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Abstract

Panel dynamic estimators with fixed effects are biased due to the incidental
parameters problem. At this regard, [Hahn and Kuersteiner (2002) proposed
an estimator to correct this issue. However, they only consider a panel VAR
(PVAR) model with one lag. In this paper we extend this bias correction,
its asymptotic and small sample properties for a more general case, a PVAR
model with p lags. The simulation results indicate that the bias corrected
estimator outperforms the OLS panel VAR estimator when sample size in
time dimension is small, and when the persistence of the model is low. In
these cases, the proposed estimator improves significantly in terms of both,
the reduction of bias and mean square error.
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Resumen

Los estimadores de los parametros de un modelo panel dinamico de
efectos fijos son sesgados debido al problema de parametros inciden-
tales. Al respecto, Hahn y Kuersteiner (2002) proponen un estimador
para corregir este problema. Sin embargo, ellos consideran tinicamente
un modelo panel VAR con un sélo un rezago. En este documento anal-
izamos las propiedades asintéticas y de muestra pequena del estimador
corregido por sesgo para un caso mas general, un modelo PVAR con
p rezagos. Los resultados de las simulaciones indican que el estimador
corregido por sesgo tiene un mejor desempeno con respecto al estimador
panel VAR MCO cuando la dimensién temporal de la muestra (T) es
pequena, y cuando la persistencia del modelo es baja. En estos casos, el
estimador propuesto presenta una disminucion significativa en términos
de sesgo, y de error cuadratico medio.
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stringido.
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1 Introduction

Given the recent availability of data, panel VAR models are very useful since they
allow to explore both, the dependence relationships across observations, and the dy-
namics of the process. Recent applications of these methodologies are found in |[Love
and Zicchino| (2006), Lof and Malinen (2014) and Ouyang and Li (2018), among
others.

However, OLS estimator of fixed effects panel VAR models suffers from a Hurwicz
type of bias. Nickell (1981)) presents a detailed analysis of these inconsistencies for
the first order autoregressive model, providing an analytical expression for the bias
of order O(T~!). He also shows that his analytical computations derived from his
formulas coincide with the Monte Carlo results of Nerlove| (1967) and Maddala (1971)).

More recently, |Lee et al.| (2018) considered the estimation for a dynamic panel of in-
finite order autoregressive process in the presence of individual effects. They propose
a bias corrected fixed effect estimator based on a theoretical asymptotic bias term.
They employ double asymptotics under which n and T tend to infinity. However,
this paper only analyze the univariate case, they do not consider panel VAR models.

At this regard, Hahn and Kuersteiner| (2002) find and correct the asymptotic bias of
the OLS estimator when both n and T are large. However, they only consider the
case of a panel VAR with one lag.

The objective of this paper is to extend the methodology proposed by Hahn and
Kuersteiner| (2002)) for a panel VAR model allowing up to p lags. We provide the
asymptotic bias corrected estimator and found its asymptotic distribution. Finally,
we study small sample properties of this estimator using Monte Carlo simulations. To
our knowledge this is the fist time that this bias corrections is propose for this model.

This paper is organized as follows. Section 2 contains the theoretical development
of our methodology. Section 3 provides Monte Carlo simulations to show the perfor-
mance of our estimator in a small sample set up. Finally, section 4 concludes. All
proofs are relegated to the Appendix.



2 Methodology

In this section we propose an asymptotic bias correction for the OLS estimators of a
fixed panel VAR model with p lags. This is an extension of the results of Hahn and
Kuersteiner| (2002)), hereafter HK.

In our framework we considered the following panel VAR model with fixed effects,

Yit = 0 + Y1 + - - + Oplir—p + €3, (1)

where y;; is an m-dimensional vector and €; is i.i.d. normal. To calculate the asymp-
totic bias we use the panel VAR(1) representation of as the first step. Next, we
find the asymptotic distribution of the OLS estimator.

After applying the within transformation to we obtain,
Yit = O10ie—1 + - + Oplie—p + €t (2)

. 1 T . 1 T
where, 4y = yi — T thl Vi, and €; = € — T thl €it-

2.1 VAR(1) representation

Following [Lutkepohl (2005]) in a panel context, a panel VAR(1) representation of
is the following,

i};t = @}.};tfl + U'Lt (3)
where,
. . 6, 0 0, 1 6, ]
i L 0 - 0 0
. : : 0 0
yit*p‘i’l O 0 O - I O

After applying the vec operator to we obtain,

Yy = (Y;;q ® Imp) vec (©) + Us,. (4)

In this representation © contains identities and block-zero restrictions given by
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where,
[ 0,, O, 0, 0, ]
R := : . ri=vec | Om In 0 O 7
Cop o o : : 0,, 0,,
m=psXm=p
i 0,, 0,, I, O, 1 22
(1) (7) (mp)
0,, 0,, 0,,
b:=vec| by Op-1 0Op }m%xl and C; := . ,
0,, 0,, 0,,
mpxXm?2p
j=1...,mp.

2.2 Biased OLS

To estimate b in and we use the methodology proposed in (Lutkepohl, |2005|
pp 194-196) for restricted OLS estimators in a panel VAR context.

Under the usual minimization problem,

n T
b=argminy_ 3" |V, —0R (Vi o 1) ' (Vaor ©11)]

i=1 t=1
x [Yit - (Y{H ® 1) Rb — (Yi;,l ® I) 7"] .
we obtain the following OLS estimator of b,

n T
b= [Z SR (YaaVios @ L) R

=1 t=1

S (Fdi s ) ] )

i=1 t=1




Then, given and (6]) the estimator of vec() is,

n T

ZZR ( it— 1Y;t 1®Imp)R

i=1 t=1

_ii[ ( 1Yy 1®Imp>7“} }+r.

=1 t=1

(=R

ASS [ Ge )] o

i=1 t=1

Theorem 1 Let y;; be generated by , and let all the innovations €;; be independent
for all i and t. Under the conditions assumed in HK and the representation (3),
vnTvec(b — by) has the following asymptotic distribution,

VT (b—by) = N (—/p AT @1 — (0@ I)) Lvec(9),

AQ® T)A’), ®)

where,
" -1

1
nT

=1 t=

= Rl? (9)

T
R ( Vi 1®fmp)R
1

Q=EUUflp=2 and Y =Q+000 +020(0)" +---
Proof. See Appendix [A] =

Thus, Theorem [If shows that the limiting distribution of the estimator of b is not
centered at zero.

2.3 Bias estimation

Given the noncentrality term of (), —/PAIRI—(0y®1)) 'vec(2), an asymptotic
bias corrected OLS estimator of b is given by,

AI®T—(6® 1) vec(Q),

After some algebra,

1U;; is defined in a similar way as U;:, but without applying the within transformation to the
model.



vec (é) = Rl; +r,

with,

-1

T
2 1 P .
b= > 3R (Yit,lYit_l ® Imp> R
=1 t=1
1 L . .
x {—T SN [H (Vs @ 1) ]
n =1 t=1 (10)

1 . ny
~ar L[ (Vi o b))
1 , A -1 A
+ ? m2pxm?2p2 [([mp ® Imp - (@ ® Imp)) VeC(Q)} )

where O is the panel VAR OLS estimator of ©, and

VGC(Q)m2p2X1 = [Imp Q Lpp — (@ ® é)] vec (?) ;

=1 t=1

. 1 n Lo ..,
T=-—— (ZZm_lYit_l> .
mpXmp

Next, we show that v/nTvec ((S — bo) is centered at zero and find the asymptotic

distribution of b.

Theorem 2 Let y;; be generated by , and let the innovations €;; be independent
for all i and t. Under the conditions assumed in HK and the representation (3)),

vnT vec (l; — bo> has the following asymptotic distribution,

VnT wvec (2 — b0> — N(O, AQeT) A’) (11)

Proof. See Appendix [B] m



3 Monte Carlo simulations

In order to evaluate the small sample performance of the proposed estimator we per-
form a Monte Carlo experiment. We compare both the biased (OLS) and unbiased

panel VAR estimators, b and l;, described in the previous section.
The DGP is as follows,

Yit = @ + 01yir—1 + Oayir—2 + €, (12)
where, y; € R?, 0; and 6, are 2 x 2 matrices, a; ~ N (0, I) is independent across i,

and eit%N(O,Q) WithQ:(i Cf)

We allow for sample sizes n = {100,200} and 7" = {5,10,15}. We also evaluate
different values of the covariance of the innovations, w = {0,0.4,0.8}. In addition,
we consider five models (Model 1 to Model 5) with different levels of persistence,
according to the values of the parameters of 6; and 0 presented in Table[I] We run
5000 simulations for each specification.

Table 1: Parameters #; and 05 of the panel VAR model

Maximum eigenvalue

Model 91 92 of (I . 912 _ 49222)

vt | o0 00] [0 o8] reeom
wows [ 08 o8] [0 0R] oo
wows (08 48] (08 28] s
wows [0 8] [ 0B8] eom
wowrs [ 0008 [0 08] s

2The initial values of y;; are computed as the unconditional mean of the process.



The results of the simulations are shown in Table [2 for Model 1, and in Tables |3| to
[6] of Appendix [C] for Models 2 to 5. Columns 4 to 11 of these tables present the bias

of both, the OLS estimator, éj, and the bias corrected estimator, éj, for y = 1,2.

The last four columns report the ratio of the RMSE of éj and the RMSE of éj, for
jJ = 1,2. Values smaller than 1 indicate a better performance for the bias corrected
estimator.

The simulation exercises suggest that both estimators still suffer from some bias is-
sues. In general, the bias decreases as the sample sizes n and T increase, as expected.
Moreover, the bias corrected estimator shows an improvement in terms of both, re-
duction of the bias and reduction of the RMSE.

The bias corrected estimator shows smaller bias and RMSE compared to the OLS
estimator, specially for small values of 7' ({5, 10}), low covariance of the innovations
(w ={0,0.4}) and low persistence (Ayqr < 0.6). In particular, the bias is reduced
in 7 out of 8 cases for T' =5, w = {0,0.4} and A\, = 0.27 as shown in Table E|
These findings hold for every n = {100, 200}.

The results presented in Tables [3|to[6] of Appendix[C|also show that the bias and the
RMSE of the bias corrected estimator deteriorate as the persistence of the model,

Amaz, increases. These results are consistent with the findings of [Hahn and Kuer-
steiner| (2002).

3The 8 cases refer to the number of elements of §; and 65.



Table 2: Small sample performance of the panel VAR estimators

n T w Bias of él and éz Bias of él and é2 RMSE ratio
61 02 01 02 01/61 02/0o
100 5 0 -0.36  0.01 -0.36 0.04 | -0.18 0.02 -0.32 0.03 | 053 1.13 0.89 094
0.02 -0.37 -0.01 -0.37 | 0.01 -0.19 0.00 -0.33 | 1.07 0.53 1.01 0.89
100 10 0 -0.13 0.01 -0.13 0.02 |-0.03 0.01 -0.12 0.01] 037 112 095 0.95
0.00 -0.13 -0.01 -0.13 |-0.01 -0.03 0.00 -0.13 | 1.11 0.36 0.98 0.96
100 15 0 -0.08 0.00 -0.08 0.01 |-0.01 0.01 -0.08 0.01]0.38 1.09 0.98 0.96
0.00 -0.08 -0.01 -0.08 | 0.00 -0.01 0.00 -0.08 | 1.08 0.38 0.98 1.00
100 5 04 -0.37 0.01 -0.37 0.04 |-0.19 0.02 -0.33 0.03]054 1.14 0.89 0.95
0.02 -0.37 -0.02 -0.35| 0.01 -0.18 -0.01 -0.31 | 1.08 0.52 1.00 0.89
100 10 04 -0.13 0.00 -0.14 0.02 | -0.03 0.01 -0.13 0.01 |0.39 1.12 0.95 0.95
0.01 -0.13 -0.01 -0.13| 0.00 -0.03 0.00 -0.12 | 1.10 0.38 0.98 0.96
100 15 04 -0.08 0.00 -0.09 0.01]-0.01 0.00 -0.08 0.01]042 1.09 0.98 0.96
0.00 -0.08 -0.01 -0.08 | 0.00 -0.01 0.00 -0.08 | 1.08 0.40 0.98 1.00
100 5 08 -0.38 0.02 -042 0.08 |-0.21 0.03 -0.37 0.07|061 1.16 0.89 0.94
0.01 -0.35 -0.06 -0.30 | -0.01 -0.16 -0.05 -0.26 | 1.12 0.52 0.97 0.90
100 10 0.8 -0.14 0.01 -0.16 0.04 | -0.04 0.01 -0.15 0.03]0.52 1.13 095 0.95
0.00 -0.13 -0.03 -0.10 | -0.01 -0.02 -0.02 -0.10 | 1.12 0.50 0.96 0.98
100 15 0.8 -0.08 0.00 -0.10 0.02|-0.02 0.01 -0.10 0.02]0.56 1.09 0.98 0.96
0.00 -0.08 -0.02 -0.06 | -0.01 0.00 -0.02 -0.06 | 1.09 0.56 0.96 1.01
200 5 0 -0.36 0.01 -0.36 0.04 | -0.18 0.01 -0.32 0.03]0.51 1.15 0.89 0.89
0.02 -0.37 -0.01 -0.37 | 0.01 -0.19 0.00 -0.33 | 1.03 0.52 0.99 0.89
200 10 0 -0.13  0.01 -0.13 0.02 | -0.03 0.01 -0.12 0.01 | 0.31 1.14 095 0.91
0.00 -0.14 -0.01 -0.13 | 0.00 -0.03 0.00 -0.13 | 1.10 0.30 0.96 0.96
200 15 0 -0.08 0.00 -0.08 0.01|-0.01 0.01 -0.08 0.01]0.29 1.11 0.98 0.92
0.00 -0.08 -0.01 -0.08 | 0.00 -0.01 0.00 -0.08 | 1.08 0.29 0.96 1.00
200 5 04 -0.37 0.01 -0.37 0.04 |-0.19 0.02 -0.33 0.03] 053 1.16 0.89 0.90
0.02 -0.37 -0.02 -0.35| 0.01 -0.18 -0.01 -0.31 | 1.05 0.51 0.98 0.89
200 10 04 -0.13 0.00 -0.14 0.02|-0.03 0.01 -0.13 0.01|0.32 1.14 095 091
0.00 -0.13 -0.01 -0.13 | -0.01 -0.03 0.00 -0.12 | 1.11 0.31 0.95 0.96
200 15 04 -0.08 0.00 -0.08 0.01|-0.01 0.01 -0.08 0.01]031 110 0.98 0.93
0.00 -0.08 -0.01 -0.08 | 0.00 -0.01 0.00 -0.08 | 1.09 0.30 0.96 1.00
200 5 08 -0.38 0.02 -042 0.08 |-0.21 0.03 -0.37 0.07 | 058 1.18 0.89 0.90
0.00 -0.35 -0.06 -0.30 | -0.02 -0.16 -0.05 -0.26 | 1.14 049 0.93 0.90
200 10 08 -0.14 0.01 -0.16 0.04 | -0.04 0.01 -0.15 0.03 | 042 1.14 0.94 0.92
0.00 -0.13 -0.03 -0.10 | -0.01 -0.02 -0.02 -0.10 | 1.13 0.38 0.92 0.97
200 15 08 -0.08 0.00 -0.10 0.02 | -0.01 0.01 -0.10 0.02|044 1.09 098 0.94
0.00 -0.08 -0.02 -0.06 | -0.01 0.00 -0.01 -0.06 | 1.09 042 094 1.01

Simulations are based on 5000 replications for model 1 presented in Table 01 = [ _3:82 8:82 ] and 6y =

0.03 —0.02

003 oos | the maximum eigenvalue of the roots of the autoregressive polynomial is Apmaz = 0.27. The

third column represents the covariance of the innovations, w. Columns 4-7 indicate the bias of the OLS PVAR
estimator, éj; similarly, columns 8-11 indicate the bias of the bias corrected PVAR estimator, é]', for 7 = 1,2. The
last 4 columns represent the ratio of the RMSE of éj and the RMSE of éj, for 5 = 1,2. Values smaller than 1 indicate

a better performance for the bias corrected estimator.
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4 Final remarks

In this paper we extend the results of Hahn and Kuersteiner| (2002)) for deriving an
analytical expression for the bias of the fixed effects estimator panel VAR model.
Instead of considering one lag, we analyze a model with p lags. We provide the
asymptotic distribution of the bias corrected estimator when both n and T" are large.
We also study its small sample properties using Monte Carlo simulations.

The simulations indicate that our bias corrected estimator outperforms the OLS
panel VAR estimator when T is small (T" = 5,10), and when the persistence of the
model is low. In these cases, the proposed estimator improves significantly in terms
of both, the reduction of bias and mean square error.
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Appendix A Proof of Theorem 1

As in HK, Theorem [I] is obtained from Lemmas [5] and [] given below. Lemmas [I] to
are used to prove Lemma [5

First, it is important to note that the vec operator of the panel VAR - OLS estimator
of b, given in @, can be expressed in terms of the innovations as follows,

<ZZth Ith 1®]mp> R

i=1 t=1

-1

/

(b—by) = R

n

XZi( Yir— 1®]mp>U
t=1

=1

Lemma 1 Let Y;; be generated by the representation given in without applying
the within transformation, and also let,

Snt = \/ﬁ Z Z it—1 ® Imp (Uit - UZ) (13)

i=1 t=1
Then, under conditions 1, 2 and 3 of HK:

n

1

\/ﬁ Z Y1 — ® -[mp> (Uit - Ui) = Syr +0p(1) (14)

i=1 t=1
1 T1 o1 T
where Y;_ = 712 g Y and Uy = 5>, Uy.

Proof.

Similar to the reparametrization of equation , model can be represented
as a panel VAR(1) as
Yi=0a;+0Y, 1+ Uy (15)

with &; = [af,0,...,0".
Expression ((15)) can be written in the following way,

Yy = 0LYi+ (I — ) (I — ©})d; + Oy Uy + 652U + - -+ + Uy (16)
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In the stationary case, when lim,,_,., ©F = 0, the stationary approximation of Y}, is
given by:

U;; = Z @6(]”73', t> 1, (17)
i=0
Vi = (L —©0) tay + U, t>0 (18)
Using (18} Zt 1 ( 1 ® [) (Uit — Ui) can be expressed as,
T
ZKIl@[ zt_7 :Z [®@ )al)®[ zt_ +Z U;;1®I
t=1 t=1 t=1
(19)

Given that the first term of the right hand side of (19 . ) is zero and ,

\/n—TZZ Yioi@I) (Un = Us) = Sip (20)

i=1 t=1

Based on and the fact that thl (57;, ® I) (Uit — Ui) = 0, to prove the lemma
we need to show,

\/n_TZZ 1 1) (Uzt U \/_ZZ :1®] Ui)—l-op(l)

i=1 t=1 =1 t=1
From , and ( . we are able to show that,
Yie = Y +64(Yio — Uyy) — (I — )™ 'O, (21)

and after some algebra,

~

n

n T B 1 .
2; o1 @ 1) U Ui W;;Yn 1®I U)
n T

- %ZZ (O4Yio @ 1) (Uy — U1) (22)

_\/T(I 6y) "' ® 1) ZZ Oha; ® ~-U) (23)

=1 t=1

1 n T B
—ﬁzz ©LUn @ 1) (U — U) (24)

i=1 t=1

14
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we need to show that the terms , and are o,(1). We start by analyzing

and .

To prove that is 0,(1), we first calculate the variance of the inner summation of
this expression,

Var (Z(%Ko@m (U — T;) ) > B[O © 1) (U - ) (Ui = T) (V05 @ 1)

t=1 t,s=1
(25)
After some algebra,
T T
Var (Z(G)BYEO ® 1) (U — ﬁz)) = Z <(@6Yi0 ® DQY;04 ® [))
t=1 t=1 (26)

T T
1 / /
— 72D (OYa ® NAY,05 1)

t=1 s=1

Thus, the vec operator of the variance of is,

vec{Var(\/:ﬁzn:zT:(G)é}ﬁ;o@I)(UﬁU ﬂ _Vec{f;vﬁ{i 0LV ® 1) ( ,tu)”,

i=1 t=1 t=1
(27)

replacing in (27),

vec [Var <

3l

n T

ii OpYio ® 1) (Uzt—U)ﬂ =anvec{Z[Z(@émom)ﬂ(%@&@n

=1 t=1 1 t=1
1 T T
- 1Y S e nae; e ) |

(28)

Using Kronecker product properties we can rewrite the first term of the right hand

side of equation 7
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n T T

1 ’ o 1

2 S vee @4 DY 0 1)| =1 ST [€0 e 1)@ @8 1]
t=1

=1 t=1

VGCZ[ Yio @ DYy @ 1)
-1

Then,

n T

> vee (@ @ DONY0] @ 1) -

=1 t=1

1

1

|- (@ene@an] ((nene@Een @)

n

~[(©@ 1)@ (O T“)}vecZ[zo@@f Yoo

Proceeding with the second term of the right hand side of equation in a similar
manner, we get that,

n T T
Vec{z[z OLYi @ DQY;,0¢ @ 1) — 122 0LYi0 © NUY,04 @1)]}

i=1 -t=1 t=1 s=1

LS TR IOy R (CHEDECRE

—[(©o®1)® (0¢® )] T+1>:|V€CZ[ Yio® I)Q ZU®I)}

1
nT

2{([1—(@0@91)} [(90®I)—(®o®I)T+1])®
([I—(@0®I)]_1[(@0®I) (@0®IT+1>]vecZ[ Yio®1)Q 0@[)
=o(1).

Therefore is op(l) since it converges in L?. Following a similar procedure we
get that is op : Then to conclude the proof of Lemma (1] I it only remains to
establish that is op as follows.

Given the independence between Uy and Uj), the expected value of ([24] . is zero. And
the variance of the vec operator of the inner summation of ([24)) without taking in
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consideration U; is,

T T
vec [Var(Z(@éU{B ® IU; )] = Z (O ®1)® (0 @1)]
t=1 t1,t2=1
x vee (U Ui, U, (Ui © 1))
T

=) [efehe©F1) (31)

t1,ta=1
x vee (B[UinUy,] ® E[URU) + Ko(ti,t2) )
where Ko(t1,t2) = E[(Ujy @ DU, Uy, (Usy ® I)] — E[Us, U, | @ E[UUs] contains

elements of the form cum;, _;,(Uy, U, Uiy, Ui, ); given condition 2 of HK this term
is finite.

-----

Analyzing the first expression of the right hand side of , we obtain that it con-
verges to a constant as follows,

T
> [(0F © D® (©f © D] x vee (E[Un,Uy,] © EUzU))

ty1,to=1

I
W

(€@ 1) (0h @ )] vee |2 @ EULUR)]

-
Il

1

I
| —

IRIRIRI— (0@ (0y®I))] " [(B®I)® (8o 1I))

—((6p®1)® (09 ® I))Tﬂ]}vec Q@ EU; ;5/]].

On the other hand, the second term of the right hand side of is bounded by,

T

3 (O ® 1) © (8% © 1)|| [[vee(Ko(t, t2))|

t1,t2=1

T
< supy, 4, |[vec(Ko(tr, 1))l D> ||(OF @ I) @ (8F @ 1))|| < oo.

t1,t2=1

The last two results imply that Var <\/%7T S (ekUs @ ])Uit> =o(1).
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To prove that (24) is op , in addition to the previous result, we need to show that
the second term of \/ﬁ S S (B8Us @ DU, s 0,(1),

T
= |72 Z (OF @ 1) @ (0F @ I)vec(B|(Usy @ Ui, Uy, (Usy @ I)])I

vec

Var<2(®tU0 ®I)U>

t=1

IN

[[(I = (0o ®))(O®I)— (0@ )T @ [(I—(00®I)((0&I)— (0 )T ]|
T~ vec(Q ® E[ULUL]) + T~ 2vec(Ko(ts, ta) H

[T = (B2 D)(B® )~ (0 )™ )] @ [(I- (0 )(8 1) - (0o ) ]|
T~ vec(Q ® E[U

=0(T™)

IN

|| + T 2vec | Ko(ta, )|

The previous two results imply that is 0,(1). Since (22)), and are 0,(1)
1 n T

T 2 2 (Ve =¥ ) @ L] (U = T) = S+ 0,(1)

i=1 t=1

Lemma 2 Let Yy be generated by the representation given in . Under conditions
1,2 and 3 of HK,

n T

\/%ZZ (U @ D= oI — (0@ )] vee(Q) + 0y(1)  (32)

i=1 t=1

Proof.
Consider the expected value of the following expression,

18



Ly li (64 01 wc|z (UitzU;tlj)}]

%Z oD =[0I~ (©al)] " +ol) (34)

Given (33)), (34) and the fact that = Z 4 (6} @ Ivec(Q) = o(1), then,

[\/_ZZU;}@I ] \/g[[@)l—(@0®[)]_lvec(§2)—|—0(1) (35)

i=1 t=1

On the other hand, in order to prove that the inner summation of the left hand side
of . converges in probability to its expected value, we show that the variance of

19



this term is o(1) as follows,

E—

Tt=1
1 T
/
=E T3 Z ((Ut1 1®I)Uit27 [(Utl 1®[)Uit2])((Ut5 1®I)Uit4* [(Utd 1®I)Uit4])
1, ta=1

Sta=1 j1,j2=0

_E % Z Z (G)glUitl_l@I) UmE{ " (@ Uit 1@1)/]] (37)

s,ta=1 j1,j2=0

B % Z Z (08U, o1 @ 1) Ui | U, (03 Uity 5o 1@1)/] (38)

<,ta=1 j1,j2=0

,Tlg Z Z [(@glUitl_ﬁq@I)UitQ}E[Ugm (@gm“s_h_l@f)/], (39)

<ta=1 j1,j2=0

We will start by proving that is o(1). Following a similar procedure to the one
used in (35]), we have that,

E

T oo
% S Y (04U @ 1) Ui E [U£t4 (072U s ® ])}

t1,,ta=1 71,j2=0

= 2@ T~ (O 1) vee@vec(@) [T© 1~ (@@ N " +0(1).  (40)

In a similar manner, it can be shown that (38) and (39) are o(1). Taking a closer
look at ( . we have that,

’ {1}3 Z Z (@gl Viti=j1 @ I> Uitu U, (Uzts 8 @ I>]

<,ta=1 j1,j2=0

=F [1}3 Z Z (@Jl ®I> it1—j1—1 ®T) Utt2U1t4 (Ui,ta—jz—l ®]> (@E)jz ®I)] 7

<, ta=1 j1,j2=0
(41)

Given the cumulant summability assumption (41)) is o(1). This result in addition to

20



the previous ones indicate that,

Ay Wi e =—E 33 Wiy o 0| + a1
nT’ i=1 t=1 i=1 t=1
Finally, the preceding result and imply that . holds.

Lemma 3 Assume that Uy is a sequence of i.i.d random vectors with E[U] = 0 for
all t. Then cumy,,. (U, ...,Uy) = 0 unless t = ty = -+ = t,. For notational
----- ]k(Ut? ) Ut)

Lemma 4 Assume that conditions 1, 2 and 3 of HK hold. Then,

purposes, cum(ji, ..., ji) = cum,,

1 n
vnl ‘=
where KK =322 K(t,0) y K(t1, t2) = E[(U;;_1@1) Uy, Uth(UtQ ®I)]— E[UitlUi,tQ](g
ElURU]

T
Y U@ DUy = N(0,2® T +K) (42)
t=1

If, additionally, all innovations Uy are independent for all i,t,

MZZ U1 @ DUy = N(0,Q® T) (43)

i=1 t=1

Proof.

It is necessary to check the generalized Lindeberg-Feller conditions for joint asymp-
totic normality as in Theorem 2 of Phllhps and Moon (1999) A sufficient condition
for this result to hold is that for all £ € R™ such that £/ = 1, E[(\f ST OU; @

])Ult)ﬂ < oo uniformly over i and T. Let 2z = £ (U}, ® I)Uy, with E[z;] = 0,
then,

T T
1
— E Elzit, Zity Zity Zit, =73 5 (Cov(zity , Zit, ) COV(2ity, Zit,)
77777 t1,..,t4=1

T
1

+ﬁ Z [Cov(zit,, zity ) COV(Zity, Zits)
t1yees ta=1

+ Cum(zih ) Zitz ) zitg ) Zit4 )] )
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where,

Cov(zy, zis) = L E[(U;;_, @ NURUL(U , @ I)]E
= E VeC(E[U;; IU ])VeC(E[Uzs let]) f
+ 0 E[UU,) ® E[U;_ U )¢

is—1
m—1

*
+ E l; 3m+J1+1€ jam+jo+1CUIL (Uzt 15 U’Lta Uzs 1 U )

=0 +€,(Q ® EU;_ 1U:; - 1{t = s}

m—1

* *
+ § €J3m+j1+1€]4m+]2+1cum]1 Ja (Uit—la Uzta Uzs 1>U )

.....

T
1
772 E E [thl Z’LtQ Z’Lt3 th4]
1,0y ti=1

is—1»

* *
( E , E : Ciymajr+1ljamajorrcumy, j4(Uit—17Uzt>U Ui ))
----- Jja=0

is—1>

- 2
( Z Z €j3m+31+1€]4m+]2+lcumﬁ ..... i1 Ui—1: U, Uiy, Ui ))

-----

Where the terms involving the higher order cumulants are,

T
1
T cuy, ..., ]'4(Uz‘>;—17 Usit, UZ; 15 U; ) = 0(1)
t,s=1
T
Z Cumjl ~~~~~ J4 (Zit17 Zit27 Zit-g,: Zit4) - O(T)’
t1yeeey ta=1
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and they are also independent from (i, j1, ..., j4). This proves that,
T

2
T E Elzit, Zity Zity 2ity) < 00,

uniformly over ¢ and T'. Finally,

|l

2
ZU;l@I )

t=1

[M]= @‘H

E [(Ut L@ DULUL(UL_, & 1)]

N =

S
V)
Il
—_

I
S| -
Mq

vee (B[U;_,U,) ) vee (E[U:_,U))

t,s=1
T 1 T
+ = U] @ B Ui Ui + 2 > Kies
gjl ; U Tt; (t,9)

=0T+ K+o(1),

where K = %77 K(t1,0). Note that vec (E [U};_ \Us,]) vee (E [Us:

s 1UZ-ItD =0 for
all t and s; and that,

T T
1 ’ ]. ’ ’
=D E|Uali] @ B Ui Uil = 2> B |Ualy| @ B U Ui | = @@ T,

t=1

due to strict stationarity. The second part of the Theorem 2 of Phillips and Moon
is derived from Lemma , which implies that IC(t1,t2) = 0 for all ¢; and t,.

[
Lemma 5
1 n T - -
—— S (Var —Yi) & 1) Uy - T)
nT =
SN (=PI & T — (0@ 1)) tvec(2),2® T + K)[] (44)

4As before, p = F
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Proof. This result follows from Lemmas [T}, 2] and [4] m

Lemma 6 LetY;; be generated by the representation given in (15)). Under conditions
1, 2 and 3 of HK:

n T
1 _ _
T < (Yieer = Yio ) (Yieer — Vi) ) =T +0,(1),

i=1 t=1
where, T =737 0067,

Proof. First, let us prove that,

- (Z (Vies = Vi) (Vi — fc-)’) =B | (Viy = BOGL) (Vi = BOGL)) |

+0,(1) (45)

Using , the first term of the right hand side of the previous equation can be
expressed as,

E[(Vio = B(YGo) (Vi = BORL)) | = B (Ve = B0Ya-1) (Ve = EVa-1) |, (46)

given that - S0, 0, (Va1 —Yis )(Ya1=Yis) = B [ (Vi1 = B(Yie1)) (Vi1 = B(Yu-1)) |+
0p(1). and (46),([d5) holds true. Then, it only remains to prove that,

E[(Yio — BOG) (Vi — B0G) | = 1.

Using and , we get that,
E (Vi = BOGL)) (Vi - B0GL)) | = B [UiUi]

=> ene)="
j=0
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Appendix B Proof of Theorem 2

Using we have,

-1

\/_T<b—b0> - anzn: - ( Vi 1®Imp>R R
<{\/x [(fmp®fmp— O L) lvee(®] (47
1 n T

SN (o))
nTizltzl t—1 D t

Recalling that,

8

T= ;@gﬁ (@5)j,

thus,

M

Il
o

vec (1) = (0 ® Og) vec (Q)

= (I — (09 ® Oy)) " vec(Q),

given that b is consistent and , we have,

F [(Tmp @ Imp — (80 ® Lmp)) ™ vec(Q)] + 0p(1).

&’

VA [T @ Loy = (6@ L)) Hvec(@)] =

(48)
Combining with Lemma , when all innovations Uy are i.i.d., we get,
n T
\/%7 Z Z ( it—1 @ -[mp> Ui + /2 [(Imp @ Iy — (O @ Iyp))~ Vec(Q)]
- AN (0,Q® 7).
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Therefore,
VT (é —by) SN (0, A (2@ 1) AY).

where,
1 L o -
T OB (Vi Vi fy ) R

i=1 t=1

/

A=
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Appendix C Monte Carlo

Table 3: Small sample performance of the panel VAR estimators

n T w Bias of él and 92 Bias of él and 9} RMSE ratio
61 b2 61 b2 01/61 02/09
100 5 0 -0.40 -0.01 -0.39 -0.02 | -0.22 -0.01 -0.35 0.00 | 0.55 1.10 0.89 0.95
-0.01 -0.38 -0.03 -0.37 | -0.01 -0.20 -0.01 -0.33 | 1.12 0.54 0.90 0.90
100 10 0 -0.15 -0.01 -0.15 -0.01 | -0.03 -0.02 -0.14 0.00 | 0.36 1.13 0.97 0.95
-0.01 -0.14 -0.01 -0.14 | -0.01 -0.03 0.00 -0.13 | 1.13 0.36 0.93 0.97
00 15 0 -0.09 -0.01 -0.09 -0.01 |-0.01 -0.01 -0.09 0.00|0.36 1.10 1.01 0.97
-0.01 -0.08 -0.01 -0.08 | -0.01 -0.01 0.00 -0.08 | 1.10 0.37 0.96 1.01
00 5 04 -0.40 -0.01 -0.40 -0.02 | -0.22 -0.01 -0.35 0.00 | 0.56 1.11 0.89 0.97
-0.02 -0.38 -0.04 -0.37 | -0.02 -0.20 -0.01 -0.33 | 1.11 0.54 0.90 0.90
100 10 04 -0.14 -0.01 -0.15 -0.01 | -0.03 -0.01 -0.14 0.00 | 0.38 1.12 0.97 0.97
-0.01 -0.14 -0.02 -0.14 | -0.02 -0.03 0.00 -0.13 | 1.13 0.37 0.92 0.97
100 15 04 -0.09 -0.01 -0.09 -0.01 |-0.01 -0.01 -0.09 0.00 | 0.39 1.09 1.01 0.98
-0.01 -0.08 -0.01 -0.08 | -0.01 -0.01 0.00 -0.08 | 1.10 0.40 0.94 1.01
100 5 08 -0.41  0.00 -0.41 -0.01 |-0.23 0.01 -0.36 0.01 | 0.60 1.12 0.90 1.02
-0.03 -0.37 -0.05 -0.36 | -0.03 -0.19 -0.02 -0.32 | 1.11 0.56 0.93 0.90
100 10 08 -0.15  0.00 -0.16 0.00 | -0.04 -0.01 -0.15 0.01 | 049 1.11 0.97 1.01
-0.02 -0.13 -0.03 -0.13 | -0.02 -0.02 -0.01 -0.12 | 1.13 0.50 0.92 0.97
100 15 08 -0.09 0.00 -0.09 0.00|-0.01 -0.01 -0.09 0.01 |0.52 1.08 1.00 1.01
-0.01 -0.08 -0.02 -0.08 | -0.01 -0.01 -0.01 -0.08 | 1.09 0.55 0.95 1.01
200 5 0 -0.40 -0.01 -0.39 -0.02 | -0.22 -0.01 -0.35 0.00 | 0.54 1.10 0.89 0.90
-0.01 -0.38 -0.03 -0.37 | -0.01 -0.20 -0.01 -0.33 | 1.11 0.53 0.81 0.89
200 10 0 -0.15 -0.01 -0.15 -0.01 | -0.03 -0.02 -0.14 0.00 | 0.30 1.14 0.97 0.91
-0.01 -0.14 -0.01 -0.14 | -0.01 -0.03 0.00 -0.13 | 1.14 0.29 0.88 0.97
200 15 0 -0.09 -0.01 -0.09 -0.01 |-0.01 -0.01 -0.09 0.00 | 028 1.12 1.01 0.93
-0.01 -0.08 -0.01 -0.08 | -0.01 -0.01 0.00 -0.08 | 1.11 0.28 0.92 1.01
200 5 04 -0.40 -0.01 -0.40 -0.02 | -0.22 -0.01 -0.35 0.00 | 0.55 1.10 0.89 0.94
-0.02 -0.38 -0.04 -0.37 | -0.01 -0.20 -0.01 -0.33 | 1.10 0.53 0.82 0.89
200 10 04 -0.15 -0.01 -0.15 -0.01 | -0.03 -0.01 -0.14 0.00 | 0.32 1.13 0.97 0.95
-0.01 -0.14 -0.02 -0.14 | -0.02 -0.03 0.00 -0.13 |1.14 0.31 0.86 0.97
200 15 04 -0.09 -0.01 -0.09 -0.01 | -0.01 -0.01 -0.09 0.00|0.29 1.11 1.01 0.97
-0.01 -0.08 -0.01 -0.08 | -0.01 -0.01 0.00 -0.08 | 1.11 0.29 091 1.01
200 5 08 -0.41 0.00 -0.41 -0.01 |-0.23 0.01 -0.36 0.01 | 0.58 1.12 0.89 1.02
-0.03 -0.37 -0.05 -0.36 | -0.03 -0.18 -0.02 -0.32 | 1.11 0.53 0.86 0.90
200 10 0.8 -0.15  0.00 -0.16 0.00 | -0.04 -0.01 -0.15 0.01 | 0.40 1.11 0.96 1.02
-0.02 -0.13 -0.03 -0.13 | -0.02 -0.02 -0.01 -0.12 | 1.14 0.38 0.88 0.97
200 15 0.8 -0.09 0.00 -0.09 0.00 |-0.01 0.00 -0.09 0.01 041 1.08 1.00 1.02
-0.01 -0.08 -0.02 -0.08 | -0.02 0.00 -0.01 -0.08 | 1.10 0.42 091 1.01
Simulations are based on 5000 replications for model 2 presented in Table 0, = { _812 _8}8 and 6, =

0.09 0.08

010 o005 |’ the maximum eigenvalue of the roots of the autoregressive polynomial is Apqz = 0.41. The third

column represents the covariance of the innovations, w. Columns 4-7 indicate the bias of the OLS PVAR estimator,
éj; similarly, columns 8-11 indicate the bias of the bias corrected PVAR estimator, éj, for j = 1,2. The last 4
columns represent the ratio of the RMSE of éj and the RMSE of éj, for j = 1,2. Values smaller than 1 indicate a

better performance for the bias corrected estimator.
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Table 4: Small sample performance of the panel VAR estimators

n T w Bias of él; éz ABias of él; GA% ] RMSE ratAio
0 () 01 () 61/6: 62/6>
100 5 0 -0.46 0.02 -0.43 -0.07 | -0.27 -0.02 -0.41 -0.04 | 0.60 1.08 0.96 0.80
0.01 -0.44 0.08 -042 | 0.05 -0.26 0.05 -0.39 | 1.38 0.60 0.81 0.92
100 10 0 -0.15 -0.01 -0.13 -0.06 | -0.02 -0.06 -0.15 -0.03 | 0.32 192 1.10 0.66
0.02 -0.15 0.07 -0.13 | 0.06 -0.03 0.04 -0.13|1.84 0.36 0.68 1.00
100 15 0 -0.09 -0.01 -0.07 -0.04 | 0.00 -0.05 -0.09 -0.02 | 036 192 1.20 0.65
0.01 -0.09 0.05 -0.07| 0.05 -0.01 0.02 -0.08|1.79 0.36 0.67 1.06
00 5 04 -042 -0.01 -0.37 -0.08 | -0.22 -0.06 -0.36 -0.05 | 0.54 1.38 0.97 0.78
0.00 -0.48 0.08 -0.48 0.04 -0.31 0.06 -0.44 | 1.28 0.65 0.83 0.92
100 10 04 -0.13 -0.03 -0.09 -0.08 | 0.00 -0.08 -0.11 -0.04 | 0.33 190 1.18 0.65
0.01 -0.16 0.07 -0.17 0.06 -0.06 0.04 -0.16 | 1.78 0.45 0.71 0.98
100 15 04 -0.08 -0.02 -0.05 -0.05| 0.02 -0.06 -0.07 -0.02 | 046 185 1.29 0.65
0.01 -0.09 0.05 -0.10 0.05 -0.02 0.03 -0.10 | 1.75 0.41 0.71 1.02
100 5 08 -0.30 -0.16 -0.20 -0.22 | -0.08 -0.23 -0.21 -0.16 | 0.41 1.37 1.05 0.79
0.05 -0.57 0.20 -0.63 0.10 -0.43 0.16 -0.57 | 1.41 0.77 0.86 0.91
100 10 08 -0.08 -0.08 0.01 -0.16 0.06 -0.15 -0.02 -0.10 | 0.92 1.58 1.02 0.71
0.03 -0.19 0.14 -0.25| 0.09 -0.11 0.10 -0.23 | 1.68 0.65 0.79 0.93
100 15 08 -0.04 -0.05 0.02 -0.10 0.05 -0.09 -0.01 -0.07 | 1.10 1.58 0.90 0.70
0.02 -0.11 0.09 -0.15| 0.06 -0.05 0.06 -0.14 | 1.62 0.60 0.79 0.98
200 5 0 -0.46 0.02 -043 -0.07 | -0.27 -0.02 -0.41 -0.04 | 0.59 1.10 0.95 0.72
0.00 -0.44 0.08 -042 | 0.05 -0.26 0.05 -0.39 | 1.58 0.59 0.75 0.92
200 10 0 -0.15 -0.01 -0.13 -0.06 | -0.02 -0.06 -0.14 -0.03 | 0.26 2.42 1.10 0.59
0.02 -0.15 0.07 -0.13 | 0.06 -0.03 0.04 -0.13 | 2.18 0.31 0.63 1.00
200 15 0 -0.09 -0.01 -0.07 -0.04 0.00 -0.05 -0.09 -0.02 | 0.26 2.37 1.21 0.56
0.01 -0.08 0.05 -0.07| 0.05 -0.01 0.02 -0.08 | 2.17 0.27 0.60 1.06
200 5 04 -0.42 -0.01 -0.37 -0.08 | -0.22 -0.06 -0.36 -0.05 | 0.53 1.61 0.97 0.71
0.00 -0.48 0.08 -048 | 0.04 -0.31 0.06 -0.44 | 143 0.64 0.78 0.92
200 10 04 -0.13 -0.03 -0.09 -0.08 | 0.00 -0.08 -0.11 -0.04 | 0.25 221 1.19 0.60
0.01 -0.16 0.07 -0.17 | 0.06 -0.06 0.04 -0.16 | 2.18 0.40 0.67 0.97
200 15 04 -0.08 -0.02 -0.05 -0.05| 0.02 -0.06 -0.07 -0.02 | 037 220 1.33 0.57
0.01 -0.09 0.05 -0.10| 0.05 -0.02 0.03 -0.10 | 2.10 0.34 0.64 1.02
200 5 08 -0.30 -0.16 -0.21 -0.22 | -0.08 -0.23 -0.21 -0.16 | 0.34 1.41 1.05 0.76
0.04 -0.56 0.20 -0.63 0.10 -0.42 0.16 -0.57 | 1.58 0.76 0.85 0.91
200 10 0.8 -0.08 -0.08 0.02 -0.16 | 0.06 -0.15 -0.02 -0.10 | 0.89 1.67 1.00 0.69
0.03 -0.19 0.14 -0.25 0.09 -0.11 0.10 -0.23 | 1.97 0.61 0.78 0.93
200 15 0.8 -0.04 -0.05 0.02 -0.10 | 0.05 -0.09 0.00 -0.07 | 1.13 1.70 0.81 0.67
0.02 -0.11 0.09 -0.15 0.06 -0.05 0.07 -0.14 | 1.93 0.54 0.77 0.98

Simulations are based on 5000 replications for model 3 presented in Table 01 = [ 8':1"2 78'38 ] and 6, =
0.15 —0.10

0.10 015 |’ the maximum eigenvalue of the roots of the autoregressive polynomial is Ajpaz = 0.59. The third

column represents the covariance of the innovations, w. Columns 4-7 indicate the bias of the OLS PVAR estimator,
é]-; similarly, columns 8-11 indicate the bias of the bias corrected PVAR estimator, éj7 for 5 = 1,2. The last 4
columns represent the ratio of the RMSE of é]- and the RMSE of éj, for j = 1,2. Values smaller than 1 indicate a

better performance for the bias corrected estimator.

28



Table 5: Small sample performance of the panel VAR estimators

n T w Bias of 0,3 6, ABias of 0y GA% ] RMSE ratAio
01 02 01 02 01/6 02/02
100 5 o |03 000 -048 0.10)-0.33 005 -047 007|064 141 097 0.80
0.02 -042 -0.05 -0.44 |-0.05 -0.23 0.00 -0.43 | 1.31 0.56 0.83 0.97
100 10 0 -0.16  0.02 -0.12 0.09 | -0.03 0.08 -0.14 0.05 | 034 224 113 0.62
-0.02 -0.12 -0.08 -0.10 | -0.13 -0.01 -0.01 -0.12 | 3.04 0.36 046 1.11
100 15 0 -0.08 001 -0.06 006 /| 0.01 0.06 -0.08 0.03 037 225 130 0.56
-0.02 -0.07 -0.06 -0.05]|-0.10 0.00 0.01 -0.06 | 3.18 0.42 049 1.21
00 5 04 -0.55 -0.02 -0.55 0.12|-0.37 0.03 -0.53 0.09 | 0.69 1.18 0.96 0.83
-0.07 -0.35 -0.08 -0.37 | -0.16 -0.15 -0.01 -0.36 | 1.72 0.47 0.71 1.00
100 10 04 -0.17  0.00 -0.17 0.10 | -0.05 0.07 -0.17 0.06 | 0.42 2.11 1.04 0.65
-0.06 -0.09 -0.09 -0.05|-0.17 0.02 -0.01 -0.07 | 2.39 049 043 1.33
100 15 04 -0.09  0.01 -0.08 0.06 | -0.01 0.06 -0.09 0.03]038 218 116 0.59
-0.03 -0.05 -0.07 -0.01|-0.12 0.02 0.00 -0.03 |269 0.66 0.44 1.37
100 5 08 -0.55 -0.07 -0.69 020 |-0.39 -0.02 -0.67 0.18 | 0.74 0.88 0.97 0.89
-0.34 -0.14 -0.12 -0.24 | -045 0.07 -0.01 -0.28 | 1.30 0.68 0.62 1.14
100 10 0.8 -0.14 -0.04 -0.26 0.15|-0.05 0.02 -0.25 0.11 | 0.56 0.94 0.97 0.73
-0.14 -0.03 -0.13 0.03 |-0.26 0.09 -0.02 0.00 | 1.75 1.76 0.45 0.78
100 15 0.8 -0.08 -0.02 -0.13 0.09 | -0.01 0.04 -0.13 0.06 | 0.57 1.35 1.03 0.68
-0.07 -0.02 -0.09 0.04 |-0.15 0.05 -0.01 0.02]201 139 048 0.66
200 5 0 -0.53  0.00 -0.48 0.10 | -0.33 0.05 -0.46 0.07 | 0.64 1.66 0.97 0.77
0.02 -0.42 -0.05 -0.44 |-0.05 -0.23 0.00 -0.43 | 1.47 055 0.71 0.97
20 10 0 -0.16  0.02 -0.12 0.09 | -0.03 0.08 -0.14 0.05 | 0.28 2.76 1.14 0.58
-0.02 -0.12 -0.08 -0.10 | -0.13 -0.01 -0.01 -0.12 | 3.64 0.27 0.34 1.11
200 15 0 -0.09 001 -0.06 0.06 | 0.01 0.06 -0.08 0.03]027 276 133 0.51
-0.02 -0.07 -0.05 -0.05]|-0.10 0.00 0.01 -0.06 | 3.95 0.32 0.37 1.24
200 5 04 -0.55 -0.02 -0.55 0.12|-0.37 0.03 -0.53 0.09 | 0.68 1.22 096 0.81
-0.07 -0.35 -0.08 -0.36 | -0.16 -0.15 -0.01 -0.36 | 1.91 0.45 0.57 1.00
200 10 04 -0.17  0.01 -0.17 0.10 | -0.05 0.07 -0.17 0.06 | 0.38 2.76 1.04 0.62
-0.06 -0.09 -0.09 -0.05]|-0.17 0.02 -0.01 -0.07 | 256 0.40 0.33 1.38
200 15 04 -0.09 001 -0.08 0.06 |-0.01 0.06 -0.09 0.03 028 280 116 0.55
-0.03 -0.05 -0.07 -0.01 | -0.12 0.02 0.00 -0.03 | 2.97 0.57 0.33 1.59
200 5 08 -0.55 -0.07 -0.69 020 |-0.39 -0.02 -0.66 0.17 | 0.73 0.77 0.96 0.88
-0.34 -0.14 -0.12 -0.24 | -0.45 0.07 -0.01 -0.28 | 1.31 0.61 0.48 1.14
200 10 0.8 -0.14 -0.04 -0.26 0.15|-0.05 0.03 -0.25 0.10 | 0.48 0.89 0.96 0.72
-0.14 -0.03 -0.13 0.03 |-0.26 0.09 -0.02 0.00 | .79 2.14 0.36 0.66
200 15 0.8 -0.08 -0.02 -0.13 0.09 | -0.01 0.04 -0.13 0.06 | 044 1.50 1.02 0.65
-0.07 -0.02 -0.09 0.04|-0.15 0.05 -0.01 0.02|211 1.61 0.37 0.57

Simulations are based on 5000 replications for model 4 presented in Table 01 = { 78:;1)8 8:;2 and 6, =

0.25 0.10

020 020 |’ the maximum eigenvalue of the roots of the autoregressive polynomial is A\jpaz = 0.75. The third

column represents the covariance of the innovations, w. Columns 4-7 indicate the bias of the OLS PVAR estimator,
é]-; similarly, columns 8-11 indicate the bias of the bias corrected PVAR estimator, éj7 for 5 = 1,2. The last 4
columns represent the ratio of the RMSE of é]- and the RMSE of éj, for j = 1,2. Values smaller than 1 indicate a

better performance for the bias corrected estimator.
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Table 6: Small sample performance of the panel VAR estimators

Bias of él; éQ Bias of él; §2 RMSE ratio

n T w - - - =
01 ) 01 ) 01/61 02/6,
100 5 0 -0.56 -0.01 -0.50 0.03 | -0.34 0.02 -0.52 0.01 | 0.62 1.15 1.04 0.94
-0.02 -0.53 -0.03 -0.49 | -0.06 -0.32 -0.01 -0.49 | 1.37 0.61 0.89 1.01
100 10 0 -0.17  0.01 -0.16 0.06 | 0.01 0.09 -0.23 0.01 [ 0.30 2.57 1.41 0.50
-0.03 -0.16 -0.07 -0.15|-0.11 -0.01 0.00 -0.20 | 2.59 0.29 0.48 1.28
100 15 0 -0.09 0.01 -0.08 0.05| 0.05 0.09 -0.15 -0.01 | 0.60 3.15 1.80 0.46
-0.02 -0.09 -0.06 -0.07 |-0.10 0.02 0.01 -0.12 | 3.10 042 0.49 1.52
100 5 04 -0.57 -0.03 -0.54 0.05]-0.36 0.00 -0.55 0.03 064 1.00 1.03 0.88
-0.07 -048 -0.06 -0.44 |-0.12 -0.26 -0.02 -0.46 | 1.44 0.56 0.79 1.03
100 10 04 -0.17 -0.01 -0.20 0.08 | -0.01 0.07 -0.25 0.02 | 0.32 2.07 1.26 0.49
-0.06 -0.14 -0.08 -0.11 | -0.15 0.03 0.00 -0.16 | 2.29 0.39 0.44 1.51
100 15 04 -0.10  0.00 -0.10 0.06 | 0.03 0.08 -0.16 0.00 | 047 2.87 1.50 0.41
-0.04 -0.08 -0.07 -0.04 | -0.12 0.04 0.01 -0.09 | 2.74 0.68 0.44 2.01
100 5 08 -0.55 -0.09 -0.65 0.13 | -0.36 -0.05 -0.66 0.12 | 0.67 0.89 1.01 0.90
-0.25 -0.33 -0.12 -0.34 | -0.32 -0.09 -0.04 -0.39 | 1.27 0.39 0.63 1.14
100 10 08 -0.13 -0.07 -0.30 0.15|-0.01 0.02 -0.32 0.08 | 0.55 0.77 1.08 0.61
-0.14 -0.07 -0.13 -0.01 | -0.26 0.11 -0.01 -0.10 | 1.84 1.36 0.40 2.26
100 15 08 -0.07 -0.04 -0.17 0.11 | 0.02 0.05 -0.19 0.04 | 0.74 1.21 1.17 049
-0.07 -0.04 -0.10 0.03 | -0.18 0.08 0.00 -0.03 | 2.16 1.54 0.41 1.03
100 5 0 -0.56 -0.01 -0.50 0.03 |-0.34 0.02 -0.52 0.01 | 0.61 1.20 1.04 0.83
-0.02 -0.53 -0.03 -049 | -0.06 -0.32 -0.01 -0.49 | 1.57 0.61 0.80 1.01
100 10 0 -0.17 0.01 -0.16 0.06 | 0.01 0.09 -0.23 0.01 | 0.22 3.33 1.42 0.38
-0.03 -0.16 -0.07 -0.15|-0.11 -0.01 0.00 -0.20 | 3.05 0.21 0.36 1.29
100 15 0 -0.09 -0.02 0.01 -0.09 | 0.05 -0.10 0.09 0.02 057 375 4.14 0.35
-0.08 -0.06 0.05 -0.07|-0.15 0.01 -0.01 -0.12 | 1.84 0.41 0.36 1.54
100 5 04 -0.57 -0.04 -0.54 0.05 |-0.36 0.00 -0.55 0.03]0.63 091 1.03 0.81
-0.07 -0.48 -0.05 -0.44 | -0.12 -0.26 -0.02 -0.46 | 1.54 0.55 0.67 1.03
100 10 04 -0.17 -0.01 -0.20 0.08 | -0.01 0.07 -0.25 0.02 | 0.24 2.63 1.27 0.40
-0.06 -0.14 -0.08 -0.10 | -0.15 0.03 0.00 -0.16 | 246 0.33 0.32 1.53
100 15 04 -0.09 0.00 -0.10 0.06 | 0.03 0.08 -0.16 0.00 | 0.41 3.86 1.51 0.31
-0.04 -0.07 -0.07 -0.04 | -0.12 0.05 0.01 -0.09 | 3.00 0.67 0.36 2.19
100 5 08 -0.55 -0.08 -0.65 0.13 |-0.36 -0.05 -0.65 0.11 | 0.66 0.80 1.01 0.88
-0.25 -0.33 -0.11 -0.34 | -0.33 -0.09 -0.04 -0.39 | 1.28 0.34 0.53 1.14
100 10 08 -0.13 -0.07 -0.30 0.15 | -0.01 0.02 -0.32 0.08 | 0.41 0.63 1.07 0.58
-0.14 -0.07 -0.13 -0.01 | -0.26 0.11 -0.01 -0.10 | 1.89 1.43 0.30 2.92
100 15 08 -0.07 -0.04 -0.17 0.11 | 0.02 0.05 -0.19 0.04 | 0.62 124 1.17 0.44
-0.07 -0.04 -0.10 0.03 | -0.18 0.08 0.00 -0.03 | 2.28 1.70 0.31 1.04

Simulations are based on 5000 replications for model 5 presented in Table 6, = [ _g:?g 8:;8 ] and 6 =

0.20 0.10

010 o020 | the maximum eigenvalue of the roots of the autoregressive polynomial is Ajnqez = 0.83. The third

column represents the covariance of the innovations, w. Columns 4-7 indicate the bias of the OLS PVAR estimator,
éj; similarly, columns 8-11 indicate the bias of the bias corrected PVAR estimator, éj, for 5 = 1,2. The last 4
columns represent the ratio of the RMSE of éj and the RMSE of éj, for j = 1,2. Values smaller than 1 indicate a

better performance for the bias corrected estimator.
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