2.5) exhibiting linear trends whilst the restricted
specification (2.1) does not. In what follows we adopt (2.1) as the data generating mechanism,

although for estimation purposes it is often more convenient to work with (2.5).

3 Random Effects Specification

In this case the general assumptions, (G1) to (G4), need to be supplemented with additional
assumptions on the individual-specific effects, ;. In particular, we shall make the following as-
sumptions

Assumption (R1):

Var (a;) = and Cov(a;,e;y) =0, forall 4, and t =1,2,...,T. (3.1)

This is a standard assumption in the random coefficient model and together with the general
assumptions (G1)-(G4) yields

Wio |
ri=1| a i (0,9Q,), foralliand t =1,2,...,T, (3.2)
€it
where
Q Qe O
Qr = 6a Qa 0 5 (33)
0 0 Q.

and Qo and Q, are respectively positive definite and non-negative definite matrices.’?

5 Assumption (R1) could be relaxed for example to allow the individual effects a; to have a common non-zero
mean. Non-zero correlations between the disturbances €;; and the initial observations w;o/the individual effects a;
could also be allowed for, but they will not be considered here since in general it is not possible to test whether these
correlations are zero or non-zero. See Ahn and Schmidt (1995) for more detailed discussion of this in the univariate

setting.



Assumption (R2) All elements of the cross-product matrices vy}, t = 1,2,... T, have finite

second-order moments.

Denote the [2m2 +3m(m+1)/ 2] x 1 vector of unknown coefficients by 0,

/

0 = ( ¢, o., oL, o) O ) , (3.4)
where ¢ = vec (P), o = vech (Qe), oa = vech (2a), 00 = vech (), and opa = vec (Qpa).
Assumption (R3) 0 € O, where © is a compact subset of §R2mQ+3m(m+1)/2, and the true parameter
vector, O, falls in the interior of ©.

Assumption R1 can be derived from more primitive assumptions concerning the initialization
of the w;; process. For example, in the case when w;; is stationary and has started in the infinite

past we have
0 .
wio = (L — @) 'a; + »_ de; (3.5)
§=0
and hence

Qo = Var (wig) = (In — ) ' QU (I, — ®) ' + > /0.8, (3.6)
j=0
and
QOa =Cov (Wi(J: ai) = Qa (Im - ‘I))/ -1 .

See Appendix A for further details and other initialization examples.
To derive the RE-QMLE of 8, we let

W0
W0
a; + €1
Wil
Wi = . , and  my=| aiten |, (3.7)
WiT
a; + &;r
and note that
n; = Rw;, (3.8)

where R is a matrix of dimension m (T'+ 1) x m (T'+ 1) given by

L, 0
—® I,

R = o . (3.9)
0 ~® 1,



Clearly, |R| = 1. From (3.2) we now have

E(n;) =0, and Var (n;) =y, (3.10)
where
Q ro2Q
Sy = 0 b1 © 200 , (3.11)
tr ® Qoo Ir @ Qe + Lt @ Qq

with ¢ being a T' x 1 vector of ones. It follows that
E(w;))=0, and Var(w;)=3%wz=R'S,R. (3.12)

For RE-QML estimation of 8 we use the following log-likelihood function, which assumes nor-

mally distributed errors, as the criterion function:®

N (T +1 N N
£(0) = —w log (2r) — = log S| — 7 (23" Sxw) (3.13)
where
1 N
SN,W = N Zwlwg (314)
i=1

We then have the following proposition:”

Proposition 3.1 Under assumptions (G1)-(G4), (R1), and (R2), and assuming that (2.1) holds,
then as N — 0o, Snw converges almost surely to the non-stochastic matriv X, and the random
effects QML estimator (RE-QMLE) of 0, defined by

§QML = argmax [£(0)] (3.15)

is consistent. Furthermore, under the additional assumption (R2)

VN (éQML _ 90) & N(0Vour), (3.16)
where
Vour = Hg'GeH !, (3.17)
. 1 922(9) . 1 0£(9) 0L (9)’
He = Jim B [_N 3030']’ and Ge = lim [NWW o B18)

with He being a positive definite matriz.

SNotice that 3, is non-singular even if initialization restrictions such as Q, = 0 and pa = 0 that follow under
® =1,, are imposed. However, as noted above, in our estimation set-up 2, and 0a will be treated as unrestricted
coefficient matrices.

"A proof can be established using familiar techniques as reviewed, for example, in White (1994).



Remark 3.1 A consistent estimate of the variance-covariance matriz of /B\Q ML robust to violations

of the information matriz equality is given by

1l 1A &

NHNlGNH ! (3.19)
where ﬁN and (AS}N are the matrices Hy and Gy defined below and evaluated at 0 = /B\QML

. 10%2(0) 1 (02(0) [0£(0)Y
Hy =~ %600 GN“N< 00 >< 00 > (3:20)

Remark 3.2 If time-specific effects are present, and wy is generated by
(I, — PL) (Wit — p; — 0¢) = €44, i=1,2,... ,N;t=1,2,...,T, (3.21)

where &; is an m x 1 vector of time-specific effects, then upon redefining for estimation purposes

w0 — 0
Wip — 60 10 0
5 a; + €1
Wil — 01
w; = ’ ] , and m =1 atea |, (3.22)
Wi — 0T
a; + &7

the log-likelihood function is again given by (??7). It can be shown that the RE-QMLE of §; is given
by

N
~ 1
o, = N;wit, t=0,1,...,T. (3.23)

In the special case where §; = 0t, t = 0,1,... ,T, the RE-QMLE of & can be obtained using the

following weighted average of the unrestricted estimates, gt :

T T LT T
3:(2223@) {ZZE%\S}, (3.24)

t=0 s=0 s=0 t=0

where we have partitioned ¥3' into (T 4 1)* blocks of dimension m x m,

oSy sy
EIO 211 EIT

D T (3.25)
ZTO ETl ETT
w w w

The RE-QMLE of the remaining parameters, 6, can be computed using the concentrated log-

likelihood function.”

8The presence of N cross-sectional units allows us to consider a nonparametrically specified common trend for all
cross-sectional units.

9Detailed derivations of (3.23) and (3.24) are contained in a note available from the authors upon request.



4 Fixed Effects Specification

Under the fixed effects specification no restrictions need to be placed on the probability distribution
function generating the individual-specific effects p; in (2.1) (or, in unrestricted form, a; in (2.5)).
In particular, assumptions (R1) and (R2) are no longer required. It can then be allowed, for
example, that: (i) the individual effects are dependently distributed, (ii) the individual effects are
heteroskedastic, (iii) the individual effects are (more generally) characterized by a joint probability
distribution function with the number of unknown parameters increasing at the same rate as the
number of cross-sectional observations in the panel, and (iv) the individual effects do not have
moments.

Following standard practice the u;’s can be eliminated by first-differencing (2.1), namely'°
Awy = (I)AWin_l + Aeyy, t=2,3,...,T. (41)

The first-differenced model (4.1) allows us to obtain the probability distribution of Aw;a, Aw;s,
..., Awyp, conditional on Aw;;. While it would be tempting to base the QML estimator of ¢
on the associated conditional likelihood, the resultant estimator would be inconsistent as N —
oo when T is finite, as discussed in the univariate setting by Hsiao, Pesaran, and Tahmiscioglu
(2002). To obtain a consistent QML estimator one needs to work with the unconditional joint
probability distribution of (Aw;1, Aw;o,... ,Aw,;r), and ensure that this joint distribution is free
of the incidental parameters problem. The latter condition is obviously satisfied if the unconditional
distribution of Aw;; does not depend on any incidental parameters. Therefore, for the fixed effects
specification we shall supplement assumptions (G1)-(G4) with

Assumption (F1) The following moment restrictions are satisfied:
(I, — @) E (kioes;) = O, (4.2)
and
E (kipAej;) =0, for t = 2,3,...,T, (4.3)

where k0 = (I, — @) (Wio — ;).
Combining this assumption with (G1)-(G4) and using (2.4) we now have'!
Awi % (0,0),

%Hsiao, Pesaran, and Tahmiscioglu (2002) in the univariate context show that the QML estimator is invariant to

the choice of the T' x (T + 1) transformation matrix P that is of rank 7" and eliminates the individual-specific effects,
namely has the property that Pc = 0, with ¢ being a vector of constants of dimension (7' + 1) x 1. The argument in

Hsiao, Pesaran, and Tahmiscioglu (2002) readily extends to the multivariate setting considered here.
1 Assumptions (G4) and (F1) can be relaxed to allow for ki to have a constant non-zero mean, and for

Cov(kio,ei1) and Cov(kio,A€it), for t = 2,3,...,T, to be non-zero and possibly time-varying (but still homo-

geneous across 7).



and
Cov (Aw;1, Agjn) = —Q¢,and, Cov (Aw;p, Aey) =0, =3,4,...,T.
where
U = (L, — @) Vg, (I, — @) + €, (4.4)
and V¢, is already defined in Assumption G4.

Remark 4.1 [t is clear that the individual effects p; do not enter the initial first differences, Awy.

The first-differencing operation simultaneously deals with the incidental parameters and unit root

problems.?

Remark 4.2 [t is important to note that assumption (F1) imposes homogeneity restrictions on a
linear combination of the initial deviations, (I, — ®)&,q, and the initial error terms, €;1, for all 1,

without imposing any such restrictions on the individual effects, p;, themselves.

Finally, for the fixed effects specification we make the following moment and parameter space

assumptions:

Assumption (F2) The second moments of the cross-product matriz AryArt,, t = 1,2,... T,

its
with

exist.
Denote the [m? +m (m +1)] x 1 vector of unknown coefficients by p,
p=(¢ ot W), (16)
where ¢ = vec (®), o = vech (), and 1 = vech (V).

Assumption (F3) p € =, where Z is a compact subset of §Rm2+m(m+1), and the true parameter

vector, py, lies in the interior of =.

To derive the FE-QMLE of p, we need to derive the second moment structure of (Aw;1, Aw;a, ... , Aw;p).
We let
AWil
Awjy
Agjp
Aw;o
Aw; = ] , and An, = Aegi3 . (4.7)
Aw;
T AEZ'T

12As will be discussed in detail in Section 5, unlike in time-series models, first-differencing in panels with fixed
time dimension still allows us to identify and estimate the long-run (level) relations that are of economic interest

irrespective of the unit root and cointegrating properties of the w;; process.
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From (4.7) it immediately follows that
An, = R Aw;, (4.8)

where R is given by (3.9), but its dimension now is mT xmT'. The mean and the variance-covariance

matrix of An; are now easily obtained. We have

E (An;) =0, and Var (An;) = Xag, (4.9)
where
v Q. 0
—Q. 29, —Q.
—Q. 20, Q.
Yan = . . (4.10)
- 20, —Q.
0 —-Q. 290,
It follows that
E(Aw;) =0, and  Var (Aw;) = Xaw = R71ZA, R (4.11)

We base the QML estimation of p on the following log-likelihood function derived from the joint

probability distribution of (Aw;1, Aw;a, ... , Aw;r) under the normality assumption:!3
mNT N N _
l(p) =— 5 log (27) — 5 log |Xan| — 5757“ (EA}NSN,AW) ) (4.12)
where
| X
SN,AW = N Zl AWZ AWQ (413)

The following proposition establishes the properties of the resultant QML estimator:

Proposition 4.1 Under assumptions (G1)-(G4), (F1), and (F2), and assuming that (2.1) holds,
then as N — oo, Sy aw converges almost surely to the non-stochastic matriv Yaw, and the fived
effects QML estimator (FE-QMLE) of p, defined by

P = argmax [£(p)], (4.14)
is consistent. Furthermore, under the additional assumption (F2)

\/N (ﬁQML - ,0(]) & N(O,%QML), (415)

13The likelihood function (4.11) holds whether T is finite or approaches to infinity. However, if T — oo, one can

estimate p; consistently, hence one may apply MLE to (2.1) instead of working with (4.11).

11



where

Vomr = HZ_IG@HZl, (4.16)

0%( (p) 1
H, = ]\}glle [_N 9pop ] , and Gy = hm E [N 3p  dp

ﬂ%l] ’ (4.17)

with Hy being a positive definite matriz.

A consistent estimate of the variance-covariance matrix of pg);, can be obtained using the

counterpart of (3.19).

Remark 4.3 If wy; is generated by the fived effects counterpart of (3.21), so that time-specific

effects are present, we have that
(I, — L) (Awy — 7v,) = Aeyy, 1=1,2,... ,N;t=2,3,...,T, (4.18)

with v, = Ady. Upon redefining

Awi1 — v,
Aw;1 — v Ae
i2
AWz — 9 '
Aw; = ) , and  Amn; = Ag;3 , (4.19)
AWt — 7 Ae
iT

the log-likelihood function is again given by (4.12). Using similar derivations as in the random
effects setting, it can be shown that the FE-QMLE of v, is given by

N
1
=5 > Awy, t=1,2,...,T. (4.20)

In the restricted case of v, =, t=1,2,...,T, we have
T T L7 T
[Ty (D) )
t=1 s=1 s=1t=1

where ZZW is partitioned into m x m dimensional blocks X%, t,s =1,2,... T, analogous to the
partition in (3.25).

Remark 4.4 Computation of the FE-QMLE is complicated by the fact that the matriz Ya, will
often be high-dimensional. However, to compute the determinant and inverse of Yy, one may
make use of the block-tridiagonal structure of ¥ay. Applying the block LDL' factorization to YAy,
the latter may be factorized as ¥an = ALARLA, where Ap is a block-diagonal matriz with j-th

12



, , -1
diagonal block given by Ag) = ¢ A%) = [295 — QeAg_l)Qe] , 3 =2,3,...,T, and where
Ap = ABI — Ay, with Ay being a block-subdiagonal matriz with all subdiagonal blocks equal to
Q.14 It then follows that

1
det (AD)

= T )Hdet[ } (4.22)

det (Sap) = [det(Ar)]*det (Ap) =

To compute the inverse of Xay, a computationally efficient scheme is to adapt the recursions based

on Bowden’s procedure in Binder and Pesaran (2000), which yields

Sami = T+H1=D[( 1) Q"W = (j —2)1,] [TV — (T - 1)Q] ™, >,
(4.23)

and

z;ml =(T+1-j)[TT—(T-1)Q) " [ -1) ¥ — (1-2)L,], j>1,
(4.24)

where ZAn i denotes the jl-th block of ZAn’ 5,0 =1,2,...,T. Further details of our numerical
algorithm that renders computation of the FE-QMLE practically feasible even for high-dimensional

systems are described in a note available upon request.

As will be seen in Section 6 below, GMM estimators of ® need not impose homoskedasticity of
the error components (I, — ®) ; + €, which, it may be argued, adds to their robustness. Since
under the fixed effects specification no restrictions are placed on the distribution generating the
individual effects p;, by default the FE-QMLE also allows for the possibility of cross-sectional
heteroskedasticity in the combined error components, (I,, — ®) u; + €. Furthermore, the above
analysis can readily accommodate intertemporal error variance heteroskedasticity. This can be
done by relaxing (G2) so that the disturbances e;; are distributed independently and identically
for all 4, and independently for all ¢ with Var (e;) = €Qe,, Q¢, being positive definite matrices for

all ¢. In this case YAy, defined by (4.10) generalizes to

v —Q,
Qe Qey + Qe —Qe, 0
YA = .
0 _QEsz QET,Q + QET71 —QET71 (4.25)

_QET—l QET—l + QET

MFor further details see, for example, Binder and Pesaran (2000), who in the context of the solution of multivariate
linear rational expectations models discuss the block LDU factorization, of which the block LDL’ factorization is a

special case.
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The FE-QMLE can now be derived under suitable parameterization of the error variance-covariance
matrices €)g,, fort =1,2,...,7T.

Finally, it is also worth noting that under the random effects specification considered in Sec-
tion 3 there are m (T'+ 1) (T' + 2) /2 exploitable moment conditions, while under the fixed effects
specification there are mT'(T + 1)/2 moment conditions, or m (T'+ 1) fewer moment restrictions.
Therefore, in general one would expect the RE-QMLE to be asymptotically more efficient than the
FE-QMLE. The finite sample importance of these additional moment conditions will be studied in
Section 7, where the random and fixed effects QML estimators will be compared. Nevertheless, it
should be clear that, in general, FE-QMLE is preferable to RE-QMLE; unless prior information is
available that the individual effects are cross-sectionally homoskedastic and have finite moments of

up to the fourth order.

5 Unit Roots and Cointegration in PVARs

Since the issues of unit roots and cointegration can be of significant interest in economic modelling,
it is desirable to have procedures available to test for unit roots and cointegration rank even though
T is finite. The asymptotic properties of the QML estimators set out above hold irrespective of the
location of the eigenvalues of ® and the size of T'. Therefore, one may use the results of sections
3 and 4 to test for the presence of unit roots and cointegration.

In order to be able to interpret the rank of the matrix II as the number of linearly independent
cointegrating relations, it is necessary to know whether each of the variables in w;; follows an
I(1) process. Our framework can be easily adapted to test for unit roots in short panel univariate

autoregressive models. For m = 1 the equation to be estimated is
Wit = @; + QWi -1 + Eit, gt « 11d (O, af) , (5.1)
where w;; is now a scalar variable.!> The unit root hypothesis
Hy: ¢=1 vs. Hi: ¢<1, (5.2)

can now be tested under both the random and fixed effects specifications. Denoting the QML
estimator of the slope coefficient under either model specification as ;5, a Wald type statistic of

testing Hy versus H; will be

_ 91
ty = se((/b\)’ (5.3)

15 As for unit root testing in the time-series context, the appropriate order of augmentation of w;; is important for

the validity of the test. In practice one may therefore need to consider higher-order cases as well. Here we confine

ourselves to p = 1 for simplicity of exposition.
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where se(gg) denotes the standard error of g/g Under the null hypothesis ¢4 is asymptotically dis-
tributed as a standard normal variate as N — oo, for a fixed T" > 3. The alternative hypothesis
considered is homogeneous and one-sided. This test can be extended to models with serially cor-
related errors (to models with p > 1), so long as the slope homogeneity assumption is maintained.
Unit root tests for panels with slope heterogeneity and more complicated dynamics have been pro-
posed in the literature but require large N and 7" panels and are not valid when the time dimension
is short.'® A short 7 panel unit root test has been proposed by Harris and Tzavalis (1999), but
requires bias corrections and could be difficult to extend to models with serially correlated errors.

The natural next step after the unit root tests have been carried out is to test for cointegration.
Consider again the PVAR(1) model in the m variables w;;, now assumed to be I(1). The hypothesis
that w;; — p; is cointegrated with rank r versus rank r+1, r =0,1,... ,m — 1, can be formulated

as
H,:®=1,+ a3 vs. Ho1:2=1,+ ar+1ﬁ;+1> (5.4)

where . and 3, are m x r matrices of full column rank 7. Since a3, = a,KK~'43. for any 7 x r
nonsingular matrix K, one needs, in the absence of short-run restrictions, r restrictions on each of

the 7 columns of 3,.!7 A convenient procedure for the identification of 3, is to let
B, = Hé, + by, (5.5)

where H and b, are, respectively, m x ¢ and m X r matrices, both with known coefficients, and &
is a ¢ X r matrix with unknown coefficients. For example, if one chooses (as we shall do in what

follows) the Phillips (1991) exact identification restriction that
~/ /
B, = ( I., 3, ) , (5.6)
where B; is an r X (m — r) matrix with unrestricted coefficients, then

H— ( 0, I, )/, b, — ( I, 0 )', and &, = 3,. (5.7)

The QML estimators restricting the rank of the matrix II can now be set out as before, noting

that in the random effects case the unknown coefficients are now given by

JURNY ’
On = ( vec(ay), wvec (,BT) , 0L, Oh O}, O(a )
16See, for example, Levin, Lin and Chu (2002), Im, Pesaran, and Shin (2003), and Maddala and Wu (1999).

Extensions of these tests to models with cross section dependence have also been considered by Bai and Ng (2002),

Moon and Perron (2003), Phillips and Sul (2002) and Pesaran (2003).
"For a more detailed discussion see, for example, Pesaran and Shin (2002). Also note that the extrema of the

QML and MD criterion functions under rank (II) = r are invariant to the choice of K.
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, and in the fixed effects case are defined by
~ /
P = ( vec (o), wvec (ﬁr) , oL, ) .
The likelihood ratio test statistic of H, versus H,;1 is asymptotically chi-square distributed with
(m—7)2—(m—r—1)2=2(m—r) — 1 degrees of freedom. (Imposing II to be of rank r leaves
m2 — (m — r)? unrestricted coefficients in IIL.)

Additional parameter restrictions or overidentifying restrictions can be formulated in terms of
vec (@) = Goe +f, (5.8)

where G is an m? x ¢ matrix and f an m? x 1 vector, both with known elements, and s is a
g X 1 vector of free parameters. A likelihood ratio test of (5.8) will be asymptotically chi-square
distributed with m? — ¢ degrees of freedom.

We will document the (perhaps surprisingly) good small sample properties of the unit root and
cointegration tests proposed in this section when the tests are based on the QML estimator in

Section 7 below.

6 GMM Estimation

There now exists an extensive literature on the GMM estimation of univariate dynamic panel data
models (for example, Arellano and Bond, 1991, Ahn and Schmidt, 1995, 1997, Arellano and Bover,
1995, Blundell and Bond, 1998, Alonso-Borrego and Arellano, 1999). However, just like Three Stage
Least Squares estimation of a system of equations can be more efficient than the single equation
based Two Stage Least Squares, in this section we shall generalize GMM estimation to a systems
context, and show that if the PVAR model (2.1) contains unit roots, then the standard GMM
approach (for example, Arellano and Bond, 1991) of using lagged level variables as instruments
that are orthogonal to the disturbances of the first-differenced form of the model breaks down.
We then discuss how this problem may be overcome using additional moment conditions implied
by homoskedasticity and initialization restrictions of the type suggested in the case of univariate
models by Ahn and Schmidt (1995), Arellano and Bover (1995), and Blundell and Bond (1998).

Standard GMM and its Breakdown under Unit Roots

The standard GMM estimator of Arellano and Bond (1991) employs instruments that are orthogonal
to the disturbances of the first-differenced form of the model. For the PVAR(1) model (2.1), such
instruments are given by levels of the dependent variables, w;;, lagged two or more periods. The

resulting orthogonality conditions may be written as

E[(Awy — ® Aw;p1) qy] =0, t=2.3,...,T, (6.1)
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where q;; is the m (t — 1) x 1 vector defined by

/
qQit = ( Wi, Wi, ..., Wg’t_Q ) . (6.2)

To derive the standard GMM estimator of ® based on the moment conditions (6.1), it will be useful

to rewrite these moment conditions in stacked form as:
E [Q; (AWZ- — AWZ-,_1<I>’)] =0, (6.3)

where Q/ is a matrix of dimension mT" (T — 1) /2 x (T — 1) given by

g2 0 0 0
0 q-3 0
Q, = ' : (6.4)
0 QT

and AW; and AW, _; are (T'— 1) x m dimensional matrices,
/
AWZ' = ( AWiQ, Awig, oy AWZ‘T ) 5 (65)
and
!/
AWL_l = < Awil, AWiQ, cee gy AWi,T—l ) . (66)

The standard GMM estimator of ¢ = vec (®) is now given by!®

- _ -1 _
b = (SzxD5'Szx)  SzxDg'Szy, (6.7)
where
1 o 1 o 1 o 1 o
Szx = & > ZiXi, Szy= N > Ziyi, Dg= N > ZiYeZi, Yo = N ) e,
i=1 i=1 i=1 =1
(6.8)
Z;=Qi®L,, Xi=AW,;_1®1L,, yi=uvec(AW)), e;=vec(AE]), (6.9)

and E\EZ = AW, — AW@_lEI\)’IE, where </I;1E is an initial consistent estimate of ® such as the
generalized instrumental variables estimator obtained using the formula (6.7), but with Dg replaced

by Aq ® Q¢, where

N
1
Ag =D QVQ; (6.10)
i=1

8 An alternative estimator of Dy also used in the literature is given by N1 Zf\;l Zie;e.Z;. See, for example,

Arellano and Honoré (2001) and Baltagi (2001). However, our Monte Carlo experiments suggest Dz to be preferable
in the settings we consider, particularly for purposes of hypothesis testing. Arellano and Honoré (2001) also discuss

how auxiliary assumptions can be used to impose further restrictions on Dsg.
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and V is the (T'— 1) x (T — 1) matrix,

V= . (6.11)

Since the resultant instrumental variables estimator is invariant to the choice of )., without loss of
generality the estimator may be computed replacing Dg by Aq ® L,,. Using the standard formula,

a consistent estimate of the variance-covariance matrix of ¢g,r3r can be obtained as

1 _
, (ShxD5 S2x) (612

The standard GMM estimator is consistent if all eigenvalues of @ fall inside the unit circle,
but breaks down if some eigenvalues of ® are equal to unity. Note that a necessary condition for
the GMM estimator (6.7) to exist is that rank(Q, AW, _;) = m as N — oco. In the case where
¢ =1,,, rank (Q, AW, _1) as N — oo is less than m, however. This is because when ® = I,,,, for
t=23,...,T we have Aw;; = €4, and Wy = Wy + S;¢, with s;; = 22:1 €ig, and thus it follows
that fort =2,3,...,7T,1=0,1,... ,t—2,as N — o0

N N
1 1
N Z Aw;pg Wy = N Z ei—1 (Wi +s3) 20, (6.13)
i=1 i=1
where 2 denotes convergence in probability. In other words, when ® = I,,,, the elements of q;; are
not legitimate instruments.'® As some of the eigenvalues of ® approach unity, the q;’s become

weak instruments in the terminology of Staiger and Stock (1997).
Extended GMM

Nevertheless, a consistent GMM type estimator may be obtained by making use of additional mo-
ment conditions. One possibility is the extended GMM estimator proposed by Ahn and Schmidt
(1995, 1997) which augments the standard moment conditions with those implied by homoskedas-
ticity assumptions as in (G2). These are legitimate instruments regardless of the unit root and
cointegrating properties of w;; — ;. In the context of the PVAR(1) model (2.1) invoking ho-

moskedasticity (over time) of the €;’s yields the following two sets of moment conditions:

E[(Wi— oW, _1) (Awy — ®PAw; ;1) =0, t=2,3,... T, (6.14)

19The same conclusion holds for PVAR(p) with more complicated derivation. A note containing a detailed argument

is available from the authors upon request.

18



and

E [(Awi,t_l — (I)AWM_Q) W7/j,t—2 - (AWZt - (I)AWin_l) Wé,t—l] = 0, t= 3, 4, e ,T,
(6.15)

where
1 <& 1 ZT
wW; = f t:E 1 Wit, and Wi,_l - T - Wit—1- (616)

Note that the moment conditions (6.14) are nonlinear in ®. Stacking the moment conditions (6.1),
(6.14), and (6.15) as a [m*T (T — 1) /2 +m? (2T — 3)] x 1 dimensional column vector, m(w;, ¢),

the moment conditions can be rewritten as
E [m(w;, ¢)] = 0. (6.17)

Ahn and Schmidt’s (1995, 1997) extended GMM estimator applied to the PVAR model (2.1) is
then given by

boann = argmin { My (@) [Wx(9)] " My (@)} (6.18)
where
1 Y 1 Y - ~
MN(¢) = ﬁ Zm(wqu)a and WN(¢) = N Zm(wla¢IE) m(wi>¢IE)/a
=1 =1 (6.19)

with (Ab rE being an initial consistent estimate of ¢. One possibility would be to use for this purpose
the generalized instrumental variables estimator applied to the linear moment conditions (6.1) and
(6.15) only.

Arellano and Bover (1995) and Blundell and Bond (1998) proposed an additional set of moment
conditions which when applied to the PVAR model (6.20) can be written as

E [(wi — ®wiy1) Awj, 1| =0, t=2,3,...,T. (6.20)
It is readily seen that these conditions require that
(Im —®) E [Nz‘ (Wio — .U‘i)l] (@ —In) =0. (6.21)

Thus the moment conditions (6.20) involve restrictions on the distribution of the initial observations,
wip, unless of course ® = I,,,. The Ahn and Schmidt (1995, 1997) homoskedasticity implied moment
restrictions, (6.14) and (6.15), and the Arellano and Bover (1995) and Blundell and Bond (1998)
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initialization restrictions implied moment conditions, (6.20), can now be combined, after eliminating

redundant conditions, to yield the linear moment conditions

E (Wit — @wip 1) Wiy — (Wig1 —Owip 9)wiy 4] =0,  t=23,...,T,

(6.22)

and (6.20).
To derive the extended GMM estimator of ® based on the linear moment conditions (6.1),
(6.20), and (6.22), it will be useful to rewrite the three sets of moment conditions in stacked form

as:
E [P} (W; - W, _,9)] =0, (6.23)
where P’ is a matrix of dimension [mT (T'—1) /24+2m (T —1)] x T,
P, = ( Py P Py )', (6.24)

with Py; a matrix of dimension mT (T'— 1) /2 x T given by

—q2 q2 0 O 0
0 —q3 qi3 O
Py; = oo . , (6.25)
0 0 —qr Qr

P2; a matrix of dimension m (1" — 1) x T' given by

0 Awil 0 0 0
Py = ' : (6.26)
0 0 Aw;7r1

and P3; a matrix of dimension m (T'— 1) x T" given by

—W;1 W2 0 o 0
0 —W;2 W;3 0
Ps; = oo ' , (6.27)
0 0 —w;7_1 Wwir

and W; and W; _; are T' x m dimensional matrices,

/
Wi = ( Wi, W;2, ..., W;T ) 5 (628)
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and

!
Wi 1= ( Wio, Wil, .., W;T_1 ) . (6.29)

The extended GMM estimator of ¢ based on the orthogonality, homoskedasticity, and initialization

restrictions implied moment conditions (6.1), (6.20), and (6.22) is now given by

- —1
—1 —1
Porm = (S%xDa Szx) S;%xDg Sz (6.30)
where
1 N / 1 N / 1 N / 1 N

_ s o1 o/ 1 S 1 o

Sux = 3 D_ZiXis Szg =5 D LV Du= ) ZilaZi, Ta= ) W,
i=1 i=1 i=1 i=1 (6.31)

)

Z; =P, 21, X; = Wi _1®1y, v, = vec (W') ) u; = vec (IAJ;) )
(6.32)

and ﬁz =W, -W, 4 </IS’I 5 Where ) 7E is an initial consistent estimator of @, for example the gen-

eralized instrumental variables estimator based on (6.30), but with Dg replaced by Ap ®1I,,,, where

N
1 /
Ap == ;_1: P/P;. (6.33)

Using the standard formula, a consistent estimate of the variance-covariance matrix of the extended
GMM estimator (6.30) can be obtained as

% (S’ZXDglsZX>_1. (6.34)
Remark 6.1 The GMM estimators (6.7), (6.18), and (6.30) require that the second moments of ;
exist. For asymptotic normality of these estimators it will also be required that the fourth moments
of w,; exist. The existence of these moments is not implied by any of the assumptions we had
inwvoked for QML estimation under the fized effects specification. Moreover, the number of moment
conditions for GMM increases at the order of T?, while the orthogonality conditions for QMLE

remain the same as T increases, which can have implications for the finite sample performance of

the two types of estimators.

Remark 6.2 Due to the use of levels variables (wi,t = 0,1, ..., T —2) as instruments, the variance
of the GMM estimators will depend on the distribution of the unobserved individual effects,, p;, a
dependence that does not disappear with N — oo. As shown in Appendiz B the asymptotic variance
of the standard GMDM estimator is in fact an increasing function of §1,, the variance matriz of

individual effects, p;, in the sense that for any two variance matrices, QE}) and QE?),

AsyV (Q%GMM [QE})D — AsyV (&GMM [Q;(E)D >0,
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if QE}) — Qg) > 0, and wvice versa, where “ > 7 stands for a positive semi-definite matriz. In
particular, in the special case where €, = T the precision of the GMM estimators deteriorates
with 7. In contrast, the asymptotic variance of the FE-QMLE discussed in Section 4 does not
depend on €.

Remark 6.3 The pure unit root case presents an exception. Under (2.1), when ® = 1,,, no indi-
vidual effects, p;, are present. However, if one were to assume that the initialization of series differ
across the individuals, then from w; = w;g + Zizl €st, one can again deduce that the efficiency
of (extended) GMM estimators in the pure unit root case will depend on the magnitude of V(wyo),
the cross-section variation of the initial values relative to the time series dimension variations as

given by €.

Remark 6.4 The asymptotic efficiency arguments in Ahn and Schmidt (1995) carry over to the
extended GMM estimator (6.30) set out above, provided that the fourth moments of p; exist. How-
ever, as is well known from the instrumental variables literature, such asymptotic results need not
carry over to small or even moderate sized samples, particularly when the number of moment con-
ditions is large relative to the number of observations. The extended GMM estimators seem to be
subject to such a shortcoming. This is because in the absence of prior information on the unit root
properties of Wi all moment conditions could be informative,?® and as a result the extended GMM
estimators tend to use moment conditions well in excess of the number of unknown parameters.®!
Therefore, the extended GMM estimators are likely to be subject to important small sample bias.

This issue is taken up in the next section.

7 Finite Sample Evidence

In this section we provide evidence on the finite sample properties of the QML estimators, and
standard and extended GMM estimators by means of Monte Carlo experiments.?? While we con-
sider a fairly broad range of model specifications, our Monte Carlo analysis is, given the scope of
the paper, necessarily limited in nature. Nevertheless, we conjecture that our conclusions are likely

to be of general validity.

2In the univariate context, Wansbeek and Bekker (1996) argue the importance of using all applicable moment
conditions; Hahn (1999) argues that the information content of the homoskedasticity implied moment conditions is

significantly augmented if initialization restrictions are imposed.
21The use of more moment conditions can lead to an increase in the bias of the GMM estimators in finite sample,

for example, see Ziliak (1997). Also note that for both the standard and extended GMM estimators the number of

orthogonality implied moment conditions increases quadratically with the time dimension of the panel.
22In the univariate context Monte Carlo studies of the finite sample properties of various GMM estimators include

Kiviet (1995), Blundell and Bond (1998), and Alonso-Borrego and Arellano (1999).
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7.1 Monte Carlo Design

We consider three types of designs for the matrix of slope coefficients, ®. These designs distinguish
between stationary , pure unit root, and cointegrated PVAR models.?? In the case of stationary
designs we consider three sub-cases with ® having maximum eigenvalues equal; to 0.60, 0.80, and
0.95. For all designs we set m = 2., and to make the Monte Carlo results from the various designs
comparable, we specify (where appropriate) different error variance matrices for different designs
so as to obtain similar population R? values for both equations of the PVAR model and across all
designs:

Design 1a: Stationary PVAR with mazimum eigenvalue of ® equal to 0.6

0.4 0.2 0.07 0.05
= , Q. = .
0.2 04 0.05 0.07
The other eigenvalue of ® is 0.2, and the population R? values are given by RQAwm = 0.2364,
[1=1,2,:1=1,2,.... N,and t = 2,3,... ,T, where

2 _ [Qe]ll ’ (7'1)
[Z;‘;O G ] 1l

ANTUTT
with Cp =L, C1 = — (I, — ®), and C; = C;_1®, j = 2,3,..., and [S];; denoting the element in

the I-th row and I-th column of the matrix S.24

Design 1b: Stationary PVAR with mazximum eigenvalue of ® equal to 0.8

0.6 0.2 0.07 —0.02
o = , Q. = .
0.2 0.6 —-0.02 0.07
The other eigenvalue of ® is 0.4, and the population R? values are given by Riwm = 0.2396,

1=1,2,t=2,3,...,T, where Riwm are computed as in (7.1).

Design 1c: Stationary PVAR with mazimum eigenvalue of ® equal to 0.95

0.7 0.25 0.08 —0.05
o = , Q. = .
0.25 0.7 —0.05 0.08
The other eigenvalue of ® is 0.45, and the population R? values are given by RQAwm = 0.2383,

1=1,2,t=2,3,...,T, where Riwm are computed as in (7.1).

Design 2: PVAR with unit roots (but non-cointegrated)

23 An earlier version of this paper also included two additional designs which are dropped to save space.
24G8ee Pesaran, Shin, and Smith (2000) for a discussion of the computation of R? values for (possibly cointegrated)

VARs.
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10 0.08 —0.05
g , QE = .
01 —0.05 0.08

Design 3: Cointegrated PVAR

0.5 0.1 0.05 0.03
o= , Q. = .
-0.5 1.1 0.03 0.05
The eigenvalues of ® in this case are given by 1 and 0.6, and the implied vectors/matrices o, 3,

and II are given by

( 0.5 ) < 1 ) < 0.5 0.1 )
a = ) B = ) = .
0.5 0.2 05 0.1

The population R? values are given by Riwm =0.2381,1=1,2,t=2,3,...,T, where Riwm are
computed as in (7.1).
The baseline settings across all five designs for the remaining model parameters are as follows:

We take the €;;’s to be normally distributed, and generate the individual-specific effects as

i — 1 iid iid
=T (%) ni,  a~x*(1),  and  nXN(0,9), (7:2)

with g; and n; being distributed independently of € for all ¢ and ¢. In this way the individual effects
will not be normally distributed. Clearly, the particular way that the individual effects are generated
has no consequence for the FE-QMLE but could be important for the GMM type estimators. For
7 we consider two value, 7 = 1 and 5. It should be recalled that 7 measures the degree of cross-
section to the time-series variations, which tends to be quite large for most economic data sets.
The Monte Carlo studies of GMM estimators in the univariate context typically set 7 = 1, and to
our knowledge we are the first to consider implications of changes in 7 for the GMM estimators.
The FE-QMLE does not depend on 7.

The wi,s were generated using (2.1) and the initialization (/3) as set out in Appendix A, with
M = 25 and €}; = Q.. Note that under this initialization we have that R?‘Awm = RQAwm, for
t=2,3,...,T,and | = 1,2. We set N = (50, 250), T" = (3, 10), and carry out 1,000 replications
for all baseline experiments, computing the FE-QML as well as the standard and extended GMM
estimators.

In further experiments we consider a couple of deviations from the baseline scenario. As a partial

analysis of the performance of the QML estimator under non-normal disturbances we also consider
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the cases of t- and chi square distributed disturbances: We generate t distributed disturbances &;;

3 .
e =1/oPL [ ), (7.3)
5 Soit

where P is the (upper triangular) Cholesky factor of €, and g, I = 1,2, are (for all [, i, and t)

as

independently distributed standard t variates with five degrees of freedom. Chi square distributed

1 X2i -1
Eit = \/;P,e ( ;t ) ; (7.4)
Xait — 1

where x?2,, and x3,, are independently distributed chi square variates with one degree of freedom.

disturbances are generated as

Also, as a partial analysis of the information content of the moment conditions available under
the random but not the fixed effects specification, we compare the fixed and random effects QML

estimators under cross-sectionally homoskedastic individual-specific effects, generating the latter as
id
n; = \/77'1‘11', l’li%N (0, QE) , (75)

with n; again being distributed independently of e for all 7 and ¢, and 7 = (1, 5).

In what follows we compare the various estimators in terms of their biases and root mean square
errors (RMSEs). We also investigate the finite sample performance of a number of tests based on
these estimators. For Designs 1 and 2 we compute the various estimators with II unrestricted, and
for Design 3 we compute the QMLE both with and without imposing rank restrictions on II. In
what follows we refer to the GMM estimator that uses only the orthogonality and initialization
restrictions implied moment conditions as the “Extended GMM Estimator I”, and the GMM es-
timator that uses only the orthogonality and homoskedasticity implied moment conditions as the
“Fxtended GMM Estimator II”. Finally, the GMM estimator that uses the orthogonality, initial-
ization restrictions, and homoskedasticity implied moment conditions will be referred to as the
“Extended GMM Estimator II11”. A summary of the computational details is provided in Appendix
C.

7.2 The Results

The evidence on the finite sample properties of the various estimators in the case of normally
distributed disturbances and when no rank restrictions are imposed on the matrix II are summarized
in Tables 1 and 2. Performance of each estimator is evaluated according to the familiar four criteria,
namely bias, RMSE, size, and power. Table 1 reports the bias and RMSEs of the various estimators.
To economize on space we focus on the results for the elements in the first column of ®, namely ¢11

and ¢91. The results for ¢12 and ¢oo are qualitatively similar and are available upon request. Size
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and power of the tests are reported in Tables 2a-2d. The nominal size is set to 5%. Once again to
save space these tables only report the results for design 1a, and 3. For the GMM type estimators
we report the results for 7 = 1 and 5.

The results in Tables 1 and 2 clearly show that the performance of the GMM type estimators
tends to deteriorate with increases in 7, except in the pure unit root case. These simulation results
are in line with our theoretical derivations discussed in Remark 6.2 and 6.3, and will not disappear
if larger sample sizes are considered. The FE-QMLE is invariant to changes in 7 and its finite
sample performance is therefore unaffected by the choice of 7. Except for the pure unit root
case where ® = I, in which our data generating process no longer depends on individual effects.
The dependence of the GMM type estimators on 7 and/or on whether ® = Iy, complicates the
comparison of the various estimators. However, our Monte Carlo results suggest that even when 7
is relatively small, 7 = 1, the FE-QMLE tends to perform significantly better than the GMM type
estimators, possibly with the exception of the extended GMM estimators in the pure unit root case.
While for a small number of scenarios with 7 = 1 one or more of the extended GMM estimators on
a subset of our four evaluation criteria perform slightly better than the FE-QMLE, the differences
in performance in those cases tend to be small, and are outweighed or at least offset by reverse
ranking on one or more of the other evaluation criteria.

The results in Tables 1 and 2 also confirm the breakdown of the standard GMM estimator in the
presence of unit roots, and document its deterioration as the eigenvalues of ® approach unity, even
for the relatively large sample size of N = 250, T' = 10. None of the extended GMM estimators
suffers from this problem. In fact, ceteris paribus the extended GMM estimators perform best in the
pure unit root case. Of the various extended GMM estimators, the one using the homoskedasticity
but not the initialization restrictions (Extended GMM Estimator II) is least sensitive to changes
in 7. The tests based on Extended GMM Estimators I and III suffer from a considerable degree of
over-rejection when T = 10, particularly as 7 is increased. This finding should not be too surprising
given that the standard orthogonality conditions as well as the initialization restrictions implied
moment conditions involve interaction terms involving both levels and first differences, whereas
the homoskedasticity implied moment conditions only involve levels terms. The finding that the
Extended GMM Estimator II is relatively robust to changes in 7 is unfortunately of limited use for
empirical analysis, however, as the Extended GMM Estimator II performs worse than the other
two extended GMM estimators when smaller values of 7 are considered. Also, it is worth noting
that while for 7 = 1 the extended GMM estimators outperform the standard GMM estimator, as 7
increases this ranking is reversed in some instances. Finally, the results show that the performance
of the GMM type estimators need not improve as T is increased. This is due to the rapid increase
in the number of legitimate instruments with T, and stands in contrast to the FE-QMLE whose

performance invariably improve with 7. In summary, the Monte Carlo results suggest that the
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GMM estimators are likely to perform well if prior knowledge were available regarding the location
of the eigenvalues of ® and/or if it were known that 7 is small (so that the most suitable moment
conditions could be picked). However, even in cases where the GMM estimators perform reasonably
well in terms of bias and RMSE, they tend to be outperformed by the FE-QMLE in terms of size
and power of the tests, except in the pure unit root case. The extended GMM estimators, however,
provide useful consistent initial estimates for the QMLE iterations.

Overall, the results show that the FE-QMLE performs well, and is remarkably robust to the
time-series properties of the underlying variables. In particular, the performance of the FE-QMLE
is generally unaffected by whether the maximal eigenvalue of ® is moderately sized, close, or equal
to unity.

Table 3 presents evidence on the finite sample properties of the FE-QMLE in the case of a
cointegrated PVAR model (Design 3). We did not compute any of the GMM estimators for this
design: The main virtue of the GMM estimators, their computational simplicity, is lost in the
presence of rank restrictions on II, as in such cases the GMM estimators would have to be computed
using iterative optimization techniques. The results in Table 3 show that the FE-QMLE continues
to perform reasonably well under rank restrictions on II. Nevertheless, it should be noted that in
the smallest sample (N = 50, T' = 3) the RMSEs for the FE-QMLE tend to be larger than for the
other designs, and the test of cointegration rank is undersized. For larger sample sizes featuring a
larger N and/or T, bias and RMSE diminish rather rapidly, however, and size and power properties
of the tests improve considerably.

Table 4 reports on the performance of the FE-QMLE under two types of departures from
normally distributed disturbances, namely when the disturbances are t (5) or x2 (1) distributed.?®
For the case of t (5) distributed disturbances the FE-QMLE on all four evaluation criteria performs
just about the same as under normally distributed disturbances. For x? (1) distributed disturbances
the same tends to be true, specifically for bias and RMSE, except that there is now significant
evidence of over-rejection when T' = 3.26 The size does quickly tend towards its nominal value as T
is increased, though. Consider now the size of the tests when normality is (erroneously) assumed in
the computation of the standard errors. With one exception the Monte Carlo results do not favor
the use of the robust estimator of the variance-covariance matrix. The exception is that under
x2 (1) distributed disturbances, when 7T is small (T = 3) and N relatively large (N = 250), the use
of the sandwich formula helps in correcting the over-rejection problem.

All of the above arguments carry over to the random effects setting. To economize on space,

25Gince the two types departures from normality considered here cover both the possibility of fat tails and the
possibility of an asymmetric/skewed shock distribution, it is very likely that the results reported here could be of

greater generality.
26We have also obtained broadly similar results for the various GMM estimators. These are available from the

authors upon request.

27



however, Table 5, which provides our findings under the random effects specification of the indi-
vidual effects, focuses on the comparison of the random effects QML (RE-QML) and the FE-QML
estimators. The table reveals that under the random effects model the FE-QMLE performs on par
with the RE-QMLE even for the smallest sample size (N = 50, T = 3). The differences between
the two estimators are very small across all the four evaluation criteria, often even favoring the
FE-QMLE.?" Thus, the argument often advanced concerning the efficiency loss involved in the
first-differencing operation that underlies the FE-QMLE as compared to the RE-QMLE does not
appear to be important for the estimation of PVARs using finite samples. The RE-QMLE, how-
ever, remains the estimator of choice if the primary purpose of the analysis is the identification
and estimation of the effects of time-invariant variables in short panels. In that case great caution
must be exercised since the random effects model imposes strong assumptions on the distribution
of the individual-specific effects. For the identification and estimation of the effects of time-varying
variables our findings favor the use of FE-QMLE on grounds of its robustness to any form of

specification of the distribution generating the individual-specific effects.

8 Conclusion

In this paper, we have extended the analysis of linear dynamic panel data models with short time
dimension in a number of respects. We have generalized the extended GMM estimators, hitherto
studied in the literature in a single equation context, to a multivariate PVAR setting. We have
derived random and fixed effects QML estimators, and have shown that the QML estimators are
consistent and asymptotically normally distributed when the cross-sectional dimension of the panel
approaches infinity, irrespective of whether the underlying time series are (trend) stationary, pure
I(1), or I(1) and cointegrated. Furthermore, we have proposed new QML based procedures for
conducting tests for unit roots and cointegration rank in panels with short time dimension, and
shown that the limiting distributions of the relevant test statistics follow standard chi square and
normal distributions.

Asymptotic considerations would suggest that the extended GMM estimator making use of the
full set of moment conditions, when applicable, would in general be superior to the other estima-
tors. However, the validity of this argument requires that certain assumptions on the unobserved
individual effects are satisfied. From the perspective of empirical analysis, these assumptions could
be restrictive in the case of the extended GMM estimator. In addition, the Monte Carlo evidence
presented in Section 7 suggests that such asymptotic efficiency considerations do not generally
carry over to finite samples. Our results favor the fixed effects QML estimator over the various

GMM estimators, even under important departures from normally distributed disturbances. The

2"While for space reasons Table 5 reports the RE-QMLE results only for 7 = 5, we have found similar results as

reported in that table for 7 = 1 also.
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finite sample performance of the various GMM estimators depends critically on a ratio reflecting
unobserved cross-section variation in the data relative to unobserved time-series variation, but even
if this ratio is relatively small the GMM estimators are outperformed in finite sample by the QML
estimators. A theoretical rationale is also provided for this result whereby it is shown that as-
ymptotic variance of the Standard GMM estimator is an increasing function of the variance of the
individual effects, while the distribution of the FE-QMLE is invariant to the size of this variance.

The use of likelihood based procedures for estimation and inference in VAR models is standard
in the time-series literature. This paper has provided theoretical as well as operational arguments
for the application of likelihood based methods to Panel VAR models. The ultimate test of our
approach lies in the application of the proposed techniques to substantive economic problems. This
is the next stage of our research, and hopefully that of others. The likelihood approach can also
be used to address other theoretical issues of interest, such as model selection and conditional
estimation and inference in PVARs. It would also be of interest to compare the finite sample
performance of the QML estimators with other types of GMM estimators, such as continuously
updated GMM and iterated GMM estimators discussed in the literature. In this way a fairer
comparison with GMM type estimators could be provided.
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Appendix A: Technical Issues Regarding the Initializations

The moment restrictions on w;y and Aw;; assumed in the paper could be motivated directly
without necessarily relating them to the assumed data generating process for w;;. However, further
insight into the moment homogeneity restrictions can be obtained by solving for w;y and Aw;; in
terms of individual-specific initializations of the data generating process. We first note from (2.1)
that

Aw;i = — (I — @) (Wio — ;) + €a1.- (A1)
Hence the properties of both w;y and Aw;; can be examined by considering the deviations &,

€t = Wit — ;. (A.2)

Suppose that the &, process for cross-sectional unit ¢ started at time t = —M;, M; > 0, with given
&; _n,- Then from (2.1) and (A.2) we obtain

M;—1
&io = CI)MiEi,—Mi + Z e ;. (A.3)
j=0
To ensure that &;, exists irrespective of the unit root properties of (2.1) it will be useful to distinguish
between three main cases, where {£;,} is stationary, pure I(1), or I(1) and cointegrated.
In the case where all eigenvalues of ® fall inside the unit circle, it then follows from (A.3) and
assumption (G2) that &, will exist for all M;, including the case where the £;, process has been

in operation for a long period of time, namely when M; — oco. In this latter case (A.3) becomes
0 .
€= e, (A4)
§=0

which is independent of the initialization deviations, &; _,,.. However, when M; is finite for all
and all eigenvalues of ® fall inside the unit circle, then the distribution of §;, will depend on §; _,/,
and homogeneity assumptions regarding the cross-sectional distribution of §; _ . will be required
both under the random and fixed effects specifications. See assumption (R1) in Section 3, and
assumption (F1) in Section 4. Intermediate cases where M; — oo only for some i could also be
entertained.

At the other extreme where all eigenvalues of ® are equal to unity, it follows from (A.3) that
M;—1
Eio=& _m, + Z €i,—j> (A.5)
§=0

and to ensure that &, exists, the §;; process must have started in a finite period in the past for

all 2. While homogeneity assumptions regarding the cross-sectional distribution of &, _ ;. will then
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be required for the random effects specification which is based on w;g, under the fixed effects
specification, which is based on Awyy, it is clear from (A.1) that no restrictions will be required
regarding &; _ ;.-

It remains to consider the case where some eigenvalues of ® are equal to unity, and the remaining
ones fall inside the unit circle. For this case it is helpful to note that in terms of the deviations &,

the model (2.1) can also be written as
AL =108, 1 +ey, t=-M+1,-M;+2,...,T, (A.6)
where
M= — (I, ®). (A7)

As is well known from the time-series literature on cointegrated systems the key to the analysis of
these systems lies in the rank of the long-run multiplier matrix, II, which we denote by r. When
r =0, &; is a pure random walk process. When r = m, II is of full rank and &, is a stationary
process. In the intermediate case where r = 1,2,... ,m — 1 there exist m X r matrices o and 3

such that
II=a8, (A.8)

where o and 3 have full column rank.?® The above discussion is formalized in the following

assumptions:
Assumption (I1) The eigenvalues of ® are either equal to unity or fall inside the unit circle.

Assumption (I12) Assume rank (II) = r, and rank (¢/, 31) = m —r for some r = 1,2,...,m — 1,

where ay and B, are m x (m — r) matrices of full column rank such that &’a; =0 and 3’3, = 0.

Under assumptions (I1) and (I2) the elements of &;, are either I(0) or I(1). To separate the
stochastic trend components in &;, from the cointegrating relations, we follow Johansen (1995, Ch.
4) and define

C=8, (' 8,) " a. (A.9)

If rank (II) = r, r = 1,2,... ,m — 1, then the matrix C has rank m — r, and there are m — r
common stochastic trend components in &, given by 3, &, ~ [ (1), t = —M;,—M; +1,... ,T. To
ensure that &;, exists, the m — r common stochastic trend components, 3, €;; «~ I(1), must have
started in a finite period in the past. For consistency with (A.4), the r cointegrating relations,
B'€,y, must be stationary. The following assumption ensures this, irrespective of the number of

common stochastic trend components in &;;.

28See, for example, Johansen (1995, Ch. 4).
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Assumption (I3) The initial deviations §; ;. fori=1,2,... N are given by
o0 .
§i—m, = Z (¢ — C) €i,-ns,—j + Cii, (A.10)
§=0
where 3; is an m x 1 vector of individual-specific initialization effects.?

Substituting (A.10) back into (A.3), and noting from the definition of C that IIC = 0, and thus
C = ®C, we have that

o) M;—1
bio= (¥ -C)ei;+C [ Y e | +Cs, (A.11)
j=0 Jj=0

and therefore also

0o
Beo=0) Ve ;. (A.12)
§=0
It is thus seen that assumption (I3) indeed ensures that the cointegrating relations 8'¢;, are sta-
tionary, irrespective of the number of common trend components in the &;;, process.?* Furthermore,
in the case where all eigenvalues of ® fall inside the unit circle, C = 0, and (A.11) reduces to (A.4).
In the case where all eigenvalues of ® are equal to unity, C = ® = I,,,, and (A.11) reduces to (A.5),
with &; _yz, = 3. Finally, since {<I>j — C};io is absolutely summable irrespective of the number of
eigenvalues of ® that are equal to unity,3' it follows from (A.11) that &,, exists. We shall discuss
the implications of the initialization (I3) for random and fixed effects QML and MD estimation in

the next two sections.

29 According to assumption (13), there are m — r linearly independent initialization effects in & _ w1, corresponding
to the number of common stochastic trend components in &,,. Also, since assumption (I13) effectively characterizes the
r stationary components of §,, as having started a long time ago, initialization effects in the latter components will,

irrespective of the effects’ properties, have vanished at time t = —M;, M; finite, and thus do not feature in (A.10).

30The following is in fact also true: The same processes generating the stationary components of {Eit}thl also
generate those of §,,, and the same processes generating the common stochastic trend components of {ﬁit}thl also
generate those of £,,.

31For a proof of the absolute summability property of {@j — C};io in the context of a p-th order VAR model, see
Johansen (1995, Ch. 4).
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Appendix B: The Asymptotic Variance Matrix of the Standard GMM Estimator

In this appendix we derive the asymptotic variance of &G s the standard GMM estimator defined

by (6.7), for T' = 3, and as N — oo, and show that it is an increasing function of €2, the variance

matrix of the individual effects, p;, in the sense that if Q;(Ll) — Ql(?) is a positive semi-definite (p.s.d.)

matrix, so will be
AsyV (&GMM [Q;(Ll)]) — AsyV (‘»?)GMM {Qf)D )
(4)

where 2,7, ¢ = 1,2 are two different variance matrices for the individual effects.3?

The asymptotic variance of ¢gyryy is given by (also see (6.12) )
g m-1lq)~!
AsyV (¢GMM) = (sD's) '@ a., (B.1)

where Q. = E (e;€l,),

N—oo

(1 &,
D =p lim (N;QiVQz) ) (B.2)

N
. 1 ,
S =p Jim (N ;_12 QiAWZ,q) : (B.3)

Q;, AW, _j,and V are defined by (6.4), (6.6), and (6.11), respectively.
To simplify the derivations we suppose that assumptions G1 and G2 hold, all eigenvalues

of ® lie inside the unit circle and the w;; process has started in the infinite past. Under these

assumptions>?
e .
Wit = My + Z CI)JEi’t_j = K; + Eita for all t, (B.4)
§=0
and it is easily seen that
E (Wi o) = Q4 Qe®”, E (wiAw,, ) = —Q¢ (I, — @) Pl (B.5)

where Q¢ = Z;io I P, Also under Assumption G2

S=F (Q;AWi,_l) s and D=F (Q;VQz) s
32The more complicated case of the dependence of extended GMM on Q, can be derived similarly noting that

wit — ®w; ;1 = (I — ®)p, + i and making use of the relations (6.20) and (6.22).
33The results will be qualitatively unaffected if we consider other initializations of the w;; process discussed in

Appendix A.
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and using (B.5) we have (for T' = 3)

—Q¢ (I, — @)
S=| -Q:1,-9)0 |, D=0Q,0V+H, (B.6)
—Q¢ (T, — @)

where
200 —Qe —QeP’
H= —Q 20 20 P’
—0Qe 200, 20

It is clear that AsyV ((,?)G M M) will depend on €, only through matrix D, and for any two variance

matrices, fo), 1=1,2,

AsyV (&GMM [QE})D > AsyV (Q%GMM [QS)D ; (B.7)
if
(SD;'s) " > (S'Dy's) (B.8)

where D; = Qg) ®V+ H, and A > B denotes that A — B is a p.s.d. matrix. This condition implies
S'D;'S < S'D;'S,
and since S does not depend on fo), using (B.6) the condition (B.7) will be satisfied if
0P eV+H>0P eV +H,

or if Qf}) > Qf). The above sequence can be reversed to show that if QE}) > Qf) then (B.7) will
follow.

In the simple case where m = 1, we have

1 -1 -1 1 -1 —¢ 1
2 o 1 2 2 g 0
D = — — =
0'# 1 2 2 + 1 _¢2 ¢ ) 1+¢ ¢ )
1 2 2 —6 2 2 1

and after some algebra it follows that

AsyV (cicMM) =2 (1 + ¢> <72(1 — _[27(1 — @)+ 1] [7(1— ¢?) +1] ) |

1—¢ )2+ 27(1 — @) [¢? + 49 + 5] + [¢2 + 4¢ + 5]

where 7 = ai/ o2. Tt is interesting to note that AsyV (&GMM) depends on the ratio 7 and not

the error variances, O'i and o2 separately. It is also easily established that AsyV ((bGMM) is an

increasing function of 7, for all values of |¢| < 1 and 7 > 0.
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Appendix C: Computation of the Various Estimators for the Monte Carlo Analysis

In this appendix we provide details on how the various GMM andQML estimators were computed
in our Monte Carlo experiments.

For the computation of the standard GMM estimator we use (6.7), with the initial estimate of ®
computed using (6.7), but with Dg replaced by Aq®1L,,, where Aq is given by (6.10). The variance-
covariance matrix of the standard GMM estimator is computed using (6.12). The Extended GMM
Estimators I, II, and III are obtained using (6.30), but with P’ defined as P} = ( P}, P, )/,
P, = ( P, P, )/, and P} = ( P, P,, P ),, respectively. See (6.24)-(6.27). We compute
initial estimates of the extended GMM estimators using (with the appropriate definitions of P7)
(6.30), but with Dg replaced by Ap ® I;,,, where Ap is defined by (6.33). The variance-covariance
matrices of these estimators are computed using (6.34), again with the appropriate definition of
P..

The FE-QMLE for Designs 1-3 are computed using (4.14) with ¥ given by

U =0, + Z G;Q. G/, with G = (I, — ®) ®J. (C.1)
§=0

When all eigenvalues of ® fall inside the unit circle, observing that

QUY = QP+ ST (I, - ®) Q. (I, — ) @IH

§=0
= Q.9 +V-Q, — (L, —®) Q% (L, - ), (C.2)
W can then be computed directly by
Y =D (L2 — ®®®) " Dyyvech (20 — 2. — Q') (C.3)

where D}, denotes the generalized inverse of the m? x m (m + 1) /2 dimensional duplication matrix
D,,, defined such that vec (M) = D,,vech (M) for any symmetric m xm dimensional matrix Ml. When
some eigenvalues of ® are equal to unity, then (I,,2 — ® ® ®) is singular; ¥ may then be computed
using recursions that invoke an appropriate stopping rule to truncate Z;io G;Qe G;-. The variance-
covariance matrix of the FE-QMLE is based on the fixed effects counterpart of (3.19). As initial
estimates of ® we use the Extended GMM I estimates, which we denote by 30, Furthermore, we

obtain initial estimates of Q2. as

T N
Ol = Z > {szt —2OAw; 1] [sz’t - &\)(O)Awi,t—l],a (C.4)

t:2 =1

and of ¥ from (C.1), replacing ® by ), and Q. by ng).
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For Design 3 we compute the FE-QMLE under different rank restrictions on II. This is achieved
by (i) leaving the rank of II unrestricted; (ii) setting ® = a3’ + I,,,, where a and 3 are m x r
vectors, r = 1,2,... ,m — 1; and, finally (iii) setting ® = I,,,. Under (ii), to obtain initial estimates
of B, which we denote by B 0 , We run cross-section regressions in the elements of w;; under the

normalization restriction (5.6). Also from (A.1) and noting that
A’wiy = aff/ Aw;i s 1 + Aeyy, t=2,3,...,T, (C.5)

we then obtain the following initial estimate of a:

wﬁwﬂ:{f}ﬂ%ﬂAH%q{ﬁﬁﬁﬁgrk%, ©)
i=1 i=1

where
~(0
H; = L;,B( )®Im, L;, = ( 0, Aw;, Awp, ..., AW@T_l ) )

gi = UeC( Awir, Alwip, Alwiz, ..., A’wir )»

and E(AO% is obtained from (4.10), with ¥ replaced by \T/(O), and with € replaced by ng), where we
compute U0 and QS;O) as described above.

For the RE-QMLE we concentrate on Designs 1 and 2 and compute it. We compute the
estimators using (3.15), with the variance-covariance given by (3.19). We restrict {29 and Qpa as
in (3.6), use the Extended GMM I estimates as the initial estimates of ®, and compute initial

estimates for €2 using (C.4). For the initial estimate of Qg, we use

50
Q(() ) — N ;Wiowéo. (C.7)
Observing that under (3.6)
oa =D} [(In — ®) @ (I — ®)] D [0'0 +(Le—220) o, (C.8)

we obtain initial estimates of (2, ﬁﬁf)), from (C.8), replacing ® by ®© and Q. by Q(go). Finally,

for the initial estimate of 2y, we use

60 0 (1, 30 .

a

The numerical optimization routine we employ for computation of the QML estimators is based
on a trust region method type algorithm, and is described in some detail in a note available upon

request.
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Table 1: Biasand RM SE of Alternative Estimators of Panel VAR*

Estimator
Amax = 0.6
True Value ¢u=04 ¢n=02
Bias RMSE Bias RMSE
N =50 N = 250 N =50 N = 250 N =50 N = 250 N =50 N = 250
| | | |
=1 =5 | =1 =5 =1 =5 | =1 =5 =1 =5 | =1 =5 =1 =5 | =1 =5

T=3 SGMM 0.0884 0.1643 0.0211 0.0443 0.3349 0.4459 0.1461 0.2059 0.0261 0.0604 0.0145 0.0271 0.3265 0.4323 0.1432 0.1975

EGMM | -0.0109  -0.0947 | -0.0044  -0.0245 0.2066 0.2628 0.0964 0.1258 0.0092 0.0259 0.0052 0.0084 0.2064 0.2399 0.0943 0.1171

EGMM I 0.0222  -0.0415 0.0024  -0.0216 0.2729 0.3150 0.1231 0.1468 0.0150 0.0311 0.0063 0.0055 0.2729 0.3147 0.1203 0.1411

EGMM Il -0.0234  -0.1346 | -0.0085  -0.0391 0.2130 0.2824 0.0958 0.1256 0.0159 0.0415 0.0023 0.0003 0.2130 0.2400 0.0936 0.1127

FE-QML 0.0027 0.0003 0.1969 0.0898 0.0027 0.0008 0.1969 0.0809
T=10 | SGMM 0.089%4 0.1133 0.0199 0.0266 0.1334 0.1544 0.0491 0.0561 0.0222 0.0354 0.0069 0.0113 0.1051 0.1159 0.0458 0.0515

EGMM | -0.0656  -0.2004 | -0.0072  -0.0291 0.1193 0.2441 0.0382 0.0550 0.0205 0.0588 0.0024 0.0014 0.0965 0.1315 0.0367 0.0446

EGMM | 0.0502  -0.0036 0.0107 0.0038 0.1064 0.1127 0.0431 0.0449 0.0173 0.0332 0.0048 0.0057 0.0994 0.1164 0.0423 0.0461

EGMM I -0.0702  -0.2181 & -0.0068  -0.0323 0.1265 0.2615 0.0383 0.0577 0.0238 0.0685 0.0024 0.0021 0.1020 0.1395 0.0367 0.0452

FE-QML 0.0023 0.0027 0.0737 0.0327 0.0005 0.0019 0.0706 0.0303

|
Amax = 0.8
True Value $1= 06 ¢n=0.2
Bias RMSE Bias RMSE
N =50 N = 250 N =50 N = 250 N =50 N = 250 N =50 N = 250
| | | |
=1 =5 | =1 =5 =1 =5 | =1 =5 i 7=1 =5 | =1 =5 =1 =5 | =1 =5

T=3 SGMM 0.1704 0.2842 0.0395 0.0798 0.4057 0.5450 0.1614 0.2327 0.0781 0.1198 0.0179 0.0340 0.3777 0.5090 0.1561 0.2200

EGMM | 0.0161  -0.0397 0.0083  -0.0038 0.1710 0.2041 0.0828 0.1071 0.0121 0.0393 0.0035 0.0075 0.1750 0.2041 0.0800 0.1018

EGMM I 0.0594 0.0199 0.0135  -0.0023 0.2405 0.2634 0.1131 0.1306 0.0126 0.0306 0.0070 0.0124 0.2238 0.2558 0.1087 0.1288

EGMM 1| 0.0023  -0.0735 0.0029  -0.0216 0.1649 0.2041 0.0799 0.1033 0.0137 0.0515 0.0043 0.0094 0.1646 0.1933 0.0784 0.0974

FE-QML 0.0105 0.0040 0.1694 0.0736 0.0037 0.0014 0.1385 0.0607
T=10 | SGMM 0.1228 0.1591 0.0292 0.0427 0.1474 0.1852 0.0466 0.0620 0.0390 0.0582 0.0103 0.0198 0.0960 0.1203 0.0363 0.0481

EGMM | -0.0394  -0.1328 | -0.0047  -0.0242 0.0779 0.1601 0.0282 0.0446 0.0288 0.0747 0.0024 0.0048 0.0688 0.1063 0.0264 0.0341

EGMM I1 0.0691 0.0314 0.0139 0.0086 0.0983 0.0928 0.0341 0.0373 0.0185 0.0367 0.0030 0.0053 0.0726 0.0907 0.0303 0.0372

EGMM 1| -0.0415  -0.1425 | -0.0046  -0.0266 0.0818 0.1700 0.0283 0.0464 0.0304 0.0817 0.0022 0.0057 0.0724 0.1135 0.0267 0.0349

FE-QML 0.0038 0.0022 0.0513 0.0231 0.0023 -0.0003 0.0445 0.0198

For details of the Monte Carlo design, see Section 7.1. The data generating processis given by (12 - @L) (Wi - 4) = &. Amax denotes the maximum eigenvalue of @, and ¢ the element in
the j-th row and k-th column of @, j, k=1, 2. ‘RMSE’ denotes the root mean square error, ‘SGMM'’ the Standard GMM Estimator, ‘EGMM |’ the Extended GMM Estimator |, ‘EGMM
II' the Extended GMM Estimator 11, ‘EGMM 11" the Extended GMM Estimator |11 and ‘FE-QML’ the Fixed Effects Quasi Maximum Likelihood Estimator. See Section 7.2 for further

details.



Table 1 (Continued)
Biasand RM SE of Alternative Estimators of Panel VAR

Estimator
Amex = 0.95
True Value ¢ =07 ¢ =0.25
Bias RMSE Bias RMSE
N =50 N = 250 N =50 N = 250 N =50 N = 250 N =50 N = 250
=1 =5 | =1 =5 =1 =5 | =1 =5 =1 =5 | =1 =5 =1 =5 | =1 =5

T=3 SGMM 0.3585 0.4193 0.1150 0.1596 0.8923 0.9174 0.4020 0.4966 0.2331 0.2297 0.0521 0.0787 0.8527 0.8501 0.3792 0.4688

EGMM | 0.0260  -0.0149 0.0153 0.0091 0.1982 0.2396 0.1104 0.1396 0.0196 0.0524 0.0006 0.0056 0.1987 0.2369 0.1042 0.1339

EGMM II 0.0711 0.0494 0.0246 0.0151 0.2979 0.3223 0.1519 0.1743 0.0186 0.0416 0.0033 0.0121 0.2836 0.3187 0.1474 0.1723

EGMM 11 0.0124  -0.0426 0.0090  -0.0069 0.1743 0.2101 0.0994 0.1241 0.0171 0.0660 0.0027 0.0138 0.1775 0.2140 0.0957 0.1206

FE-QML 0.0175 0.0064 0.2026 0.0873 0.0134 0.0006 0.1674 0.0727
T=10 | SGMM 0.1892 0.2151 0.0587 0.0754 0.2336 0.2605 0.0879 0.1081 0.1057 0.1113 0.0379 0.0488 0.1778 0.1897 0.0740 0.0905

EGMM | -0.0248 -0.0945 | -0.0017  -0.0145 0.0707 0.1268 0.0330 0.0492 0.0328 0.0946 0.0040 0.0125 0.0707 0.1229 0.0325 0.0468

EGMM | 0.0754 0.0464 0.0163 0.0129 0.1157 0.1147 0.0429 0.0508 0.0179 0.0395 0.0035 0.0066 0.0862 0.1064 0.0388 0.0493

EGMM II -0.0264  -0.1022 @ -0.0014  -0.0161 0.0727 0.1336 0.0332 0.0497 0.0350 0.1024 0.0038 0.0139 0.0732 0.1298 0.0328 0.0475

FE-QML 0.0053 0.0024 0.0558 0.0259 0.0025 -0.0004 0.0486 0.0217

|
Amax =1
True Value fu=1 ¢n=0
Bias RMSE Bias RMSE
N =50 N = 250 N =50 N = 250 N =50 N = 250 N =50 N = 250
| | | |
=1 =5 | r=1 =5 =1 =5 | r=1 =5 i =1 =5 | r=1 =5 =1 =5 | r=1 =5

T=3 SGMM 0.9731 0.9576 0.8874 0.8656 1.3102 1.2884 1.2042 1.1845 -0.0295  -0.0225 0.0499 0.0681 0.9415 0.9780 0.9263 0.9374

EGMM | 0.0354 0.0358 0.0034 0.0036 0.1598 0.1635 0.0571 0.0571 0.0001 -0.0001 | -0.0016 -0.0016 0.1387 0.1421 0.0527 0.0539

EGMM II 0.1019 0.1029 0.0187 0.0184 0.2837 0.2834 0.0962 0.0968 : -0.0155  -0.0138 | -0.0039  -0.0039 0.2268 0.2319 0.0897 0.0915

EGMM 11 0.0172 0.0180 0.0033 0.0035 0.1055 0.1050 0.0514 0.0513 : -0.0039  -0.0034 | -0.0013  -0.0015 0.1027 0.1018 0.0484 0.0488

FE-QML 0.0234 0.0069 0.2031 0.1012 -0.0015 -0.0031 0.1562 0.0693
T=10 | SGMM 0.4874 0.4879 0.5283 0.5288 0.5257 0.5267 0.5727 0.5728 0.0075 0.0077 0.0125 0.0130 0.2017 0.2022 0.2176 0.2184

EGMM | 0.0023 0.0024 0.0003 0.0003 0.0244 0.0235 0.0117 0.0116 0.0013 0.0011 | -0.0000  -0.0000 0.0234 0.0225 0.0117 0.0117

EGMM II 0.0354 0.0358 0.0034 0.0036 0.0712 0.0713 0.0188 0.0189 0.0034 0.0028 @ -0.0002 -0.0002 0.0549 0.0543 0.0174 0.0175

EGMM 11 0.0024 0.0025 0.0004 0.0005 0.0239 0.0231 0.0116 0.0115 0.0016 0.0015 | -0.0001  -0.0001 0.0234 0.0227 0.0115 0.0115

FE-QML 0.0091 0.0006 0.0623 0.0274 0.0021 0.0003 0.0443 0.0182




Table2a: Sizeand Power Propertiesof Testsfor ¢i; Under Alternative Estimators of Panel VAR?2, A = 0.6

Estimator ¢ =01 ¢ = 0.2 ¢ =03 $1=04 ¢ = 0.5 ¢, = 0.6 ¢ = 0.7

N = 50, SGMM =1 0.1220 0.0790 0.0710 0.0990 0.1730 0.2610 0.3790
T=3 =5 0.0600 0.0530 0.0750 0.1260 0.1860 0.2580 0.3450
EGMM | =1 0.4120 0.2560 0.1440 0.0880 0.1100 0.2250 0.3670

=5 0.4920 0.3870 0.2750 0.1790 0.1180 0.1410 0.2210

EGMM II =1 0.2130 0.1310 0.0810 0.0930 0.1400 0.2360 0.3690

=5 0.2900 0.1960 0.1350 0.1010 0.1130 0.1610 0.2500

EGMM 11 =1 0.4700 0.3000 0.1760 0.1250 0.1430 0.2280 0.0420

=5 0.6240 0.5090 0.3640 0.2750 0.1930 0.1820 0.2640

FE-QML (Normal) 0.2960 0.1440 0.0700 0.0640 0.0950 0.1880 0.3530

FE-QML (Robust) 0.3080 0.1670 0.0930 0.0730 0.1120 0.2050 0.3480

N = 50, SGMM =1 0.7630 0.3800 0.1400 0.2910 0.6710 0.9400 0.9920
T=10 =5 0.6290 0.2760 0.1310 0.3490 0.6970 0.9410 0.9910
EGMM | =1 0.9990 0.9410 0.6810 0.3030 0.2660 0.6360 0.9020

=5 1.0000 0.9890 0.9210 0.7110 0.4860 0.4250 0.6190

EGMM 11 =1 0.8950 0.5760 0.2190 0.2180 0.5890 0.8930 0.9890

=5 0.9410 0.7120 0.3740 0.2280 0.4120 0.7330 0.9280

EGMM 111 =1 0.9950 0.9470 0.7030 0.3410 0.2960 0.6430 0.8990

=5 1.0000 0.9930 0.9400 0.7800 0.5480 0.4680 0.6320

FE-QML (Normal) 0.9810 0.7860 0.2870 0.0660 0.2770 0.7930 0.9860

FE-QML (Robust) 0.9720 0.7520 0.3040 0.0760 0.2800 0.7820 0.9790

N = 250, SGMM =1 0.5220 0.2600 0.0810 0.0750 0.1920 0.4200 0.6640
T=3 =5 0.2570 0.0980 0.0510 0.0790 0.1670 0.3310 0.4980
EGMM | =1 0.8890 0.6010 0.2340 0.0600 0.1810 0.5630 0.8950

=5 0.7750 0.5280 0.2520 0.1020 0.1160 0.3370 0.6970

EGMM II =1 0.7180 0.3830 0.1270 0.0630 0.1880 0.4540 0.7150

=5 0.6270 0.3600 0.1570 0.0720 0.1180 0.2970 0.5630

EGMM 11 =1 0.9230 0.6400 0.2480 0.0700 0.2010 0.5850 0.8910

=5 0.8550 0.6110 0.3010 0.1320 0.1340 0.3750 0.7280

FE-QML (Normal) 0.8400 0.5350 0.1720 0.0440 0.1870 0.5570 0.8250

FE-QML (Robust) 0.7410 0.4560 0.1610 0.0590 0.1730 0.4990 0.7380

N = 250, SGMM =1 1.0000 0.9900 0.5140 0.0980 0.8120 1.0000 1.0000
T=10 =5 1.0000 0.9690 0.4000 0.1220 0.7790 0.9990 1.0000
EGMM | =1 1.0000 1.0000 0.8560 0.0680 0.7640 0.9990 1.0000

=5 1.0000 1.0000 0.8900 0.1760 0.5010 0.9770 1.0000

EGMM 11 =1 1.0000 0.9990 0.6430 0.0890 0.8110 1.0000 1.0000

=5 1.0000 0.9960 0.6420 0.0840 0.7010 0.9990 1.0000

EGMM Il =1 1.0000 1.0000 0.8540 0.0700 0.7670 1.0000 1.0000

=5 1.0000 1.0000 0.9040 0.2040 0.4920 0.9720 1.0000

FE-QML (Normal) 0.9960 0.9960 0.8020 0.0460 0.8510 0.9960 0.9960

FE-QML (Robust) 0.9900 0.9750 0.7310 0.0480 0.7570 0.9810 0.9930

2 See the footnote to Table 1 for adescription of the data generating process and the notation used in thistable.
% The table reports the fraction of rejections for tests of Hy: ¢1; = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7}, versus two-sided alternatives. The true value of ¢ isequal to 0.4.



Table 2b: Sizeand Power Propertiesof Testsfor ¢p1 Under Alternative Estimators of Panel VAR, Anax = 0.6

Estimator ¢n=-0.1 ¢1=0 ¢n=0.1 $1=0.2 ¢n=0.3 &1 =04 &1 = 0.5

N = 50, SGMM =1 0.1680 0.1180 0.0740 0.0800 0.1120 0.1640 0.2580
T=3 =5 0.1110 0.0800 0.0560 0.0670 0.1070 0.1500 0.2060
EGMM | =1 0.3650 0.2160 0.1100 0.0730 0.1160 0.2300 0.4100

=5 0.3190 0.1880 0.1050 0.0820 0.1360 0.2640 0.4140

EGMM II =1 0.2590 0.1620 0.0990 0.0820 0.1190 0.1950 0.3180

=5 0.2220 0.1340 0.0880 0.0860 0.1330 0.2030 0.3100

EGMM 11 =1 0.3960 0.2410 0.1250 0.1010 0.1670 0.2890 0.4570

=5 0.3830 0.2240 0.1400 0.1460 0.2350 0.3520 0.5090

FE-QML (Normal) 0.3870 0.2040 0.0980 0.0600 0.0990 0.2150 0.3800

FE-QML (Robust) 0.3790 0.2280 0.1020 0.0670 0.1030 0.2160 0.3840

N = 50, SGMM =1 0.9000 0.6410 0.2780 0.1570 0.4180 0.7690 0.9620
T=10 =5 0.8370 0.5380 0.2260 0.1720 0.4170 0.7590 0.9480
EGMM | =1 0.9550 0.7640 0.3770 0.2230 0.5070 0.8870 0.9860

=5 0.8850 0.6600 0.4130 0.3980 0.6590 0.9020 0.9870

EGMM 11 =1 0.9330 0.7110 0.3430 0.1730 0.4470 0.8070 0.9770

=5 0.8840 0.6330 0.3150 0.2330 0.4880 0.8080 0.9680

EGMM 111 =1 0.9540 0.7640 0.3970 0.2670 0.5420 0.8870 0.9880

=5 0.8820 0.6580 0.4460 0.4770 0.7070 0.9210 0.9880

FE-QML (Normal) 0.9960 0.8010 0.2940 0.0650 0.3050 0.8240 0.9850

FE-QML (Robust) 0.9850 0.7950 0.3120 0.0690 0.3060 0.8080 0.9800

N = 250, SGMM =1 0.5580 0.2950 0.0940 0.0620 0.1690 0.3750 0.6290
T=3 =5 0.3220 0.1460 0.0520 0.0640 0.1260 0.2670 0.4530
EGMM | =1 0.8880 0.5710 0.1830 0.0630 0.2110 0.6130 0.9030

=5 0.7310 0.4110 0.1330 0.0680 0.1680 0.4600 0.7830

EGMM II =1 0.7080 0.3850 0.1330 0.0560 0.1720 0.4370 0.7560

=5 0.5830 0.3030 0.1100 0.0600 0.1540 0.3540 0.6120

EGMM 11 =1 0.9090 0.6050 0.2120 0.0600 0.2270 0.6310 0.9090

=5 0.8100 0.4960 0.1990 0.0750 0.2030 0.5100 0.8130

FE-QML (Normal) 0.8880 0.6130 0.2190 0.0530 0.2170 0.6290 0.9020

FE-QML (Robust) 0.8030 0.5310 0.1950 0.0600 0.2070 0.5360 0.8020

N = 250, SGMM =1 1.0000 0.9940 0.6190 0.0890 0.7360 0.9980 1.0000
T=10 =5 1.0000 0.9790 0.5250 0.0920 0.6970 0.9910 1.0000
EGMM | =1 1.0000 1.0000 0.7960 0.0650 0.8360 1.0000 1.0000

=5 1.0000 0.9980 0.7150 0.1110 0.7480 0.9950 1.0000

EGMM 11 =1 1.0000 0.9980 0.6860 0.0790 0.7600 0.9980 1.0000

=5 1.0000 0.9930 0.6330 0.0880 0.7010 0.9950 1.0000

EGMM Il =1 1.0000 1.0000 0.8000 0.0680 0.8430 1.0000 1.0000

=5 1.0000 0.9980 0.7420 0.1260 0.7620 0.9980 1.0000

FE-QML (Normal) 0.9970 0.9960 0.8410 0.0530 0.8880 0.9960 0.9960

FE-QML (Robust) 0.9930 0.9780 0.7720 0.0510 0.8120 0.9820 0.9940

4 See the footnote to Table 1 for a description of the data generating process and the notation used in thistable.
® The table reports the fraction of rejections for tests of Ho: ¢ = {-0.1, 0, 0.1, 0.2, 0.3, 0.4, 0.5}, versus two-sided alternatives. The true value of ¢, isequal to 0.2.



Table 2c: Sizeand Power Propertiesof Testsfor ¢1; Under Alternative Estimators of Panel VAR®', Anax = 1

Estimator ¢J.1 =0.7 @1 =0.8 ¢11 =0.9 ¢11 =1 ¢11 =11 @1 =12 ¢11 =13

N = 50, SGMM =1 0.1990 0.2290 0.2730 0.3150 0.3760 0.4310 0.4880
T=3 =5 0.1860 0.2260 0.2720 0.3080 0.3610 0.4050 0.4650
EGMM | =1 0.6980 0.4900 0.1740 0.0340 0.2200 0.5980 0.8200

=5 0.7160 0.4920 0.1690 0.0320 0.2250 0.6170 0.8240

EGMM II r=1 0.3560 0.2120 0.0860 0.0780 0.1880 0.3970 0.5990

=5 0.3690 0.2170 0.0870 0.0770 0.1910 0.3940 0.5980

EGMM 11 =1 0.8460 0.6510 0.2680 0.0390 0.2980 0.7270 0.9210

=5 0.8500 0.6560 0.2770 0.0380 0.3110 0.7490 0.9210

FE-QML (Normal) 0.3600 0.2110 0.1160 0.0840 0.1390 0.2540 0.4260

FE-QML (Robust) 0.3720 0.2430 0.1270 0.1090 0.1590 0.2740 0.4250

N = 50, SGMM =1 0.4700 0.6760 0.8490 0.9480 0.9860 0.9970 1.0000
T=10 =5 0.4710 0.6670 0.8510 0.9430 0.9850 0.9970 1.0000
EGMM | =1 1.0000 0.9990 0.9770 0.1210 0.9960 1.0000 1.0000

=5 1.0000 0.9990 0.9800 0.1280 0.9970 1.0000 1.0000

EGMM 11 =1 0.9820 0.9200 0.6010 0.3020 0.9350 0.9950 1.0000

=5 0.9830 0.9140 0.5890 0.3150 0.9390 0.9960 1.0000

EGMM lII r=1 1.0000 1.0000 0.9810 0.1570 0.9970 1.0000 1.0000

=5 1.0000 1.0000 0.9810 0.1610 0.9980 1.0000 1.0000

FE-QML (Normal) 0.9700 0.8860 0.4900 0.0870 0.5860 0.9460 0.9750

FE-QML (Robust) 0.9700 0.8760 0.5130 0.1040 0.6030 0.9330 0.9760

N = 250, SGMM =1 0.1650 0.1980 0.2370 0.2840 0.3220 0.3790 0.4310
T=3 =5 0.1550 0.1950 0.2440 0.2860 0.3210 0.3680 0.4150
EGMM | =1 0.9830 0.9220 0.5630 0.0310 0.5560 0.9570 0.9930

=5 0.9820 0.9140 0.5600 0.0270 0.5580 0.9560 0.9890

EGMM II =1 0.8570 0.6330 0.2170 0.0720 0.3280 0.7470 0.9250

=5 0.8530 0.6120 0.2110 0.0690 0.3320 0.7450 0.9130

EGMM 11 =1 0.9900 0.9410 0.6010 0.0400 0.6200 0.9710 0.9980

=5 0.9910 0.9400 0.6010 0.0390 0.6320 0.9760 0.9970

FE-QML (Normal) 0.7210 0.5120 0.2010 0.0660 0.2240 0.5520 0.7490

FE-QML (Robust) 0.6740 0.4800 0.2020 0.0820 0.2220 0.4890 0.6940

N = 250, SGMM =1 0.4830 0.6630 0.8320 0.9350 0.9790 0.9940 0.9990
T=10 =5 0.4850 0.6660 0.8260 0.9360 0.9810 0.9970 0.9990
EGMM | =1 1.0000 1.0000 1.0000 0.0580 1.0000 1.0000 1.0000

=5 1.0000 1.0000 1.0000 0.0550 1.0000 1.0000 1.0000

EGMM I =1 1.0000 1.0000 1.0000 0.0930 1.0000 1.0000 1.0000

=5 1.0000 1.0000 0.9990 0.0940 1.0000 1.0000 1.0000

EGMM 11 =1 1.0000 1.0000 1.0000 0.0670 1.0000 1.0000 1.0000

=5 1.0000 1.0000 1.0000 0.0710 1.0000 1.0000 1.0000

FE-QML (Normal) 0.9630 0.9560 0.9140 0.0500 0.9340 0.9570 0.9640

FE-QML (Robust) 0.9730 0.9620 0.8900 0.0600 0.9100 0.9620 0.9730

6 See the footnote to Table 1 for adescription of the data generating process and the notation used in thistable.
" The table reports the fraction of rejections for tests of Ho: ¢1; = {0.7, 0.8, 0.9, 1, 1.1, 1.2, 1.3}, versus two-sided alternatives. The true value of ¢y isequal to 1.



Table 2d: Size and Power Propertiesof Testsfor ¢1 Under Alternative Estimators of Panel VAR®®, Apax = 1

Estimator ¢ = -03 s = -0.2 g = -0.1 $:=0 ¢y = 0.1 dn = 0.2 $y= 03

N = 50, SGMM r=1 0.0920 0.0740 0.0630 0.0500 0.0500 0.0620 0.0790
T=3 r=5 0.0850 0.0690 0.0650 0.0580 0.0560 0.0670 0.0780
EGMM | =1 0.7530 0.5380 0.1990 0.0300 0.1620 0.5420 0.7540

=5 0.7510 0.5380 0.1980 0.0240 0.1690 0.5390 0.7570

EGMM I =1 0.4640 0.2690 0.1040 0.0410 0.0900 0.2540 0.4430

r=5 0.4750 0.2750 0.1120 0.0420 0.1010 0.2470 0.4450

EGMM IlI r=1 0.8870 0.6750 0.2810 0.0410 0.2630 0.6880 0.8730

r=5 0.8930 0.6900 0.2940 0.0400 0.2730 0.6940 0.8750

FE-QML (Normal) 0.4200 0.2440 0.1050 0.0620 0.1050 0.2230 0.4100

FE-QML (Robust) 0.4380 0.2610 0.1290 0.0780 0.1230 0.2350 0.4300

FE-MD 0.3700 0.2110 0.1170 0.0790 0.1350 0.2500 0.3740

N = 50, SGMM =1 0.6680 0.4950 0.3790 0.3240 0.3890 0.5290 0.6910
T=10 =5 0.6750 0.5060 0.3520 0.3160 0.3840 05230 0.7070
EGMM | =1 1.0000 1.0000 0.9830 0.1210 0.9870 1.0000 1.0000

r=5 1.0000 1.0000 0.9850 0.1160 0.9890 1.0000 1.0000

EGMM I r=1 0.9990 0.9730 0.7710 0.2050 0.8090 0.9820 0.9990

r=5 0.9990 0.9750 0.7710 0.2120 0.8040 0.9810 0.9990

EGMM III =1 1.0000 1.0000 0.9880 0.1560 0.9900 1.0000 1.0000

=5 1.0000 1.0000 0.9900 0.1480 0.9910 1.0000 1.0000

FE-QML (Normal) 0.9730 0.9520 05810 0.0600 0.6220 0.9470 0.9750

FE-QML (Robust) 0.9720 0.9410 05830 0.0780 0.6050 0.9450 0.9710

N=250, | SGMM r=1 0.0760 0.0600 0.0460 0.0470 0.0520 0.0580 0.0730
T=3 r=5 0.0770 0.0550 0.0430 0.0460 0.0470 0.0570 0.0820
EGMM | r=1 0.9940 0.9490 0.5480 0.0300 05430 0.9370 0.9870

=5 0.9910 0.9400 0.5500 0.0260 0.5390 0.9360 0.9840

EGMM I =1 0.9200 0.7020 0.2490 0.0340 0.2530 0.6820 0.8960

=5 0.9090 0.7030 0.2540 0.0310 0.2520 0.6700 0.8890

EGMM IlI r=1 0.9970 0.9750 0.6160 0.0350 0.6000 0.9590 0.9980

r=5 0.9970 0.9740 0.6180 0.0360 0.6150 0.9550 0.9970

FE-QML (Normal) 0.8170 0.6240 0.2610 0.0480 0.2320 0.6050 0.8030

FE-QML (Robust) 0.7580 0.5490 0.2500 0.0620 0.2250 0.5530 0.7460

N=250, | SGMM r=1 0.6250 0.4350 0.2980 0.2650 0.3300 0.4900 0.6640
T=10 =5 0.6140 0.4350 0.3040 0.2690 0.3380 0.4920 0.6550
EGMM | =1 1.0000 1.0000 1.0000 0.0550 1.0000 1.0000 1.0000

=5 1.0000 1.0000 1.0000 0.0540 1.0000 1.0000 1.0000

EGMM I r=1 1.0000 1.0000 1.0000 0.0630 0.9990 1.0000 1.0000

r=5 1.0000 1.0000 1.0000 0.0640 0.9990 1.0000 1.0000

EGMM IlI r=1 1.0000 1.0000 1.0000 0.0570 1.0000 1.0000 1.0000

=5 1.0000 1.0000 1.0000 0.0550 1.0000 1.0000 1.0000

FE-QML (Normal) 0.9640 0.9600 0.9400 0.0520 0.9410 0.9610 0.9650

FE-QML (Robust) 0.9780 0.9680 0.9260 0.0580 0.9350 0.9710 0.9790

8 See the footnote to Table 1 for adescription of the data generating process and the notation used in thistable.
° The table reports the fraction of rejections for tests of Ho: ¢ = {-0.3,-0.2, -0.1, 0, 0.1, 0.2, 0.3}, versus two-sided alternatives. The true value of ¢, isequal to 0.



Table3a: Biasand RM SE of Fixed Effects QML Estimator of Cointegrated

Panel VAR
o =-05 o=-05 £o=-02
Bias RMSE Bias RMSE Bias RMSE
N=50,T=3 0.0438 0.4422 0.0068 0.3883 -0.0186 0.4982
N=50,T=10 0.0058 0.2572 0.0024 0.2263 -0.0021 0.2483
N=250,T=3 0.0045 0.3044 0.0009 0.2579 -0.0075 0.3188
N=250, T=10 0.0019 0.1661 0.0015 0.1495 -0.0007 0.1604

Table3b: Sizeand Power Propertiesof Cointegration
Rank Tests Based on Fixed Effects QML Estimator

Sze: Hyvs Hp Power: Ho vs. Hy
N=50,T=3 0.0230 0.8560
N=50,T=10 0.0500 1.0000
N=250,T=3 0.0460 1.0000
N=250,T=10 0.0460 1.0000

10 See the footnote to Table 1 for a description of the data generating process, where now @ = |, + o8, with &= (ca, az) “and 8= (B, £) - The remaining notation is as described

in the footnote to Table 1.

! The table reports the fraction of rejections for tests of H,: rank(Z7) = r versus H.1: rank(Z7) = r+1, r = 0, 1, where the true rank of I7isequal to 1.



Table3c: Sizeand Power Propertiesof Testsfor oz Under Fixed Effects QML Estimator of Cointegrated Panel VAR™

Estimator o = -0.8 o = -0.7 on = -0.6 ay = -0.5 on = -0.4 o = -0.3 on = -0.2
N=50,T=3 FE-QML (Normal) 0.2240 0.1330 0.0870 0.0750 0.1250 0.2230 0.3730
FE-QML (Robust) 0.2690 0.1640 0.1010 0.0920 0.1450 0.2480 0.3840
N=150,T= 10 FE-QML (Normal) 0.9740 0.8240 0.3240 0.0650 0.3600 0.8670 0.9810
FE-QML (Robust) 0.9490 0.7690 0.3360 0.0920 0.3670 0.8320 0.9600
N=250,T=3 FE-QML (Normal) 0.6530 0.4270 0.1710 0.0750 0.1870 0.4840 0.7190
FE-QML (Robust) 0.6440 0.4430 0.2020 0.1060 0.2100 0.4620 0.6720
N=250,T=10 FE-QML (Normal) 0.9580 0.9520 0.8330 0.0440 0.8560 0.9500 0.9590
FE-QML (Robust) 0.9490 0.9120 0.7320 0.0600 0.7680 0.9150 0.9510

Table 3d: Size and Power Properties of Testsfor o, Under Fixed Effects QML Estimator of Cointegrated Panel VAR™

Estimator o = -0.8 o = -0.7 o = -0.6 o = -0.5 o = -0.4 o = -0.3 o = -0.2
N=50,T=3 FE-QML (Normal) 0.4330 0.2150 0.0910 0.0590 0.1310 0.2760 0.4910
FE-QML (Robust) 0.4170 0.2250 0.1050 0.0640 0.1280 0.2840 0.4850
N=150,T= 10 FE-QML (Normal) 0.9960 0.9460 0.4710 0.0580 0.4940 0.9690 0.9950
FE-QML (Robust) 0.9850 0.9160 0.4770 0.0620 0.4850 0.9430 0.9840
N=250,T=3 FE-QML (Normal) 0.8510 0.7130 0.2890 0.0660 0.3010 0.7210 0.8590
FE-QML (Robust) 0.8210 0.6530 0.2690 0.0680 0.2660 0.6510 0.8260
N=250, T= 10 FE-QML (Normal) 0.9650 0.9630 0.9250 0.0460 0.9450 0.9630 0.9650
FE-QML (Robust) 0.9710 0.9530 0.8620 0.0510 0.8760 0.9540 0.9710

Table3e: Size and Power Propertiesof Testsfor 5 Under Fixed Effects QML Estimator of Cointegrated Panel VAR

Estimator B =-05 B = -04 B=-03 B=-0.2 B=-01 £=0 £=01
N=50,T=3 FE-QML (Normal) 0.2410 0.1130 0.0560 0.0740 0.1610 0.2530 0.3950
FE-QML (Robust) 0.3030 0.1760 0.1080 0.1070 0.1760 0.2670 0.4080
N=50,T=10 | FE-QML (Normal) 0.9880 0.9100 0.3560 0.0450 0.4010 0.8300 0.9710
FE-QML (Robust) 0.9670 0.8460 0.3680 0.0690 0.4040 0.8050 0.9450
N=250,T=3 | FE-QML (Normal) 0.6970 0.4170 0.1440 0.0730 0.2020 0.4640 0.6410
FE-QML (Robust) 0.6670 0.4170 0.1820 0.1050 0.2210 0.4500 0.6250
N=250,T=10 | FE-QML (Normal) 0.9620 0.9250 0.8800 0.0470 0.8690 0.9500 0.9580
FE-QML (Robust) 0.9560 0.9310 0.7890 0.0630 0.7840 0.9300 0.9540

12 The table reports the fraction of rejections for tests of Ho: o4 = {-0.8, -0.7, -0.6, -0.5, -0.4, -0.3, -0.2}, versus two-sided alternatives. The true value of ¢; is equal to -0.5.
2 The table reports the fraction of rejections for tests of Ho: o, = {-0.8, 0.7, -0.6, -0.5, -0.4, -0.3, -0.2}, versus two-sided alternatives. Thetrue value of o is equal to -0.5.
1 The table reports the fraction of rejections for tests of Ho: 4 = {-0.5, -0.4, 0.3, -0.2, -0.1, 0, 0.1}, versus two-sided alternatives. The true value of /3 is equal to—0.2.



Table 4a: Biasand RM SE of Fixed Effects QML Estimator of Panel VAR With Non-Normal
Disturbances™ Amax = 0.6

Estimator
t Distributed Disturbances
True Value ¢ =04 ¢n =02
Bias RMSE Bias RMSE
N=50 N = 250 N =150 N = 250 N =50 N = 250 N= 150 N = 250
T=3 FE-QML -0.0026 -0.0050 0.2100 0.0961 0.0005 -0.0049 0.1862 0.0888
T=10 | FE-QML 0.0044 0.0001 0.0728 0.0319 0.0025 0.0011 0.0688 0.0312
| |
Chi Square Distributed Disturbances
True Value fi=04 ¢n=02
Bias RMSE Bias RMSE
N =50 N = 250 N =150 N = 250 N =50 N = 250 N= 150 N = 250
T=3 FE-QML -0.0085 -0.0001 0.2380 0.1070 0.0120 0.0010 0.2178 0.0969
T=10 | FE-QML 0.0041 -0.0005 | 0.0758 0.0325 0.0026 0.0003 | 0.0710 0.0304

15 For details of the Monte Carlo design, see Section 7.1. The data generating processis given by (I, - @L) (W - 4) = &. See the footnote to Table 1 for adescription of the notation used in this table.



Table4b: Sizeand Power Propertiesof Testsfor ¢;; Based on Fixed Effects QML Estimator of Panel VAR in the Case
of Non-Normal Disturbances'®’, A = 0.6

Estimator fu=01 $1= 0.2 d1= 0.3 b1 =04 ¢ =05 $1= 0.6 ¢ =07

t Distributed Disturbances

N=50,T=3 FE-QML (Normal) 0.3200 0.1550 0.0780 0.0660 0.1120 0.2090 0.3390
FE-QML (Robust) 0.3100 0.1620 0.0960 0.0750 0.1170 0.2290 0.3420
N=250,T=10 FE-QML (Normal) 0.9780 0.7510 0.2550 0.0530 0.3150 0.8000 0.9720
FE-QML (Robust) 0.9590 0.7340 0.2540 0.0630 0.3240 0.7650 0.9510
N=250,T=3 FE-QML (Normal) 0.8390 0.5370 0.2000 0.0660 0.1720 0.5230 0.8040
FE-QML (Robust) 0.6860 0.4330 0.1610 0.0570 0.1550 0.4160 0.6730
N=250,T=10 FE-QML (Normal) 0.9950 0.9940 0.8290 0.0490 0.8330 0.9940 0.9950
FE-QML (Robust) 0.9910 0.9750 0.7570 0.0540 0.7550 0.9760 0.9870

Chi Square Distributed Disturbances

N=50,T=3 FE-QML (Normal) 0.3220 0.1990 0.1320 0.0950 0.1410 0.2130 0.3590
FE-QML (Robust) 0.2940 0.1840 0.1070 0.0960 0.1450 0.2250 0.3420
N=250,T=10 FE-QML (Normal) 0.9730 0.7530 0.2690 0.0620 0.3120 0.7690 0.9770
FE-QML (Robust) 0.9350 0.7230 0.2660 0.0690 0.3310 0.7440 0.9420
N=250,T=3 FE-QML (Normal) 0.8000 0.5100 0.2090 0.0770 0.2400 0.5440 0.7850
FE-QML (Robust) 0.6160 0.3580 0.1390 0.0510 0.1510 0.3850 0.6340
N=250,T=10 FE-QML (Normal) 0.9940 0.9930 0.8330 0.0540 0.8170 0.9930 0.9940
FE-QML (Robust) 0.9890 0.9740 0.7300 0.0510 0.7160 0.9710 0.9880

16 See the footnote to Table 4a for a description of the data generating process used in this table, and the footnote to Table 1 for a description of the notation.
¥ The table reports the fraction of rejections for tests of Ho: ¢y = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7}, versus two-sided alternatives. The true value of ¢; is equal to 0.4.



Table4c: Sizeand Power Propertiesof Testsfor ¢, Based on Fixed Effects QML Estimator of Panel VAR in the Case
of Non-Normal Disturbances'®*®, 1. = 0.6

Estimator ¢n =-0.1 =0 ¢ =0.1 @1 =0.2 ¢ = 0.3 &= 0.4 &1 = 0.5
t Distributed Disturbances
N=50,T=3 FE-QML (Normal) 0.3840 0.2100 0.1020 0.0730 0.1000 0.2190 0.3890
FE-QML (Robust) 0.3510 0.2190 0.1090 0.0680 0.1050 0.2070 0.3570
N=50,T=10 FE-QML (Normal) 0.9920 0.8040 0.2960 0.0460 0.3280 0.8220 0.9880
FE-QML (Robust) 0.9740 0.7840 0.2990 0.0620 0.3360 0.7980 0.9690
N=250,T=3 FE-QML (Normal) 0.8800 0.6140 0.2510 0.0760 0.2180 0.5900 0.8640
FE-QML (Robust) 0.7530 0.4990 0.1890 0.0510 0.1760 0.4610 0.7340
N=250, T=10 FE-QML (Normal) 0.9950 0.9930 0.8530 0.0530 0.8650 0.9950 0.9950
FE-QML (Robust) 0.9900 0.9780 0.7770 0.0490 0.7890 0.9800 0.9900

Chi Square Distributed Disturbances

N=50,T=3 FE-QML (Normal) 0.3620 0.2320 0.1490 0.0980 0.1450 0.2370 0.3860
FE-QML (Robust) 0.3140 0.1930 0.1210 0.0900 0.1200 0.2120 0.3400
N=150,T= 10 FE-QML (Normal) 0.9790 0.7990 0.2920 0.0590 0.3040 0.7960 0.9860
FE-QML (Robust) 0.9530 0.7640 0.2980 0.0730 0.3160 0.7810 0.9590
N=250,T=3 FE-QML (Normal) 0.8530 0.5880 0.2460 0.0910 0.2420 0.6050 0.8590
FE-QML (Robust) 0.6570 0.4170 0.1660 0.0590 0.1490 0.4320 0.6870
N=250, T= 10 FE-QML (Normal) 0.9940 0.9930 0.8680 0.0470 0.8550 0.9930 0.9940
FE-QML (Robust) 0.9890 0.9740 0.7760 0.0490 0.7610 0.9760 0.9900
FE-MD 0.8790 0.6030 0.2260 0.0580 0.2040 0.5690 0.8670

18 See the footnote to Table 4a for a description of the data generating process used in this table, and the footnote to Table 1 for a description of the notation.
19 The table reports the fraction of rejections for tests of Ho: ¢ = {-0.1, 0, 0.1, 0.2, 0.3, 0.4, 0.5}, versus two-sided alternatives. The true value of ¢y isequal to 0.2.



Table5a: Biasand RM SE of Random and Fixed Effects QML Estimatorsof Panel VAR in the Case of Random Individual
Effects®, Ama = 0.6

Estimator
True Value (ﬂu =04 ¢21 =0.2 ¢12 =0.2 Q)zz =04
Bias RMSE Bias RMSE Bias RMSE Bias RMSE
N=50,T=3 RE-QML =5 0.0036 0.1971 0.0032 0.1815 0.0059 0.1697 0.0049 0.1987
FE-QML 0.0033 0.1971 0.0027 0.1829 0.0044 0.1698 0.0023 0.1986
N=50,T=10 RE-QML =5 0.0023 0.0737 0.0005 0.0707 0.0006 0.0669 0.0040 0.0716
FE-QML 0.0023 0.0737 0.0005 0.0706 0.0006 0.0669 0.0040 0.0717
N=250,T=3 RE-QML | =5 0.0007 0.0884 0.0013 0.0800 0.0024 0.0794 0.0016 0.0895
FE-QML 0.0003 0.0898 0.0008 0.0806 0.0022 0.0809 0.0015 0.0898
N=250, T=10 | RE-QML =5 0.0028 0.0327 0.0019 0.0303 -0.0012 0.0314 -0.0009 0.0304
FE-QML 0.0027 0.0327 0.0019 0.0303 -0.0012 0.0314 -0.0010 0.0304

2 For details of the Monte Carlo design, see Section 7.1. The data generating process is given by (1 - L) (Wi - 1) = &. See the footnote to Table 1 for adescription of the notation used in this table. See Section 7.2 for
an explanation of any discrepancies between results for the FE-QML estimator reported in thistable and those reported in Table 1.



Table5b: Size and Power

Properties of Testsfor ¢; Under Random and Fixed Effects QML Estimators of Panel VAR
in the Case of Random I ndividual Effects™?, A = 0.6

Estimator @1 =01 @1 =02 ¢11 =03 ¢11 =04 @1 =05 @1 =06 @1 =07
N=50,T=3 RE-QML (Normal) 7=5 0.3060 0.1530 0.0740 0.0630 0.1070 0.1910 0.3330
FE-QML (Normal) 0.3020 0.1430 0.0640 0.0600 0.0980 0.1950 0.3350
RE-QML (Robust) 7=5 0.3010 0.1700 0.0850 0.0750 0.1140 0.1900 0.3090
FE-QML (Robust) 0.3000 0.1700 0.0860 0.0730 0.1170 0.2080 0.3450
N=50,T=10 RE-QML (Normal) =5 0.9780 0.7880 0.2810 0.0670 0.2690 0.8010 0.9820
FE-QML (Normal) 0.9760 0.7940 0.2750 0.0680 0.2850 0.7850 0.9840
RE-QML (Robust) =5 0.9540 0.7520 0.2830 0.0700 0.2740 0.7850 0.9740
FE-QML (Robust) 0.9640 0.7790 0.2770 0.0870 0.2860 0.7690 0.9680
N=250,T=3 RE-QML (Normal) =5 0.8590 0.5410 0.1860 0.0540 0.2070 0.5640 0.8330
FE-QML (Normal) 0.8410 0.5290 0.1670 0.0410 0.1900 0.5340 0.8290
RE-QML (Robust) 7=5 0.7540 0.4610 0.1680 0.0520 0.1850 0.4630 0.7480
FE-QML (Robust) 0.7320 0.4510 0.1640 0.0540 0.1690 0.4710 0.7290
N=250, T= 10 RE-QML (Normal) 7=5 1.0000 1.0000 0.8460 0.0480 0.8500 1.0000 1.0000
FE-QML (Normal) ) 0.9980 0.9970 0.8080 0.0520 0.8480 0.9950 0.9980
RE-QML (Robust) 7=5 1.0000 1.0000 0.8070 0.0480 0.8500 1.0000 1.0000
FE-QML (Robust) 0.9890 0.9800 0.7390 0.0610 0.7770 0.9750 0.9920

2 See the footnote to Table 5a for a description of the data generating process and the notation used in this table. Also, see Section 7.2 for an explanation of any discrepancies between
results for the FE-QML estimator reported in thistable and those reported in Table 2a.
2 The table reports the fraction of rejections for tests of Ho: ¢y3 = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7}, versus two-sided alternatives. The true value of ¢ isequal to 0.4.



Table5c : Size and Power

Properties of Testsfor ¢,; Under Random and Fixed Effects QML Estimators of Panel VAR
in the Case of Random I ndividual Effects™>*" , A = 0.6

Estimator ¢n=-0.1 ¢1=0 ¢n=0.1 ¢1=0.2 ¢n=0.3 &1 =04 &1 = 0.5
N=50,T=3 RE-QML (Normal) 7=5 0.3760 0.2100 0.1010 0.0670 0.1000 0.2080 0.3740
FE-QML (Normal) 0.3960 0.2130 0.0900 0.0670 0.0990 0.2080 0.3740
RE-QML (Robust) 7=5 0.3600 0.2150 0.0960 0.0730 0.0970 0.2040 0.3550
FE-QML (Robust) 0.4010 0.2180 0.0900 0.0700 0.1110 0.2090 0.3830
N=250,T=10 RE-QML (Normal) 7=5 0.9890 0.8040 0.2890 0.0580 0.3080 0.8180 0.9820
FE-QML (Normal) 0.9700 0.7940 0.2970 0.0670 0.3040 0.7930 0.9720
RE-QML (Robust) 7=5 0.9920 0.8150 0.3010 0.0610 0.3160 0.8220 0.9850
FE-QML (Robust) 0.9780 0.7970 0.3130 0.0770 0.3130 0.7880 0.9750
N=250,T=3 RE-QML (Normal) 7=5 0.8880 0.6300 0.2300 0.0540 0.2150 0.6420 0.9050
FE-QML (Normal) 0.8890 0.6010 0.2220 0.0460 0.2060 0.6370 0.8990
RE-QML (Robust) 7=5 0.7910 0.5370 0.2160 0.0510 0.1950 0.5490 0.7940
FE-QML (Robust) 0.7840 0.5290 0.2020 0.0530 0.1740 0.5630 0.8040
N=250, T= 10 RE-QML (Normal) =5 1.0000 1.0000 0.8900 0.0520 0.9140 1.0000 1.0000
FE-QML (Normal) ) 0.9980 0.9970 0.8500 0.0440 0.8770 0.9950 0.9990
RE-QML (Robust) i r=5 1.0000 1.0000 0.8660 0.0460 0.8770 1.0000 1.0000
FE-QML (Robust) 0.9910 0.9810 0.7760 0.0490 0.8050 0.9820 0.9910

2 See the footnote to Table 5a for a description of the data generating process and the notation used in this table. Also, see Section 7.2 for an explanation of any discrepancies between
results for the FE-QML estimator reported in this table and those reported in Table 2b.
% The table reports the fraction of rejections for tests of Ho: ¢ = {-0.1, 0, 0.1, 0.2, 0.3, 0.4, 0.5}, versus two-sided alternatives. The true value of ¢ isequal to 0.2.



Table 5d: Size and Power Propertiesof Testsfor ¢, Under Random and Fixed Effects QML Estimators of Panel VAR
in the Case of Random Individual Effects™®?°, Ay = 0.6

Estimator do= -0.1 $,=0 ¢ = 0.1 $,=02 $p= 03 dp= 0.4 $= 05
N=50,T=3 RE-QML (Normal) | 7=5 0.3480 0.1960 0.0850 0.0520 0.0800 0.1990 0.3920
FE-QML (Normal) 0.3500 0.2020 0.0850 0.0470 0.0710 0.1930 0.3930
RE-QML (Robust) [ r=5 0.3300 0.1900 0.0910 0.0580 0.0950 0.2130 0.3660
FE-QML (Robust) 0.3400 0.1960 0.0940 0.0620 0.0950 0.2110 0.3670
N=50,T=10 RE-QML (Normal) | 7=5 0.9930 0.8130 0.2780 0.0420 0.2970 0.8260 0.9900
FE-QML (Normal) 0.9940 0.8150 0.2810 0.0450 0.3030 0.8300 0.9860
RE-QML (Robust) L 7=5 0.9790 0.7880 0.2690 0.0500 0.3030 0.7930 0.9730
FE-QML (Robust) 0.9780 0.8030 0.2790 0.0510 0.3080 0.8080 0.9720
N=250,T=3 RE-QML (Normal) | 7=5 0.8880 0.6260 0.2250 0.0500 0.2110 0.6460 0.9010
FE-QML (Normal) 0.8850 0.6040 0.2080 0.0550 0.2190 0.6250 0.9000
RE-QML (Robust) | 7=5 0.7910 0.5600 0.2100 0.0530 0.1910 0.5580 0.8070
FE-QML (Robust) 0.7840 0.5390 0.1970 0.0590 0.1820 0.5460 0.7970
N= 250, T = 10 RE-QML (Normal) | 7=5 1.0000 1.0000 0.8890 0.0530 0.8740 1.0000 1.0000
FE-QML (Normal) 0.9980 0.9960 0.8630 0.0470 0.8500 0.9970 0.9990
RE-QML (Robust) L 7=5 1.0000 1.0000 0.8640 0.0510 0.8430 1.0000 1.0000
FE-QML (Robust) 0.9890 0.9790 0.7920 0.0520 0.7770 0.9790 0.9900

Table 5e: Size and Power Propertiesof Testsfor ¢ Under Random and Fixed Effects QML Estimators of Panel VAR
in the Case of Random I ndividual Effects”?® , Ayac = 0.6

Estimator ¢ = 0.1 P = 0.2 ¢ =03 ¢ =04 ?n =05 ¢ = 0.6 ¢ = 0.7
N=50,T=3 RE-QML (Normal) 7=5 0.2920 0.1460 0.0800 0.0540 0.1020 0.1970 0.3570
FE-QML (Normal) ) 0.2870 0.1440 0.0750 0.0530 0.0990 0.1980 0.3560
RE-QML (Robust) i r=5 0.2950 0.1690 0.0950 0.0780 0.1090 0.1950 0.3430
FE-QML (Robust) 0.3030 0.1700 0.0900 0.0760 0.1140 0.2210 0.3590
N=50,T=10 RE-QML (Normal) | 7=5 0.9790 0.7760 0.2500 0.0460 0.3040 0.7940 0.9870
FE-QML (Normal) _ 0.9820 0.7680 0.2610 0.0440 0.2940 0.7970 0.9850
RE-QML (Robust) i 7=5 0.9640 0.7530 0.2530 0.0560 0.3030 0.7720 0.9680
FE-QML (Robust) 0.9640 0.7530 0.2750 0.0590 0.3080 0.7730 0.9750
N=250,T=3 RE-QML (Normal) 7=5 0.8360 0.5360 0.1910 0.0460 0.1890 0.5600 0.8320
FE-QML (Normal) ) 0.8410 0.5240 0.1760 0.0480 0.1960 0.5420 0.8350
RE-QML (Robust) i r=5 0.7260 0.4790 0.1880 0.0480 0.1710 0.4680 0.7290
FE-QML (Robust) 0.7240 0.4600 0.1590 0.0570 0.2060 0.4860 0.7250
N=250, T= 10 RE-QML (Normal) =5 1.0000 1.0000 0.8860 0.0360 0.8740 1.0000 1.0000
FE-QML (Normal) _ 0.9980 0.9950 0.8420 0.0330 0.8390 0.9950 0.9990
RE-QML (Robust) =5 1.0000 1.0000 0.8530 0.0400 0.8410 1.0000 1.0000
FE-QML (Robust) 0.9900 0.9770 0.7770 0.0400 0.7690 0.9760 0.9870

% gee the footnote to Table 5a for a description of the data generating process and the notation used in thistable.

% The table reports the fraction of rejectionsfor tests of Ho: ¢, = {-0.1, 0, 0.1, 0.2, 0.3, 0.4, 0.5}, versus two-sided alternatives. The true value of ¢ is equal to 0.2.
% See the footnote to Table 5a for a description of the data generating process and the notation used in thistable.

% The table reports the fraction of rejections for tests of Ho: ¢, = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7}, versus two-sided alternatives. The true value of ¢y isequal to 0.4.



