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Abstract

Panel unit-root and no-cointegration tests that rely on cross-sectional
independence of the panel unit experience severe size distortions when this
assumption is violated, as has, for example, been shown by Banerjee,
Marcellino and Osbat [Econometrics Journal (2004), Vol. 7, pp. 322—
340; Empirical Economics (2005), Vol. 30, pp. 77-91] via Monte Carlo
simulations. Several studies have recently addressed this issue for panel unit-
root tests using a common factor structure to model the cross-sectional
dependence, but not much work has been done yet for panel no-
cointegration tests. This paper proposes a model for panel no-cointegration
using an unobserved common factor structure, following the study by Bai
and Ng [Econometrica (2004), Vol. 72, pp. 1127-1177] for panel unit roots.
We distinguish two important cases: (i) the case when the non-stationarity in
the data is driven by a reduced number of common stochastic trends, and
(i1) the case where we have common and idiosyncratic stochastic trends
present in the data. We discuss the homogeneity restrictions on the
cointegrating vectors resulting from the presence of common factor cointe-
gration. Furthermore, we study the asymptotic behaviour of some existing
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residual-based panel no-cointegration tests, as suggested by Kao [Journal of
Econometrics (1999), Vol. 90, pp. 1-44] and Pedroni [Econometric Theory
(2004a), Vol. 20, pp. 597-625]. Under the data-generating processes (DGP)
used, the test statistics are no longer asymptotically normal, and convergence
occurs at rate T rather than \/NT as for independent panels. We then
examine the possibilities of testing for various forms of no-cointegration by
extracting the common factors and individual components from the observed
data directly and then testing for no-cointegration using residual-based panel
tests applied to the defactored data.

I. Introduction

The effect on panel unit-root tests of persistent cross-sectional dependence
has been analysed in some detail in Monte Carlo simulations (Banerjee,
Marcellino and Osbat, 2005) or by asymptotic analysis (Lyhagen, 2000;
Pedroni and Urbain, 2001). First-generation panel unit-root tests are found to
display dramatic size distortions or even worse to diverge with the cross-
sectional dimension of the panel. To overcome these problems, new panel
unit-root tests have been proposed that model the possibly persistent cross-
sectional dependence using common factor models (see Breitung and Pesaran,
2005, for a recent overview).

For tests for the null of no-cointegration, few studies have so far been
carried out. Banerjee, Marcellino and Osbat (2004) conduct an extensive
Monte Carlo study where they conclude that while all statistics investigated
(residual-based tests or likelihood-based trace-type test) are affected, the
presence of cross-sectional cointegration appears much less harmful for
single-equation tests than for the panel version of the Johansen test. In
many cases, in the presence of cointegration between units of the panel,
these tests cannot discriminate between cointegration among the units and
cointegration for a single unit of the panel. Bai and Kao (2004) and
Banerjee and Carrion-i-Silvestre (2006) study tests for panel no-cointegra-
tion with cross-sectional dependence using residual-based tests for a single
cointegration relationship. The error term of the cointegrating equation
follows a common factor structure as in Bai and Ng (2004). Urbain (2004),
on the other hand, studies analytically the issue of spurious regression in
panels when the units are cointegrated along the cross-sectional dimension,
i.e. when there is cross-member cointegration. In contrast with the spurious
regression results for independent panels studied by Phillips and Moon
(1999), Pedroni (1995) or Kao (1999), these estimators are often not
consistent and in fact converge to non-degenerate limiting distributions once
the observed non-stationarity is generated by a reduced number of common
stochastic trends.
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This paper builds on these results to study panel tests for no-cointegration
when the cross-sectional dependence in the panel is modelled by a common
factor structure as in Bai and Ng (2004). Two different cases are considered
that we believe are of theoretical and empirical relevance: (i) the case where
the observed non-stationarity in the variables originates from cross-sectional
common trends only; (ii) the case where we have both cross-sectional
common and idiosyncratic stochastic trends. The spurious regression analysis
for the first case reported in Urbain (2004) corresponds to the cross-member
cointegration case. The second case is considered by Moon and Perron (2004)
and Pesaran (2006) in the context of panel unit-root analysis and excludes the
existence of cross-unit cointegration in the panel because both components are
I(1).

For both classes of data-generating processes (DGPs), we discuss the
homogeneity restrictions on the cointegrating vectors resulting from the
presence of common factor cointegration. These implications of the common
factor cointegration are important reasons for proposing a sequential approach
whereby the data are decomposed into common and idiosyncratic components
and (no-)cointegration is tested for these components separately. Then,
we study analytically the behaviour of several tests for panel cointegration
including Kao’s (1999) and Pedroni’s (1999, 2004a) residual-based panel
no-cointegration tests that have been widely used in empirical studies. For
example, when the number of common factors generating the non-stationarity
in the panel is kept fixed while the cross-sectional dimension of the panel
increases, the Gaussian limiting results derived for the independent case are no
longer valid. Tests that are based on pooled or least-squares dummy variable
(LSDV) estimation of the underlying panel cointegration static regression in
some cases diverge with v/N and hence important size distortions can occur
for moderate values of N. Group-mean statistics are also affected and not
asymptotically Gaussian. These results complement and help to have a better
understanding of some of the Monte Carlo results reported by Banerjee et al.
(2004). We then examine the possibilities of testing for no-cointegration, using
residual-based panel tests applied to the defactored data.

The paper is organized as follows: in section II we present our model
for panel no-cointegration with a common factor structure. In section III
we examine the asymptotic behaviour of some residual-based panel no-
cointegration tests when the data are generated by our DGP. Section IV
discusses defactoring the data prior to testing for various forms of no-
cointegration when the data contain unobserved common factors. The finite
sample behaviour of the proposed approach is analysed in section V.
Conclusions are drawn in section VI.

A note on notation: throughout the text, M is used to denote a generic
positive number, not depending on 7'or N. For amatrix A, A > 0 denotes that A
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is pos1t1ve ~definite. Furthermore |A]| = trace(A’ A) We write the integral

[, B(r) dras [B, and fo r)'dras [BB'. Furthermore, ‘= denotes weak

convergence and 2 denotes convergence in probability. For any number x,
LxJ denotes the largest integer smaller than x. For any variable .X; ,,

_ 1 &
X=X =D X
s=1

Similarly, for any Brownian motion B, B = B — | B. Throughout the paper,
we employ sequential limit theory,! where we consider 7— oo followed by
N — o0.

II. The model

We consider balanced panels with N cross-sectional units and 7" time-series
observations, indexed by i = 1,...,Nand t = 1,..., T, respectively. For each
unit in the panel, we observe a (1 + m)-dimensional vector of variables
Ziy (Y, ,,X ) where Y, is a scalar time series and X;, an m-vector time
serles. We assume that the DGP for Z;,has a common factor structure as, e.g.
in Bai and Ng (2004), and we assume the presence of £ common factors in the
data. Furthermore, we assume the number of common factors to be fixed as
T, N — oo throughout the paper. Our model is given by

Ziy = Di; + NiF, + Eiy, (1)

t=1,...,T,i=1,...,N. D;,is an unobserved deterministic component such
that either D;, = 0 for all i and ¢ if there are no deterministic components
present, D;, = d; for all ¢ if the data contain individual-specific fixed effects,
or D; = dy; + dy;t if the data contain individual-specific deterministic linear
time trends, where the coefficients dy; and d;; depend on i only. For the
remainder of the paper we assume D;, = 0, unless mentioned otherwise. The
common component in Z;, is given by F, in equation (1). F; is a k-vector of
common /(1) factors given by

E:E—l+ﬁ7 (2)

where f, = ®(L)n,, n, is a sequence of (k X 1) identically and independently
distributed (i.i.d.) (0, I;) random vectors, and

! Although sequential limits are sometimes restrictive, they correspond to joint limits under certain
restrictions (see, e.g. Phillips and Moon, 1999). Furthermore, sequential asymptotic theory is well
established in the literature.

>We assume that, e.g. economic theory leads to a natural choice of Y in such a way that swapping
some X for Y would not make sense. Nevertheless, the choice of Y is an interesting topic in
cointegration analysis, but beyond the scope of this work.
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(0.¢]
Ly=) oL
=0

The (1 + m) X k matrix of factor loadings A; is assumed to be of full rank and
block-diagonal, with block diagonality corresponding to the partition of Z;,
and diagonal blocks denote a 4}; and A5, for the upper left and lower right
block, respectively.

As for the vectors of observations Z;,, we have partitions for the
unobserved vector of common factors F, = (F FX')', where FY and FX
have kyand ky elements, respectively, and the partition of F; corresponds to
the structure of A,, such that A,; is ky X 1 and A5, is ky X m. The block-
diagonal structure for the factor loadings is necessary to ensure that Y;, and X,
are not cointegrated when the non-stationarity in the data is driven by the
common factors alone. When the idiosyncratic components are non-stationary
as well, this assumption on A; might be relaxed and a more general structure
can be considered.

For the idiosyncratic component in equation (1), E;,, we distinguish two
cases, namely stationary and non-stationary idiosyncratic components. For the
former case we have

Ei,l = €y, (3)
while in the latter case we assume
Ei,z = Ei,tfl + ey, (4)

where the stationary vector e;, = I'(L)e;, with ¢;, being a sequence of
1.1.d.(0, Z;) random vectors,

L) = Z L.
J=0

Again, we partition E;, conformable with the data Z;, such that E;, =

(E}, z,EX )’, where EY, is a scalar time series and E has m clements.

For the above- glven model we specify the followmg assumptions, where M
denotes a generic positive real number:

Assumption 1. Common factors: (i) #, ~ 1.1.d.(0, ;) with finite fourth
moments, (ii) there is an M such that

=0

(iii) rank(®(1)) = k, (iv) E||Fo|| < M.
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Assumption 2. Factor loadings: (i) for non-random ;; and /,;, ||4,;]| < M and
|| /:]| < M; for random Ay; and Ay;, E||21]|* <M and E|| | < M,

N
(ii) NS TAA DL >0,

i=1

(ii1) for non-random /;; and 4,;,
N N
NS i #0 and N7VY o # 05
i=1 i=1

for random Ay; and A,;, E(4y;) # 0 and E(1y;) # 0.

Assumption 3. ldiosyncratic components: for each i =1,...,N, (1) &, ~
1.1.d.(0, 2;) with finite eighth moments, and ¢;;, and ¢;; are independent
for any t, 5 and i#j, (i) Ellel <M, (iii) I'(L) fulfils the random
coefficients and summability conditions from Phillips and Moon (1999,
Assumptions 1 and 2 on p. 1060 and p. 1061 respectively), (iv) rank(I';(1)) =
m+ 1, Vi.

Assumption 4. The errors, 1, &, and the factor loadings A; form mutually
independent groups.

Under the conditions of Assumption 1, the common factors F; form a
k-dimensional /(1) process and the possibility of cointegration between the
common factors is excluded. The full-rank assumption on the long-run
covariance matrix of F; could in fact be relaxed, as long as the diagonal blocks
corresponding to the long-run covariances of F¥ and FX each have at least
rank 1. The long-run covariance matrix of the common factors is given by (see
e.g. Phillips and Durlauf, 1986)

Q=dNHP(1) =E+ 0 + 0,

where

T
E= Z (f,f) and © = lim — ZE(f,F’
=1

T—oo T
Furthermore, an invariance principle holds such that
T7'2F,r = Br(r) as T — o0, (5)

where B is a k-vector Brownian motion with covariance matrix Q.
Assumptions 2(i) and 2(ii) are standard assumptions for factor models and
ensure that the factor loadings are identifiable. Assumption 2(iii) is needed
for the spurious regression results when the non-stationarity in the data is
only driven by the common factors. Assumption 3(iii) specifies that a panel
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functional central limit theorem holds for S;, = 22:1 ei s, which corresponds
to E;, in case the idiosyncratic components are non-stationary as in equation
(4), or to its cumulative sum if equation (3) is true. The long-run covariance
matrix of S;, 1s given by

"P,' - F,(I)Z,F,(l)/ - Ti + A,’ +A:,
where

= lim — ZE eise;,) and A;= lim — ZE (€isS;,_

T—oo I T—oo T

and an invariance principle ensures that
7728, 1) = Bi(r) as T — o0, (6)

where B; is a randomly scaled (1 + m)-vector Brownian motion with covari-
ance matrix ¥;. Assumption 3(iv) ensures that the idiosyncratic terms do not
cointegrate in case these are /(1) vectors.

The implications of these assumptions are best understood by considering
the Beveridge—Nelson (BN) decomposition for F; and for E;;, = ST eis:

s=1
t

1) 0+ @ (L) (1, — 1) + Fo, (7)

zt— ZFZS+F 811_81',0)+Ei,07 (8)
where

oo . o0
(L) =Y @I/ with ®F=-> @,

=0 I=j+1

Zr*y with I}, =— ZF,I,

O*(L)(n, — no) and I'7(L)(&, — &p) are stationary with finite fourth-order
moments and F, and E; are O,(1) by assumption.

If equation (3) is true, the idiosyncratic data components are /(0), and the
I(1) trends of the common factors contained in A;®(1) >} _ #, drive the non-
stationarity in the data. Then, we might observe cross-member cointegration
between some Y;, and Y}, and between some X;, and X, for some 7, j, i # j,
the exact cointegration structure depending on the individual loadings. The
assumption on the block-diagonal structure of the factor loadings A; in turn
implies that we have separation in a cointegrating system (see Hecq, Palm and
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Urbain, 2002). Note that the assumption of cointegration between Y;, and X,
would only be possible if the common factors F' and F¥ would cointegrate,
which is ruled out by Assumption 1 from which the full rank of the long-run
covariance matrix of F, follows.

When E;, is given by equation (4), both common and idiosyncratic data
components are non-stationary. Furthermore, the idiosyncratic components do
not cointegrate along the cross-section. Hence, we do not have cointegration
‘within’ units, e.g. between Y;, or X;,. The BN decomposition of Z;, is easily
obtained from equations (1) and (7-8) and shows that the non-stationarity of
Z;, stems from the term A,®(1) Y0, n, + Ti(1) Y0, &

Remark 1. To investigate tests for no-cointegration we need to maintain the
assumption that there does not exist a full-column rank matrix f8; such that
ﬁ:.Z,»t ~ 1(0). Different cases can be considered. Two cases are important,
namely one with cross-member cointegration where we have /(1) common
factors and /(0) idiosyncratic terms and one where the panel units contain
common stochastic trends, but do not cointegrate even along the cross-
sectional dimension so that both the common and the idiosyncratic com-
ponents are I(1).

Remark 2: Heterogeneity and cross-sectional dependence. With I(1) com-
mon factors as well as /(1) idiosyncratic components, we actually have two
different sets of possible cointegrating vectors that would annihilate the
idiosyncratic and the common /(1) stochastic trends, respectively (see also
the discussion in Gregoir, 2005; Breitung and Pesaran, 2005). Combining
equations (1) and (7)—(8), the resulting BN representation of Z;, shows that
it will not be easy to annihilate both. In particular, cointegrating vector(s),
say 0, that annihilate the common /(1) components should lie in the left null
space of A;, that is 0A,®(1) = 0 as ®(1) is of full rank by Assumption 1,
while those for the idiosyncratic components, say j; would have to lie
in the left null space of I'(1), i.e. y/I;(1) = 0. If the intersection of these
left null spaces is empty, there does not exist a cointegrating relationship
that annihilates both the unit roots from the common stochastic trends and
those of the idiosyncratic terms. In this case, none of the Z;, vectors is
cointegrated. The components taken in isolation could be cointegrated
though.

In fact, there is an important trade-off between the degree of heterogeneity
that can be allowed for and the existence of cross-sectional dependence
modelled by common factors. Without loss of generality, consider the fol-
lowing simple bivariate DGP where we have a single /(1) common factor in ¥
and a single /(1) common factor in X:

Y, = M;F} +E!, 9)
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Xiy = o iF + EL, (10)
from which we see that any linear combination can be written as
A2
O (e ol BV - A (D
‘1,

For the linear combination (1, —f;)’ to be a cointegrating vector such that
Y., — BiXi, ~ 1(0), two conditions need to hold, namely
. Ao
() (F' == FX) ~ 1(0)
(i) (£}, — BiEL,) ~ 1(0).
Given that here we have only two /(1) common factors, there can be at most
a single linear cointegrating combination between these factors and hence

Pis2.i/1; should be the same Vi. Three different cases are compatible with a
constant (over ) ratio:

1 With homogeneity of the factor loadings and of f; the ratio f;4, /4, =
BAs/A; does not depend on i. A similar restriction is considered by
Gregoir (2005). Another possibility is homogeneity of f5; and constancy
of the ratios of the factor loadings /,/4,; for all i which is also
excluded by Assumptions 1-4.

2 The second case allows for some degree of heterogeneity: the factor
loadings vary with f3; such that the ratio f;4 /4, ; is constant across i.
This is excluded by Assumptions 1-4 where the loadings and W, are
assumed to vary independently of each other.

3 A third case arises when for all i the variables Y;, and XX;, have a single
common source of nonstationarity F; only. The idiosyncratic com-
ponent is assumed to be stationary (or could be cointegrated with
cointegrating vector f3;). In this case, Y;, and X;, are cointegrated with
Pi = 71472, This is ruled out by the assumption of block diagonality
of A;, but it would be a natural alternative hypothesis to the null of
no-cointegration. Homogeneity of the cointegrating vector then arises if
/1.4/72,; 18 constant across entities i.

To conclude, if we allow for almost unrestricted (under Assumptions 1-4)
heterogeneity, the existence of cointegrating relations that annihilate both
the common and idiosyncratic /(1) stochastic trends is very unlikely. The
consequences of this for testing of the null of no-cointegration in this factor
set-up will be mentioned in section IV.

Remark 3. A similar framework is also, independently of the present study,
proposed by Dees et al. (2005) for the study of macroeconomic linkages
within the Euro area. The purpose of their study was however different, as no
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attempt to discuss tests for cointegration is made. This study is thus com-
plementary to theirs.

III. The behaviour of panel residual-based tests

The purpose of this section is to study, given the set-up introduced in the
preceding section, the asymptotic behaviour of some standard and popular
panel tests for no-cointegration. The statistics we consider are designed to test
for the presence of a single cointegration relationship between Y;, and X,-,,.3
Kao (1999) considers a homogenous cointegrating vector, whereas Pedroni
(1999) allows for heterogeneity. However, both rely on the cross-sectional
independence of the panel unit to derive asymptotic normality for their test
statistics.

3.1. Kao (1999)

Kao (1999) proposes estimating the homogeneous cointegrating relationship
by pooled regression allowing for individual fixed effects. The regression
equation is given by

Yii = o + BXis + iy, (12)

where f# and X;, are row and column vectors, respectively, and u;, is a
regression error. The LSDV estimator for f is

where
~ 1 T ~ 1 T
Yie =Y — f; Yy and X, =X, — ?;X

The residuals from this first-stage regression u;, = f/i,t - ﬁf(lr will still
contain a unit root under the null hypothesis of no cointegration. We now
estimate a pooled Dickey—Fuller (DF) regression

Ai’i,t = (P - l)ili,tfl + Vig, (13)

where the pooled ordinary least squares (POLS) estimator of (p — 1) is given
by

3This is a restrictive assumption that we, however, will make in what follows. Approaches that
allow for more than one cointegrating vector are reviewed in Breitung and Pesaran (2005).
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where
N T 5
Svgl = ]\]71T*l Z E (Aljl[7t_1 — (/3 - l)ﬂi,t—l) )

corrected for endogeneity and serial correlation. When the panel units are cross-
sectionally independent, the test statistics are asymptotically normally distributed
as T— oo followed by N — oco. However, for the model given by equations (1),
(2) and (3) or (4), this assumption is clearly violated. Using the results reported
in Lemmas 1-3 in Appendix A, we obtain the following limit results:

vec (/ dBp,\B}A> = A vec (/ dBpB}), vec(Orpp) = A vec(0),

vec </BFAB}A> = A vec </BFB}>,
vec (/ dBpAE}A> = A vec </ dBpB}>,

. ; _ R B
V€C</BFAB;;A> :Avec</BFB}>, and A:p]\}grolONZ(Ai@Ai).

i=1

P is the long-run average covariance between the idiosyncratic errors in
Y, and X, P is the long-run average covariance matrix of the idio-
syncratic errors in X;, and Br and B; are given in equations (5) and (6),
respectively.

Proposition 1. Given Assumptions 1, 2, 3 and 4:
(A) Consider the model given by equations (1), (2) and (3),
@) B = (f BEABIA)(J BfABE) ™ = by as T, N— oo sequentially,
3 1, —by)([dBpaB,y + Opa + 7, — Y)(1,=by)
®) 7(p— 1) = L2 BraBiy £ O 45 - 1)(L, b)
(1,=b4) ([ BraBjp) (1, —by)
as T, N — oo sequentially, where y; = E(y;1) and y;; = E(&;,-1€;,),

(c) t; diverges at rate VN as T, N — oo sequentially.
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(B) Consider the model given by equations (1), (2) and (4),
@ B = (f BEABEA + W) ([ BEABEL +5 %) = by
as T, N — oo sequentially,
(1,—bg) ([ dBraByp + Opp — LW + A) (1, —bg)’

(la _BB) (IBFAB}:'A + %lP) (17 _BB)I
as T, N — oo sequentially,
(c) t; diverges at rate V/N as T, N— oo sequentially.

Proof. See Appendix. |

b)) Tp—-1)=

The results summarized in Proposition 1 are clearly in contrast to the
asymptotic normality Kao (1999) derives for the test statistics for independent
panels, although we have not yet considered corrections for serial correlation
and endogenous regressors. Results A(a) and B(a) are similar to those derived
by Urbain (2004) for the pooled least squares estimator (PLS). This is in
sharp contrast with the v/N consistency of the LSDV estimator in the case of
a spurious regression estimated from independent panel data (see Phillips and
Moon, 1999). The statistics proposed by Kao (1999) rely on this consistency,
namely on the fact that f— WP* P 1 where ¥ is the long-run average
covariance between the errors driving X;, and those driving Y;, and P s
the long-run average covariance matrix of the X;, values. The presence of
common factors destroys this property and consequently the asymptotic
normality of these estimators and of the statistics relying on this result. For
the case of stationary idiosyncratic components, our findings are similar to the
spurious regression results from time-series analysis. With non-stationary
idiosyncratic components we obtain some mixture of time-series and panel
spurious regression results in the limiting distributions. The tests are
inconsistent when the data have a common factor structure, and size
distortions have to be expected which will increase with N. The nuisance
parameters in the limiting distributions given in Proposition 1 introduced by
the serial correlation in the common factors and idiosyncratic components can
be corrected for non-parametrically, i.e. the composite effect of Opp + y; — T
or Opp + A can be accounted for. However, it is not possible to identify
nuisance parameters associated with the common factors or the idiosyncratic
components individually. So, the covariance of Bra as well as the long-run
average covariance matrix of idiosyncratic stochastic trends, ¥, will in
general remain in the limits. The limit of #; will be the product of V/N, the
limit of (p — 1) and the limit of the standard deviation of (p — 1). Whereas
the standard deviation is positive, the driving factor of the limiting
distribution of (p —1) is [dBpaBjn/ [ BraBj, which has a negative
expected value. Thus, #; can be expected to diverge to —oo.
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3.2. Pedroni (1999)

Pedroni (1999) allows for heterogeneity of the slope coefficient f in the
cointegration relationship (12), which thus becomes f; He proposes
estimating a first-stage regression individually for each panel member to
obtain an estimate of f;,

—1
T T
_ (z w) (ZM&) | (1)
=1 =1

Pedroni (1999) proposes two classes of statistics, namely those based on the
within-dimension denoted as ‘panel’ statistics, and those based on the
between-dimension denoted as ‘group mean’ statistics. For the former group,
the residuals from the first-stage regression, i;, = Y;; — ﬁ X, ., are stacked and
a pooled DF regression is estimated as in equation (13).* The group mean
statistics are based on averages of individual unit-root statistics, derived from

Ait,;,, = (Pi - l)ljli,zfl + vig, (15)

T T -1
(f’z‘ - 1) = (Z Aﬂi,t%,z—l) <Z fli,1> .
t=2 =2

Consider now the panel-rho statistic denoted by Z;

to obtain

wr—1 and the group-mean

rho statistic pr_l given by
N T -1
= (S0 0) (X304) - 09
i=1 t=2
and
N T T -1
=> (Z (At ity ;1 —x)> (Zaﬁ,_l> . (17)
=1 =2 =2
with

)\. =T IZCOSJ Z ;Ui g—s

t=s+1

where v;, are the residuals of the second-stage regression, and J and w,, are
suitable bandwidth and kernel functions, respectively. For these two statistics,
we obtain the following limiting results:

“Note that although the estimated DF equation is the same for Kao (1999) and Pedroni (1999), the
residuals used in the estimation are obtained from individual regressions instead of a pooled one.
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Proposition 2. Given Assumptions 1, 2, 3 and 4:
(A) Consider the model given by equations (1), (2) and (3),

(a) Bi = ()“/11' fBYBX/ /121') (/1'2,- fBXBX/ )»21')71 = f),-A as T — oo,

Zz 1 '1/11”11 fdQFQFLIMIz

> MnL’u J Or QL1 2

dQFQFLU/llz
©) TZ;,—1 = > i )

pur ! i : /LllL/n fQFQan)wl
where

—1
o— ! - (/ W;W;“) (/ W;‘W;“) 73

Wy is a demeaned k-vector standard Brownian motion, and L; is the upper
left element of L, the block triangular decomposition of Q = L'L.
(B) Consider the model given by (1), (2) and (4),

(@) B = (7, [BEBY jn+ [BYBY + 1, [ BLBY + [BYBY i)
x (7 [ BEBY Joi+ [BXBY + i, [ BEBY + [BYBY i)' = by

(b) 75,1 = as T — oo,

as T — oo,

as T — oq,
) 12, :E (1 —bip) (A [dBFB})A, + [dB:B, + A; [dBrB, +deB’A’)( —big)'
prr =l s |(17b,3 (A: [ BrBN, + [B:B,+ A [BrB| + [B:BA)) (1 — byg)
as T — oa,
Aj([dBrBy)A, + [dB:B, + A; [dBrB; + [dB;ByA.)(1 — b;s)’
©) 72 :Z 1— B (A [BrBA, + [BiB,+ A; [BrB, + [BB,A))(1 —byg)’
as T— oo,
Proof. See Appendix. |

For the panel-rho and group-mean-rho statistics, Pedroni (1999, 2004a)
derives asymptotic normality when they are properly standardized. In parti-
cular, VNTZ TZ;,, -1 — VN NO,O7 Uand N72:T Z,, -1 — \/_ N0, are asymptotically
normally distributed for independent panels, Where 0,, 0, and 0, are means of
functionals of Brownian motions (for details, see Pedroni, 2004a). The results
from Proposition 2 indicate that under the DGP we consider, 7' Z; i and
T Zer converge, so that the two test statistics diverge at rate VN
when standardized as above. Furthermore, because of the presence of the

common factors, the individual statistics will not be independent along the
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cross-section, so that the use of a Central Limit Theorem (CLT) to derive
asymptotic normality of the average statistic will be invalid. The result is
similar to that derived by Lyhagen (2000) for the Im—Pesaran—Shin (IPS)
statistics. Moreover, for independent panels the distributions of Z; _; and
Zj,,—1 Will be nuisance parameter-free. For the DGP we consider, this is not
true in general. Although the composite effect of serial correlation in the
common factors and idiosyncratic components can be corrected for non-
parametrically, nuisance parameters coming only from the common factors or
from the idiosyncratic components cannot be identified. So, the limiting
distributions will in general depend on the long-run covariances of the
common and/or idiosyncratic stochastic trends. A special case arises when
there is a single common factor in Y;, and the idiosyncratic components are
stationary. Then, A;;L;; will cancel from the limits given in Proposition 2A(b)
and (c).

IV. A two-step procedure to test for (no-)cointegration in the
presence of common factors

As shown in section III, standard panel tests for the null of no-cointegration
suffer from serious problems when applied to data with a common factor
structure. To tackle the problem we propose a simple approach based on the
Bai and Ng (2004) PANIC methodology.’

A related, albeit different, idea is exploited in the work of Banerjee and
Carrion-i-Silvestre (2006), who assume a factor structure for the disturbance
of a panel static regression model:

Yi,t =o; + ﬂi)(i,t + Uiy
Ui, = 7:F + Eiy,

where F, and E;, are the common factors and the idiosyncratic components,
respectively, that can be either /(1) or /(0). A similar framework is used by
Bai and Kao (2004) for the estimation of a cointegrating relationship in the
presence of common factors. Under some conditions that bound the possible
heterogeneity, this framework leads to panel statistics for the null of no-
cointegration that have the same distribution as panel unit-root tests and hence
are not affected by the number of regressors.®

Consider the simple bivariate DGP (9)~(10)" and address the issue of
no-cointegration at three different levels.

SWagner and Miiller-Fiirstenberger (2004) use similar ideas in an empirical study of the Kuznets
curve.

A similar set-up is retained by Westerlund (2005) who proposes Durbin—Hausman tests for
cointegration in panels.

"The discussion extends to a more general set-up.
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(1) Testing for idiosyncratic component no-cointegration: This would
mean testing the null hypothesis that (E}, — f,E) ~ (1) against
(L, — BEX) ~ 1(0).

(ii) Testing for common factor no-cointegration: This would boil down to
testing the null hypothesis that (F,Y — 0FX) ~ I(1) against (FY — 6F*) ~
1(0).

(iii) Testing for panel no-cointegration: This is testing the null hypothesis
that ¥;, — B:X;, ~ I(1) against Y;, — B,X;, ~ 1(0). Rejecting the null of
no-cointegration requires evidence of idiosyncratic component cointe-
gration with cointegrating vector (1, —f,) as well as of common factor
cointegration with cointegrating vector (1, —f;4,/4;,;) which should
be constant across the individuals 7.

Provided the components have been extracted from the data, case (i) is tested
using standard panel tests for no-cointegration given in equations (16) and
(17). Case (i) can be investigated using standard time-series no-cointegration
tests such as the Johansen rank test. Case (iii) is slightly more problematic
since rejecting the null of panel no-cointegration requires not only factor and
idiosyncratic cointegration, but also cointegrating vector(s) for the factors of
a very specific form. The restrictions between the cointegrating coefficients
result from the common factor structure and from the condition that the left
null spaces of the common factor and idiosyncratic component cointegration
must have a non-empty intersection.

There is however a useful indirect way of addressing this ques-
tion. Consider equation (11) and write (FY — (Bi42.:/71:)FY) = G, and
(E], — BEY) = E7, such that equation (11) becomes:

Y;‘,z - ﬁiXi,z = ;Ll,iGt + Ez*t (18)
which is nothing but the parametrization considered in Banerjee and Carrion-
i-Silvestre (2006). Under this parametrization, (1, —f;4,,/4;;) will be a
cointegrating vector for the common factors if and only if G; ~ 1(0). One may
consequently investigate the hypothesis of panel cointegration using the
approach proposed by these authors.

Now we shall outline a sequential testing procedure based on the factor
structure under equations (1), (2) and (3) or (4) that does not restrict the hetero-
geneity. The approach starts with a decomposition of the data into common
factors and idiosyncratic components as in Bai and Ng (2004). It investigates
the cointegration properties of the extracted factors and components.

Step 1

Conduct a PANIC analysis of each variable X, and Y;, individually to extract
the common factors, e.g. using the principal components approach advocated
by Bai and Ng (2004). Test for unit-roots in both the factors and the
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idiosyncratic components using the Bai and Ng (2004) or the Breitung and
Das (2005) approach.

Step 2

a. If /(1) common factors and /(0) idiosyncratic components are detected,
we face the situation of cross-member cointegration and consequently
the nonstationarity in the panel is entirely due to a reduced number of
common stochastic trends. Cointegration between Y;, and X; , can occur
only if the common factors for Y;, cointegrate with those of X;,. The
null of no-cointegration between these estimated factors can be tested
using a Johansen type of likelihood ratio test for example.

b. If /(1) common factors and /(1) idiosyncratic components are detected,
we carry out step (2a) on the estimated common factors and we will
work with defactored series. In contrast to Banerjee and Carrion-i-
Silvestre (2006), however, who defactor the residuals from a static
regression (11) we defactor separately Y;, and X;,. The defactored Y;,
(e.g. the estimated idiosyncratic components) is simply obtained as

1 t
E:Yt = Z éi),/s = Z(AYAS - ’lll,i]}s)

s=1 s=1
where fs is a consistent factor estimate of f; in equation (2) and ;1’1 B
a consistent estimate of the loading. Testing for no-cointegration
between the defactored data can be conducted using standard panel
tests for no-cointegration such as those of Pedroni (1999, 2004a)

given in equations (16) and (17).

The rejection of no-cointegration between Y;, and X;, occurs only if
the tests for both common factor and idiosyncratic no-cointegration
reject. However, this is a necessary condition. If the three restrictions
mentioned under (iii) hold as well for the cointegrating vectors, panel
cointegration will hold. If the outcome of step (2b) is that both the
common factors and the idiosyncratic components cointegrate one
might want to jointly or sequentially test the restrictions on the
cointegrating vectors. The required tests are not available with the
exception of a homogeneity test on the idiosyncratic component
cointegrating vectors proposed by Pedroni (2004b). Comparing point
estimates of the parameters involved could yield further insight into the
structure of the model. Formal testing of panel no-cointegration could
be done using the Banerjee and Carrion-i-Silvestre (2006) test.

Remark 4. The sequential panel no-cointegration test outlined in steps 1 and 2
is a multiple comparison procedure. Panel no-cointegration is rejected if both
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the hypotheses of common factor no-cointegration and idiosyncratic compo-
nent no-cointegration are rejected and the restrictions between the cointe-
grating vector parameters are not rejected. An approximate test of the joint
hypothesis could use the Bonferroni procedure (see, e.g. Savin, 1980). In a
Monte Carlo simulation, the joint hypothesis test of factor and idiosyncratic
component (no-)cointegration is found to be undersized because of the
idiosyncratic component (no-)cointegration. Its power properties are shown to
be fine. The results are available upon request.

Remark 5. The theoretical justification for this sequential procedure is
analogous to that of the PANIC panel unit-root analysis. As the DGP implies
that all series have a Bai and Ng (2004) representation, we proceed by
analogy with the results derived in Bai and Ng (2004). Provided the number
of common factors is known or consistently selected using one of the
consistent selection procedures discussed in Bai and Ng (2004), then it holds

that
t t
TR el =TTy el 4+ 0p(Chr)
s=2

s=2
where &, is the estimated 1d10syncrat1c component, e}, = AY;; — j’l i AS, fv
cons1stent factor estimate of f;, A, a consistent estlmate of the loading and

Cyr = min(N'/2, T1/2), Consequently,

| Tr|

Ze :>BY ), Vi

where B! (r) is the first element of the (1 + m)-vector Brownian motion B(r).
B! (r) and BJ.Y (r) are uncorrelated Brownian motions for i # j. The same holds
for XX;,. Consequently, standard panel no-cointegration tests derived under the
maintained assumption of independent panel units, such as those proposed by
Pedroni (2004a), can be used on the defactored observations.

Remark 6. This approach requires both large N and T which is one of the
important limitations. Moreover, this approach will have finite sample
properties that can, at best, be close to those observed for the tests when
applied to a panel data set with independent units.

Remark 7. 1f the rank of the long-run covariance matrix of the factors turns
out to be smaller than £, that is if the factors cointegrate, then a further step is
needed to assess overall lack of cointegration between Y;, and X;, No
cointegration then requires separability in cointegration as discussed and
analysed in detail in Hecq er al. (2002).
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V. Some Monte Carlo evidence

The theoretical foundation of the approach proposed in the preceding section
requires both large N and T which is not always met in typical applications of
panel cointegration techniques. A Monte Carlo analysis of some of its finite
sample properties is called for. We focus on the empirical size properties of the
proposed approach, namely testing for no-cointegration using defactored data,
as it was shown that tests designed for cross-sectionally independent data
may suffer from dramatic size distortions when applied to panels with cross-
member cointegration for example as pointed out by Banerjee et al. (2004).
The DGP is a simple bivariate process (i.e. m = 1) with £ = 2 common factors
that obeys the representation (1)—(4).
Zis=NFi+Eiy, Eiy=ey or Eiy=E;j;1+ei,
ey = &y + igi—1,
F=Fka+f, fi=n+Qmn,_,

where ¢;, ~ 1.i.d. N(O, %), n, ~ iid. N, I,). The loading matrix has a
diagonal structure with diagonal elements A, Ao, ~ U[—1, 3], where U
denotes uniform distributions. The remaining parameters are also drawn
from independent uniform distributions to allow for some degree of
heterogeneity: @y, ~ U[0.5, 0.7], @155, ~ U0, 0.5], X, 1122 ~ U[1, 1.4],
1—‘11’22 ~ U[OS, 07], @12’21 ~ U[O, 05] and Zi,12’21 ~ U[O, 02] The sample
size has been setto 7 € {50, 100, 250} and the number of units in the panel is
set to N € {25, 50, 100}. We consider the rejection frequencies based on
1,000 replications® for Kao’s pooled normalized coefficient (the p test) and
pooled ADF test, and Pedroni’s panel-#, panel-p, group-mean ¢ and group-
mean p statistics based on raw data. Furthermore, we consider Pedroni’s panel
p and Pedroni’s group-mean p statistics applied to the defactored data, and
Johansen trace test for the estimated common factors, using the information
criterion of Aznar and Salvador (2002) to select the lag length of the Vector
Error Correction Model (VECM).

For the last two statistics based on the defactored data, we estimate the
number of common factors k using the IC, criterion of Bai and Ng (2002) with
kmax = 4. For the Augmented Dickey—Fuller (ADF)-type tests the lag length
is selected using the Akaike’s Information Criterion (AIC). For the non-
parametric correction for serial correlation, we use a quadratic spectral kernel
with a bandwidth of 3.2173 (see Andrews, 1991).

The two polar cases that we consider in the simulations are the cases
discussed earlier, namely the case of cross-member cointegration in which the
common factors are /(1) and the idiosyncratic components are /(0), and the case
where both common factors and idiosyncratic components are /(1). In addition,

8All experiments are carried out using GAUSS 6.0.
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TABLE 1

k = 2 common factors; non-stationary common factors F, with 1(0) or I(1) idiosyncratic
component E;,

E;; N: 25 50 100 25 50 100 25 50 100
Raw data
T Kao — p* Kao — ADF Pedroni — Panel-p

1(0) 50 0.27 0.32 0.35 0.48 0.50 0.54 0.68 0.90 0.88
100 0.39 0.47 0.49 0.54 0.62 0.62 0.84 0.96 0.95
250 0.52 0.54 0.55 0.64 0.67 0.69 0.93 1.00 0.96

I(1) 50 0.17 0.17 0.23 0.59 0.65 0.69 0.00 0.00 0.00
100 0.23 0.28 0.36 0.63 0.74 0.75 0.02 0.02 0.03
250 0.34 0.39 0.45 0.74 0.81 0.80 0.10 0.08 0.14
T Pedroni — Panel-t Pedroni — Group-p Pedroni — Group-t

1(0) 50 0.76 0.92 0.91 0.33 0.67 0.62 0.52 0.79 0.77
100 0.83 0.96 0.94 0.67 0.94 0.89 0.67 0.89 0.85
250 0.92 0.99 0.95 0.88 1.00 0.94 0.78 0.95 0.88
1(1) 50 0.03 0.02 0.04 0.00 0.00 0.00 0.03 0.02 0.04
100 0.06 0.04 0.08 0.00 0.00 0.01 0.04 0.03 0.06
250 0.13 0.10 0.18 0.02 0.01 0.04 0.07 0.05 0.10

Estimated components

T Idiosyncratic—Panel-p Idiosyncratic — Group-p Aznar/Johansen

1(0) 50 1.00 1.00 1.00 1.00 1.00 1.00 0.12 0.12 0.11
100 1.00 1.00 1.00 1.00 1.00 1.00 0.09 0.11 0.09
250 1.00 1.00 1.00 1.00 1.00 1.00 0.08 0.10 0.08
(1) 50 0.00 0.00 0.00 0.00 0.00 0.00 0.12 0.14 0.12
100 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.12 0.09
250 0.02 0.01 0.00 0.00 0.00 0.00 0.11 0.10 0.09

Note: Rejection frequencies are based on 5% asymptotic critical values.

we consider cases where only the common factors are cointegrated but the
idiosyncratic components are not cointegrated, non-cointegrated common
factors are combined with cointegrated idiosyncratic components, and
cointegration in both the common factors and the idiosyncratic components.
Tables 1 and 2 present simulation results for the five cases with MA(1)
dynamics in the error terms and &£ = 2 common factors, one common factor in
Y;, and one in X;,. Furthermore, the number of common factors is estimated
using the IC; criterion of Bai and Ng (2002) with k., = 4. Note that the
criterion always picks the correct number of common factors. Both Kao test
statistics show strong size distortions when either the common factors or the
idiosyncratic components (or both) cointegrate. The Pedroni tests exhibit very
strong size distortions in the cross-member cointegration case (Table 1). When
non-stationary idiosyncratic components are combined with non-cointegrated
or cointegrated common factors (Tables 1 and 2) size distortions are reduced.
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TABLE 2

k = 2 common factors, cointegration in either F, or E;, or both. NC denotes
no cointegration, C cointegration

F, E, N: 25 50 100 25 50 100 25 50 100

Raw data

T Kao-p* Kao-ADF Pedroni Panel-p

C NC 50 0.18 017 024 055 0.60 065 001 0.00 0.01
100 025 029 039 059 0.69 073 0.07 003 0.11
250 037 040 050 070 0.77 078 0.18 0.10 032

NC C 50 026 028 033 057 060 064 0.05 0.13 0.10
100 036 043 046 062 0.72 072 0.16 039 032
250 046 052 055 071 077 078 031 053 048

C C 50 041 043 047 057 058 061 058 063 0.69
100 050 056 059 060 0.67 069 084 091 097
250 060 0.63 063 069 072 074 096 099 1.00
T Pedroni Panel-t Pedroni Group-p Pedroni Group-t

C NC 50 005 0.03 006 000 000 000 003 002 0.05
100 0.09 006 019 005 0.01 0.10 0.07 0.03 0.15
250 017  0.11 033 025 013 057 019 010 042
NC C 50 0.14 023 023 001 003 003 010 0.17 0.18
100 020 042 038 006 032 018 014 035 029
250 029 052 050 0.21 068 040 024 055 044
C C 50 069 077 084 074 081 091 08 094 0098
100 087 094 098 1.00 1.00 1.00 1.00 1.00 1.00
250 095 098 100 1.00 1.00 1.00 1.00 1.00 1.00

Estimated components

T Idiosyncratic Panel-p Idiosyncratic Group-p ~ Aznar/Johansen

C NC 50 0.00 0.00 000 000 0.00 0.00 061 061 074
100 0.00 000 0.00 0.00 0.00 000 070 078 0.85
250  0.02 000 0.00 0.00 0.00 000 068 085 0.87
NC C 50 092 099 100 094 1.00 1.00 012 0.12 0.11
100 100 100 1.00 1.00 1.00 1.00 0.10 0.11 0.10
250 100 100 1.00 1.00 1.00 1.00 0.09 0.10 0.08
C C 50 098 1.00 100 099 1.00 1.00 067 065 0.75
100 100 1.00 1.00 1.00 100 1.00 0.79 083 0.89
250  1.00 100 1.00 1.00 1.00 1.00 078 0.87 0.92

Notes: If F, is cointegrated, £, = S'_| f¥, FX = F' + fX.If E,, is cointegrated, £, = 3.1, e
EY = E,Y, +eX, where f; and e;, are MA processes generated as described in section V.

52

Rejection frequencies are based on 5% asymptotic critical values.

The tests are even undersized for some combinations of N and 7. When
both the common factors and the idiosyncratic components cointegrate
(Table 2), the Pedroni tests have rejection frequencies of up to 1. However, as
the factor loadings are heterogeneous, panel cointegration is not present (see
the discussion in section IV).
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The tests applied to the estimated idiosyncratic components show rejection
frequencies of (close to) 1 when they are stationary or cointegrated. When the
idiosyncratic components are not cointegrated, the idiosyncratic panel-p and
idiosyncratic group-p tests are undersized. The Aznar/Johansen test applied to
the estimated common factors is slightly oversized when the common factors
do not cointegrate with rejection frequencies between 8% and 15%. When
there is cointegration among the common factors, the test has a power
between 61% and 92%.

We also perform simulations where we have introduced a second factor in
X, such that £ =3 now.” Again estimating the number of common factors
using the IC, criterion of Bai and Ng (2002), we note that the second common
factor of X;, is not picked up.'® Nevertheless, simulation results for the Kao
and Pedroni tests applied to the raw data and the Aznar/Johansen test applied
to the extracted common factors do not change qualitatively compared with
the results obtained for k&= 2. However, the idiosyncratic panel-p and
idiosyncratic group-p applied to the estimated common components exhibit
reduced power when the common components are cointegrated, in particular
when T = 50.

VI. Conclusions

We have considered the problem of testing for (no-)cointegration in panel data
characterized by strong cross-sectional dependencies resulting from common
factors as in the study of Bai and Ng (2004). We focus on two polar cases that
we believe are of empirical relevance.

For both classes of DGPs, we discuss the homogeneity restrictions for the
cointegrating vectors resulting from the presence of common factor cointe-
gration. We study analytically the behaviour of several tests for panel
cointegration including Kao (1999) and Pedroni’s (1999, 2004a) residual-
based panel no-cointegration tests that have been widely used in empirical
work in the recent years. The results complement and help to understand some
of the Monte Carlo results reported by Banerjee et al. (2004), such as the loss
of Gaussian limiting results and occurrence of size distortions resulting from
the presence of cross-sectional dependence.

These observations provide sufficient reason to propose a two-step
procedure for testing for no-cointegration in panels with common factors.
Our procedure is similar in spirit and complementary to the work of Banerjee
and Carrion-i-Silvestre (2006). It has the advantages of covering many sub-
cases of interest and allowing us to get a clear picture of the common and

Tables with the results for these simulations are included in the working paper version of
this paper (Gengenbach et al., 2005).

1%Similarly, the PC; or BIC; criteria from Bai and Ng (2002) only select a single common factor
for X; .
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idiosyncratic components in the panel and about the homogeneity require-
ments for common factor cointegration. The procedure is simple to apply and
makes use of existing tools. Simulation results show the procedure to have
reasonable size properties.

While being attractive due, among other things, to its ease of application
and nice properties, some limitations are inherent in this approach. The
theoretical validity of the proposed procedure, and that of Banerjee and
Carrion-i-Silvestre (2006), relies on both large N and large T which may be
unrealistic for applications with ‘moderate’ N and large 7. The performance of
the proposed procedures, in particular the power properties, in such situations
needs to be further studied even if the size properties reported in the Monte
Carlo section are promising. If a large N analysis is inappropriate for the
problem under study, an alternative could be to adopt the nonlinear
Instrumental Variables (IV) testing approach of Demetrescu and Tarcolea
(2005) or use bootstrapping techniques that seem to work well from an
empirical point of view (see Fachin, 2005). Future work should study the
merits of these alternative approaches both theoretically and empirically.

A second limitation lies in the fact that the approach is residual-based and
hence suffers from the usual critiques against residual-based tests such as the
maintained assumptions of a single cointegrating relationship (if it exists) as
well as the imposition of the common factor restriction. Nothing however
precludes extension of the ideas developed in this paper to other cointegration
techniques that would not suffer from these drawbacks.
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Appendix

Given Assumptions 1-4, we can summarize some convergence results. In the
following lemmas, M is used to denote a generic positive number, not
depending on T'or N. For a matrix A, A > 0 denotes that A is ]positive-deﬁnite.
Furthermore, ||A|| = trace(A’A)2. We write the integral [ B(r) dr as [B,
and fol B(r)B(r)'dr as [BB'. Furthermore, ‘=" denotes weak convergence, and
‘=’ denotes convergence in probability. For any number x, Lx] denotes the
largest integer smaller than x. For any variable X;,,

- 1 &
Xy =Xiy =) X
s=1

Similarly, for any Brownian motion B, B = B — | B. Throughout the paper,
we employ sequential limit theory, where we consider T— oo followed by
N — oo. Furthermore, for non-random factor loadings,

while for random factor loadings A = E(A;), ¥ = E('P;) and A = E(A)).

Lemma 1 presents convergence results for the common data component
AF,. The limiting distributions are functionals of Brownian motions
weighted by the factor loadings, even as N—oo. These results are
intuitive, as we assume a fixed number of common factors. Lemma 2
summarizes the convergence for the idiosyncratic components, where we
recover the panel spurious regression results for Phillips and Moon (1999).
In Lemma 3, the limits for the cross-products of the common and
individual-specific components are given. It is evident that these cross-
products will only affect limiting distributions for finite N, but as N — oo
these effects will vanish because of the independence of the shock driving
F, and E;,.

Lemma 1: Common component. Given Assumptions 1, 2 and 4,
(a) %XT:IAiftF/lA; = Ai([dBrBj + ®)A, as T—oc,
P
and %ivle,-(deFB’F + O)A; 2 JdBpAByp + Opp  as N — oo,
i=
(b) & i AFF/A; = A{([BrBp)A; as T — oo,
=

N
and %;Ai(fBFB%)A; 5 | BpaBj:, as N — oo,
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r ~ ~
(c) %Z AifiF_ A = Ai([dBpB): + ®)A; as T — oo,
=1
N ~ ~
and > Ai([dBrB + ©)A; L [ dBpaByp + Opp  as N — oo,
i=1

!/
as T — oo,

r ~ = ~ o~
) &> AEFA; = Ai( [ BrBj)A
t=1
N ~ = ~ ~
and  >° Ai([ BrBp)A; L [BraB,, as N — oo,
i=1

where

Vec</ dBp,\B}A) = /dBpB}>, vec(@py) = A vec(0),

VCC</ BFAB}?A> = C( BFB;?>7
Vec</ dBFABFA> Avec< dBFB}> and vec (/ BFAB},A>
N

. - - 1
:Avec</BpB}> and A =p lim NZ(Ai®Ai)'

N—o0 pa

Lemma 2: Idiosyncratic components. Given Assumption 3,
T
(a) %Zehl‘gz{,t—l = (deiB;- + Al') as T — oo,
=1
N
and v 3 ([ dB:B} + &) 2 A as N — oo,
(b) T2 ZSI tS/ = fB,B; as T — oo,
and NZ:]IBIB;A%\P aSN—>OO,
i=
(C) Tzell ijt—1 = (deBI—FA) as T—>OO,
and NZ(deB’—i—A) = —1¥+A asN — o,
T ~ ~ ~ o~
(@) %ZSMS,{J = [BB as T — o,
=1

N ~ o~
and %;[B[B; LIy as N — oo
1=
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Lemma 3. Given Assumptions 1, 2, 3 and 4
(a) %XT:]A,-F,_IeQJ = A; [Br dB, as T — o,
P
and ]iviV:A,-fBF dB; 2.0 as N — oo,
(b) TZA,f, i , = A; [dBpB] as T — oo,
and %;A,-deFB; 2,0 as N — oo,
(©) %i/\iFtS;J = A; [BrB, as T — oo,
P
and %gleiprB; 20 as N — oo,
(d) %éAiﬁ}le;l = A; [BrdB, as T — oo,

N -
and %ZAifBFdB; 20 as N — o0,

i=1

~

(e) 1TX:AF, 18, = A; [BpdB, as T — oo,

and]iVZAifBFdB§—>0 as N — oo,
(f)TZAzﬁ ,1:>AdepB’ as T — 00,
and %;A,-deFB’;iO as N — oo,
© F Y AFS, = A BB asT—ox,

=

N - .
and ¥ > A; [ BrB, 20 as N — oo
-1

709

The proofs of Lemma 1-3 are omitted here. They are included in the

working paper version of this article (Gengenbach et al., 2005).

Proof of Proposition 1(a): convergence of ﬁ

The LSDV estimator of f is given by

i=1 t=1

- (S8 (S )
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Consider the numerator
T
Z Z Y X, = Z > (4F FY o + ELEY + M FVEY + ELFY D).
i=1 =1 i=1 =1

(19)
If the idiosyncratic term is given by equation (3), we have

ZNXOp(Tz) + 0p(T) + Op(T) + 0,(T))

i=1

in equation (19). So, as T— o,

ZTzz YiXi, = Zﬂbn/égéflizi

from the first result of Lemma 1(d). Now, using the second result we obtain

N
]lvz o / BYBY i L / BIBY as N — oo,
where [BY, B}, is the 1 x m upper right block of [BpaB}., defined in
Lemma 1.

If the idiosyncratic terms are also (1), such that the DGP includes equation
(4), all terms in equation (19) are O,(T %) when summed over 7. However, the
cross-products of the common factors and idiosyncratic components will
vanish in the limit as N — oo. Using Lemmas 1(d), 2(d) and 3(g) we find as
T — oo followed by N — oo,

1N 1 v
NZWZKIX/t:/Bf{A A 6‘PYX
i=1 P

where W' is the upper right 1 X m block of V.
Now the denominator of f§ is given by

N T
SN XX, = Z > UGF Y joy + ENES + 25, FEY + ESFY D).
i=1 t=1 i=1 t=1

(20)

Similar to the results for the numerator, the terms in equation (20) are
N

3" (0p(T?) + 0,(T) + Oy(T) + Oy(T)),

i=1

if the DGP contains equation (3). Hence,
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N r
Z%Z}?tX’t:Z/Lzl/BXBXﬂZ, as T — oo.
=1 =

Furthermore, the remaining term is O,(N), and we obtain

_ZTZZX” :>/B)I‘{A~FA/ as ' — o0

followed by N — oo, where [Bf, B}’ is the lower right m x m block of
f Br ABFA

If the true DGP contains equation (4), all terms in the summation over 7 in
equation (20) are OP(TQ) and as above, the cross-products between common
and idiosyncratic components will vanish in the cross-sectional average as
N — 00. We find as T— oo followed by N — oo,

O 1
_ZTz ZX” :>/B)F(AB)F(A,+ETXX7

where W is the lower right m x m block of .
Combining the results given above yields Proposition 1A(a) and B(a). B

Proof of Proposition 1(b): convergence of p

The remduals from the first-stage PLS regression are given by u;; =
(1, —ﬁ)Zm = ﬁX,t For the pooled regression given in equation (13)
we have

N T
(1= (ZZ( - PA%Z, (1 —B>’>
X (ZZ(I —ﬁ)Z,,_lZﬂt_l(l —B)/> . (21)

For the numerator consider

N T
NN Az.z), I—ZZ (ASfiF| | A+ AELE], | +ASE,, | +AE;F| |A).
i=1 t=2

i=1 =2
(22)

From Lemma 1(c),
QLA - 5
NY AN [t s on a7 o
=1 " =2
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followed by N — oo. If the idiosyncratic terms are /(0), i.e. the true DGP is
given by equation (3),

N T
! =/
E E AE tE = 5 ezt €ir—1 e, —1 (ell €, tfl)el')7
i=1 =2
where
1 ZT
e[ - = e[7t.
T =1
Now,
/ P T
T €€, 1 V1 as il — 00,
=2
with

1S 1S,
Vnzrlggo;;E(ei,zeﬁ,,_l), and N;vﬂ—m as N — oo,

with y; = E(y,;1). Moreover,

T
1 p
7 E e, —Y; as T — oo

=2
and
1 N
NZY,-LY as N — oo.
Furthermore,
?Z eie,—0 and ?; eir-1€, 20 as T — .
Hence,

N T
Z z ztEnl_’Vl Y as 7T — oo
i=1 ' =2

followed by N — oo.
For the third term in equation (22) we have as T — o0,

T
—ZAzfr = 7 Ml - ZAzﬁ" =
t:2
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Finally, as 7'— oo,

1 1< P
_ZAE”F’ A= e,TF; N = e N ==Y e f] A0,

=2

Hence, as T— oo followed by N — oo,

1 L1 <&
VY5> A%Z, = [ BBy Ora ko - Y,
= t=2

i=1

If the idiosyncratic components are /(1) and their true DGP includes
equation (4), such that AE;, = e;,and E;;_; = S; 1, using Lemmas 1(c), 2(c)
and 3(d) and 3(f), we obtain as 7— oo followed by N — oo,

11 N i |
Nz? > A%z, = /dBFABFA + O —5 ¥+ A
i=1 =2
For the denominator in equation (21) consider

N
i=1 t

T

2112, 1—22 (AiF1F_ A+ E B},
=2 i=1 =2

+ Aiﬁtflifﬁ,z—l + Ei,tflﬁzl—lA;)- (23)

If the idiosyncratic components are given by equation (3), we find,

1N 1
NZFZZ” 1z, 1:>/BFABFA as T — oo
i=1 t=

followed by N — o0.
For I(1) idiosyncratic components given by equation (4), we find using
Lemmas 1(d), 2(d) and 3(g)

1L 1 1
N;thz” 1z, l:>/BpABFA+6‘P

as T— oo followed by N — co. Combining the above given results with those
of A(a) or B(a) yields Proposition 1A(b) and B(b). |

Proof of Proposition 1(c): divergence of 7;
The #-statistic for p = 1 is given by
N T 2
~ -1 ~2
= (p=1s (2D i ]
i=1 =2

where
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2

N 1T
—Z Z Au .+ Oy( )
p

As
N 1T

N T
%Z%ZA@ = %Z?Z(l — B)AZ;,AZ], (1 - P,

which is O,(1) whether the 1d10syncratlc cornponents are 1(0) or I(1), s* is
O,(1). Furthermore, T(p — 1) and NZ; 172 LN, 1,y are Oy(1) as

well whether E;, is given by equations (3) or (4), as shown above. Hence,
1
2

lp—\/—T ( ZT2Zult U ,t 1) :\/NOP(I),

which diverges at rate /N as T— oo followed by N — oo. |

Proof of Proposition 2(a): convergence of Ei

For each panel unit 7, the estimator of f3; is given by

LUt

T
S VXL =D NFE iy + ELEY, + 1 FEY + ELFY ). (24)
t=1

If the idiosyncratic term is given by equation (3), we have Op(Tz) +
O,(T) + O,(T) + O,(T) in equation (24). So, as T— oo,

TZZY,X’ =, / BYBY Jy;

from the first result of Lemma 1(d).

If the idiosyncratic terms are also /(1), such that the DGP includes equation
(4), all terms in equation (24) are OP(TZ) when summed over 7. Using
Lemmas 1(d), 2(d) and 3(g), we find as 7T — oo,

1 & — - — o
Tkl (4 BB [ BB, (BB [ BB )
=1
Now the denominator of B,- is given by
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T T
fo Xy =Y (B F ooy + ENEY + Y EY + ELF ). (25)
=1 =1

Similar to the results for the numerator, the terms in equation (25)
are Op(T2)+ O,(T) + O,(T) + O(T), if the DGP contains equation (3).
Hence,

| A e
FE X X!, = X / BYBY dyi as T — oo.
t=1

If the true DGP contains equation (4), all terms in equation (25) are Op(Tz)
and we have, as T — oo,

| AN e e ~va
B = (4 [ BB BB, [ BB BB )
=1

Combining the results given above yields Proposition 2A(a) and B(a). l

Proposition 2(b): convergence of Z, _; and Z; 1

The residuals from the individual first-stage regression are given by u;, =

(1, —ﬁ VZis = ﬁXl, Consider first
T T 3 ) 3
ZAili‘,tﬁi.tfl = Z(la _ﬁi)AZiJZz{,tfl(l? _ﬁi)l' (26)
t=2 t=2
Now,
T ) T ) .
N AZLZ, = (Aifi+ AE) (Ao + Eigy)
=2 t=2
T ~ ~ ~ ~
(AfiF A+ AELE]_ + AfiE],_ + AEF_(A).
=2

(27)

From Lemma 1(c),
I, - .
?;A,f,F,_lA; = /A,.(dBFBF +O)A, as T — oc.

If the idiosyncratic terms are /(0), i.e. the true DGP is given by equation (3),
T

T
Z AEi,zE;J,l = Z ((ei,t - ei,tfl)eat,l - (ei,t - ei,tfl)éi);
t=2
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where
_ 1
e — — E €it-
=
Now,
I , »
T E :ei,tei,t—l — 7 as T — oo,
=2
with
1
Y = lim — E E(eiseis—1).
T—oo T 4
i=1
Moreover,
1 & »
- e, €, =Y, as T — oo.
T y it—1
=2
Furthermore,
1< P 1< P
TE eie;—0 and TE eir18,—0 as T — oo.
=2 =2
Hence,

1< 5
?ZAEi,tE;,tfl Loy — Yo as T — oo
=2
For the third term in equation (27) we have, as T— oo,
1 <& - 1 <& 1< )
? Z AiﬁEl/',tfl = ? Z Aiﬁ€;’t71 - ? Z Alfté; — 0.
1=2 =2 =2
Finally, as T — oo,

1 <& _ _ 1
fz AE; F_ | A; = —eirFr N

1 . 1 & »
- ——ei 1 FIN — = o f A =0,
= T Te71 1 T;eat lféfl l—>

Hence, as T— oo,

1 <& - -
?Z AZi,tZl{Jf] = A; (/ dBrBr + ®> A; + 94 — Y.
t=2
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If the idiosyncratic components are /(1) and their true DGP includes
equation (4), such that AE;, = e;,and E;;_; = S; 1, using Lemmas 1(c), 2(c)
and 3(d) and 3(f), we obtain, as 7 — oo,

1 <& _ - -
t=2

+ / dB,-B’FA;> :

Furthermore, note that the residuals 0;, = Ai;; + 0,(1) regardless of
whether they were obtained from the poooled regression equation (13) or the
individual regression equation (15). Now,

k = T_lzwsj Z ;Ui s—s

t=s+1

=71 Ing Z AUnAuzt v‘i’op( )

t=s+1
T ~ ~
=7 ng.] Z _ﬁi)AthAZIIt (1, =B) +op(1).
t=s+1
Expanding AZZ ,AZ _, 1n terms of the common factors and unobserved
components we obtaln the following four terms and convergence results for
suitable choices of bandwidth J and kernel function w,;. First,

T Zwsj Z Aififl N5 AQA., (28)
t=s+1
Next,
IZW Z AifiAE],_ = (29)
t=s+1
and

]ZwSJZAE,,”S 250, (30)

t=s+1

because of the independence of common factors and idiosyncratic com-
ponents. Finally,

R .
T—I Ea)&] Z AEI tAE —)TILII;IO?;E(QI'JE,'J), (31)

t=s+1
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which is y;; — Y; if the idiosyncratic components are stationary, and A, if they
are 1(1).
Now consider

T T
> Nty =Y (1, =B)AZZ;, (1, =B, (32)
=2 =2

We have

T B _ T ~ ~ ~ ~
Z i-f*IZt{.,t—l = Z (AiF;letl_lA; + E,'J,]E;’[_l
=2 =2

+ Aiﬁ;*lgaz—l + Ei,zflﬁ;/_lA;)- (33)

If the idiosyncratic components are given by equation (3), when summed over T’
the first term in equation (33) is OP(TZ), while the remaining three are O,(7). So,

1 &<y - -
EZZZ-J,J;_H = A / BrB.A, as T — oo.
t=2

For I(1) idiosyncratic components given by equation (4), we find using
Lemmas 1(d), 2(d) and 3(g), as 7 — o,

I &<y - I - S -
ﬁZZ,,,,lzi’y,fl = <A,~ / BrB A, + / BB, + A, / BrB, + / BiB;A;)
t=2

We use the block-triangular decomposition of the long-run covariance
matrix of the common non-stationzq‘y factors Q, such] that Q = L'L with
L]] = Q]] — Q/21Q2_21921)%, L21 = Qz_ziﬂy, and L22 = ng, where blocks are
conformable to the partition of Br = (BY', BX'). Note that Q,, >0 by
Assumption 1.

Now, By = L'Wy, where Wy is a demeaned k-vector standard Brownian
motion. Furthermore, denote

-1
=t = (1 (L) (fr) )

Then,
LA;T]I = KL11/111‘ and T];EF = /llll-L/HQF,
with
-1
O = 7 — ( / WW;«) ( / Wgwg') 73
Finally,
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[ BB = 4ty [ 400 L,
and
W [ Bebin = AL, [ 0rQiii

Combining the above given results with those of A(a) or B(a) yields the
convergence results for Z; 1 and Z; ;. ]
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