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Abstract

This paper studies estimation of panel cointegration models with cross-sectional dependence
generated by unobserved global stochastic trends. The standard least squares estimator is, in
general, inconsistent owing to the spuriousness induced by the unobservable I(1) trends. We
propose two iterative procedures that jointly estimate the slope parameters and the stochastic
trends. The resulting estimators are referred to respectively as CupBC (continuously-updated
and bias-corrected) and the CupFM (continuously-updated and fully-modified) estimators. We
establish their consistency and derive their limiting distributions. Both are asymptotically
unbiased and asymptotically normal and permit inference to be conducted using standard test
statistics. The estimators are also valid when there are mixed stationary and non-stationary
factors, as well as when the factors are all stationary.
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1 Introduction

This paper is concerned with estimating panel cointegration models using a large panel of data. Our
focus is on estimating the slope parameters of the non-stationary regressors when the cross sections
share common sources of non-stationary variation in the form of global stochastic trends. The
standard least squares estimator is either inconsistent or has a slower convergence rate. We provide
a framework for estimation and inference. We propose two iterative procedures that estimate the
latent common trends (hereafter factors) and the slope parameters jointly. The estimators are \/nT
consistent and asymptotically mixed normal. As such, inference can be made using standard ¢ and
Wald tests. The estimators are also valid when some or all of the common factors are stationary,
and when some of the observed regressors are stationary.

Panel data have long been used to study and test economic hypotheses. Panel data bring
in information from two dimensions to permit analysis that would otherwise be inefficient, if not
impossible, with time series or cross-sectional data alone. A new development in recent years is
the use of ‘large dimensional panels’, meaning that the sample size in the time series (7") and the
cross-section (n) dimensions are both large. This is in contrast to traditional panels in which we
have data of many units over a short time span, or of a few variables over a long horizon. Many
researchers have come up with new ideas to exploit the rich information in large panels However,
large panels also raise econometric issues of their own. In this analysis, we tackle two of these
issues: the data (y;,x;+) are non stationary, and the structural errors e;; = y;; — x;tﬁ are neither
iid across ¢ nor over t. Instead, they are cross-sectionally dependent and strongly persistent and
possibly non-stationary. In addition, e;; are also correlated with the explanatory variables x;;.
These problems are dealt with by putting a factor structure on e;; and modelling the factor process
explicitly.

The presence of common sources of non-stationarity leads naturally to the concept of cointegra-
tion. In a small panel made up of individually I(1) (or unit root) processes y; and x;, where small
means that the dimension of y; plus the dimension of z; is treated as fixed in asymptotic analysis,
cointegration as defined in Engle and Granger (1986) means that there exists a cointegrating vector,
(1 — /'), such that the linear combinations y; — x}/3 are stationary, or are an I(0) processes. In a
panel data model specified by y;; = @}, 5 + e;x where y;; and x;; are I(1) processes, and that e;; are
iid across ¢, cointegration is said to hold if e; are ‘jointly’ I(0), or in other words, (1, —/) is the

common cointegrating vector between y;; and x; for all n units. A large literature panel cointe-

!See, for example, Baltagi (2005), Hsiao (2003), Pesaran and Smith (1995), Kao (1999), and Moon and Phillips
(2000, 2004) in the context of testing the unit root hypothesis using panel data. Stock and Watson (2002) suggest
diffusion-index forecasting, while Bernanke and Boivin (2003) suggest new formulations of vector autoregressions to
exploit the information in large panels.



gration already existsH for modelling panel cointegration when e;; is cross-sectionally independent.
A serious drawback of panel cointegration models with cross-section independence is that there is
no role for common shocks, which, in theory should be the underlying source of comovement in
the cross-section units. Failure to account for common shocks can potentially invalidate estimation
and inference of ﬁH In view of this, more recent work has allowed for cross-sectional dependence of
e;+ when testing for the null hypothesis of panel CointegrationH There is also a growing literature
on panel unit root tests with cross-sectional dependence

In this paper, we consider estimation and inference of parameters in a panel model with cross-
sectional dependence in the form of common stochastic trends. The framework we adopt is that
ei+ has a common component and a stationary idiosyncratic component. That is, e;; = \;Fy + gy,
so that panel cointegration holds when u; = y;; — Bx; — \;F; is jointly stationary. A regression
of y; on x; will give a consistent estimator for § when F} is 1(0). We focus on estimation and
inference about 8 when F; is non-stationary. Empirical studies suggest the relevance of such a
setup. Holly, Pesaran and Yamagata (2006) analyzed the relationship between real housing prices
and real income at state level, allowing for unobservable common factors. They found evidence
of cointegration after controlling for common factors and additional spatial correlations. Some
economic models lead naturally to this set up. Consider a panel of industry data on output, factor
inputs such as capital, and labor. Neoclassical production function suggests that log output w;; is
linear in log factor inputs x;; and log productivity e;;. Decomposing the latent e;; into the industry
wide component F}; and an industry specific component u;; and assuming that F} is the source of
non-stationarity leads to a model with latent common trends. In such a case, a regression of y;; on
x;; is spurious since e;; is not only cross-sectionally correlated, but also non-stationary.

We deal with the problem by treating the common I(1) variables as parameters. These are
estimated jointly with 2 using an iterated procedure. The procedure is shown to yield a consistent
estimator of 3, but the estimator is asymptotically biased. We then construct two estimators to
account for the bias arising from endogeneity and serial correlation so as to re-center the limiting

distribution around zero. The first, denoted CupBC, estimates the asymptotic bias directly. The

2See, for example, Phillips and Moon (1999) and Kao (1999). Recent surveys can be found in Baltagi and Kao
(2000) and Breitung and Pesaran (2005).

3 Andrews (2005) showed that cross-section dependence induced by common shocks can yield inconsistent estimates.
Andrews’ argument is made in the context of a single cross section and for stationary regressors and errors. For a
single cross section, not much can be done about common shocks. But for panel data, we can explore the common
shocks to yield consistent procedures.

4See, for example, Phillips and Sul (2003), Gengenbach et al. (2005b), and Westerlund (2006).

For example, Chang (2002,2004), Choi (2006), Moon and Perron (2004), Breitung and Das (2005), Gengenbach
et al. (2005a), and Westerlund and Edgerton (2006). Breitung and Pesaran (2005) provide additional references in
their survey.



second, denoted CupFM, modifies the data so that the limiting distribution does not depend on
nuisance parameters. Both are ‘continuously updated’ (Cup) procedures and require iteration till
convergence. The estimators are \/nT consistent for the common slope coefficient vector, 3. The
estimators enable use of standard test statistics such as ¢, F', and x? for inference. The estimators
are robust to mixed I(1)/I(0) factors, as well as mixed I(1)/I(0) regressors. Thus, our approach
is an alternative to the solution proposed in Bai and Kao (2006) for stationary factors. As we
argue below, the Cup estimators have some advantages that make an analysis of their properties
interesting in its own right.

The rest of the paper is organized as follows. Section 2 describes the basic model of panel coin-
tegration with unobservable common stochastic trends. Section 3 develops the asymptotic theory
for the continuously-updated and fully-modified estimators. Section 4 examines issues related to
incidental trends, mixed I(0)/I(1) regressors and mixed I(0)/I(1) common shocks, and issues of
testing cross-sectional independence. Section 5 presents Monte Carlo results to illustrate the finite
sample properties of the proposed estimators. Section 6 provides a brief conclusion. The appendix

contains the technical materials.
2 The Model

Consider the model
yit = 25,0 + et

where for i =1,...,n,t=1,...,T, y; is a scalar,
Tit = Tit—1 + Eit- (1)

is a set of k non-stationary regressors, 3 is a k x 1 vector of the common slope parameters, and e;;
is the regression error. Suppose e;; is stationary and iid across ¢. Then it is easy to show that the

pooled least squares estimator of J defined by

A n T , 1o
Brs = (Z Z xitl‘it> Z Z TitYit (2)

i=1 t=1 i=1 t=1

is, in general, T' consistentH Similar to the case of time series regression considered by Phillips and
Hansen (1990), the limiting distribution is shifted away from zero due to an asymptotic bias induced
by the long run correlation between e;; and ;. The exception is when x;; is strictly exogenous, in

which case the estimator is /nT consistent. The asymptotic bias can be estimated, and a panel

5The estimator can be regarded as /nT consistent but with a bias of order O(y/n). Up to the bias, the estimator
is also asymptotically mixed normal.



fully-modified estimator can be developed along the lines of Phillips and Hansen (1990) to achieve
v/nT consistency and asymptotic normality.

The cross-section independence assumption is restrictive and difficult to justify when the data
under investigation are economic time series. In view of comovements of economic variables and
common shocks, we model the cross-section dependence by imposing a factor structure on e;;. That
is,

eit = NiFy + uy
where F; is a r x 1 vector of latent common factors, \; is a r x 1 vector of factor loadings and wu;; is
the idiosyncratic error. If F; and u;; are both stationary, then e;; is also stationary. In this case, a
consistent estimator of the regression coefficients can still be obtained even when the cross-section
dependence is ignored, just like the fact that simultaneity bias is of second order in the fixed n
cointegration framework. Using this property, Bai and Kao (2006) considered a two-step fully
modified estimator (2sFM). In the first step, pooled OLS is used to obtain a consistent estimate
of 3. The residuals are then used to construct a fully-modified (FM) estimator along the line of
Phillips and Hansen (1990). Essentially, nuisance parameters induced by cross-section correlation
are dealt with just like serial correlation by suitable estimation of the long-run covariance matrices.
The 2sFM treats the I(0) common shocks as part of the error processes. However, an alternative

estimator can be developed by rewriting the regression model as
Yit = 30 + N Fy + g (3)

Moving F; from the error term to the regression function (treated as parameters) is desirable for
the following reason. If some components of x;; are actually 1(0), treating F; as part of error process
will yield an inconsistent estimate for § when F; and x; are correlated. The simultaneity bias is
now of the same order as the convergence rate of the coefficient estimates on the I(0) regressors.
Estimating 3 from (3] with F' being I(0) was suggested in Bai and Kao (2006), but its theory was
not explored.

When F; is I(1), which is the primary focus of this paper, there is an important difference
between estimating 5 from (3)) versus pooled OLS in (2)) because the latter is no longer valid. More
precisely, if

Fr=F_1+mn

then e; is I(1) and pooled OLS in (2) is, in general, not consistent. To see this, consider the

following data generating process for x;;

iy = TiF} + & (4)



with §;; being I(1) such that &; = &;_; + (;;. For simplicity, assume there is a single factor. It
follows that z;; is I(1) and can be written as (Il) with e = 7,1, + ;. The pooled OLS can be

written as ) ) . )
n
(ﬁ D e Ti)‘i)(ﬁ Y1 FY)
1 T
T2 2?21 Zt:1 x?t

If 7; and A; are correlated, or when they have non-zero means, the first term on the right hand side

BLS —-p= +Op(n_1/2) +OP(T_1)

is Op(1), implying inconsistency of the pooled OLS. The best convergence rate is v/n when z; and
F,; are independent random walks. The problem arises because as seen from (3)), we now have a
panel model with non-stationary regressors x;; and F;, and in which w;; is stationary by assumption.
This means that y;; conintegrates with x;; and F; with cointegrating vector (1, —3’, \;). Omitting
F; creates a spurious regression problem. It is worth noting that the cointegrating vector varies
with ¢ because the factor loading is unit specific. Estimation of the parameter of interest § involves
a new methodology because F' is unobservable.

In the rest of the paper, we will show how to obtain \/nT consistent and asymptotically normal
estimates of 5 when the data generating process is characterized by (B]) assuming that z; and
F; are both I(1), and that z;;, F}; and u; are potentially correlated. We will refer to F; as the
global stochastic trends since they are shared by each cross-sectional unit. Hereafter, we write
the integral fol W(s)ds as f W when there is no ambiguity. We define 92 to be any matrix
such that Q = (Ql/ 2) (Ql/ 2),, and BM (£2) to denote Brownian motion with the covariance matrix
Q. We use ||A]| to denote (tr(A’A))Y/2, 2, to denote convergence in distribution, —— to denote
convergence in probability, [x] to denote the largest integer less than or equal to . We let M < oo
be a generic positive number, not depending on T or n. We also define the matrix that projects
onto the orthogonal space of z as M, = It — 2 (z’z)_l 2. We will use 8%, F?, and \? to denote
the true common slope parameters, true common trends, and the true factor loading coefficients.

Denote (n,T) — oo as the joint limit. Denote (n,T).  — oo as the sequential limit, i.e., T — oo

seq
first and n — oo later. We use M N (0, V') to denote a mixed normal distribution with variance V.

Our analysis is based on the following assumptions.
Assumption 1 Factors and Loadings:

(a) E H)\?H4 <M. Asn — oo, 1370 AN 253y ar x o diagonal matriz.

n

(b) E|n,||*° < M for some § > 0 and for allt. As T — oo, % S FYRY 4, anB,;, arxr
random matriz, where B, is a vector of Brownian motions with covariance matriz €,, which

s a positive definite matriz.



/

Assumption 2 Let wy = (uit, E;t,n;) . For each i, wy = I;(L)vy = Z;io IL;jvi—; where vy
is i.d.d. over t, 3 22, j% ||| < M, for some a > 1, and [II;(1)] > ¢ > 0 for all i. In addition,
Evi =0, E(vivl,) =X, >0, and Eljvi|® < M < co.

Assumption 3 Weak cross-sectional correlation and heterokedasticity

(a) E (uiujs) = Oijis, |Oijes| < Ti5 for all (t,s) and |oijs| < Tes for all (i,7) such that (i)

LSRG S M, (ii) #3 y Tes < M, and (i) 2530 2 oijas < M.
4
(b) For every (t,s), E ‘% Yo (uisuie — E (wisuir)]] < M.
() 777 Ltusu 2oz €0V (wirttis, wjuugo)l < M and o 3, 325 g leov (uirujs, uputs)| < M.
Assumption 4 {z;;, F? are not cointegrated.
¢

Assumption [Il is standard in the panel factor literature. Assumption Bl allows for limited time
series and cross-sectional dependence in the error term, u;;. Heteroskedasticity in both time series
and cross-sectional dimensions for u;; is allowed as well. The assumption that 2, is positive definite
rules out cointegration among the components of F?'. Assumption @ also rules out the cointegration
between z;; and Fto.

Assumption 2limplies that a multivariate invariance principle for w;; holds, i.e., the partial sum

process ﬁ Zgl wyy satisfies:

7]
1 d .
— E wip — B (1) = B(Q;) as T — oo for all i,
VT =

where

Bi=[B, B, B,].

The long-run covariance matrix of {w;} is given by

00 Quz Quai Qum’
Q; = Z E (wiow;j) = | Qewi Qi Qe (5)
j=—00 Qnui Qnai QU

are partitioned conformably with w;;. Define the one-sided long-run covariance

[e'¢) Auz Auai Auni
Az’ = Z E (wiowij) = Aem’ Asi Asm' . (6)
J=0 Anui Anai An



For future reference, it will be convenient to group elements corresponding to £ and 7, taken

together. Let

By=[B, B, = [ i Ly } :

Qnei Qn

[

where [ V; W, ], = BM (I) is a standardized Brownian motion and

Then B; can be rewritten as

1/2 —1/2
B, = Bui — Qu(bz’ Qupitly, /
‘ By 0 Q;Z/ 2

Qu.bi = Quz - Qubin_Z'lQbui

is the long-run conditional variance of u;; given (Aaz;t, A FtOI)/. Note that 2p; > 0 since we assume
that there is no cointegration relationship in (.T;ta Ftol)l in Assumption [l
Finally, we state an additional assumption, which is needed when deriving the limiting distri-

bution but is not needed for consistency of the proposed estimators.
Assumption 5 The idiosyncratic errors u; are cross-sectionally independent.
3 Estimation

In this section, we first consider the problem of estimating 8 when F' is observed. We then consider
two iterative procedures that jointly estimate 8 and F'. The procedures yield two estimators that
are \/nT consistent and asymptotically normal. These estimators, denoted CupBC and CupFM,

are presented in subsections 3.2 and 3.3.

3.1 Estimation when F' is observed

The true model (@) in vector form, is

Yi = l‘iﬁo +FO)\? + u;

where ) )
Vi1 T Fi Us1
/ !
Yi2 Tyn F Uj2
Yi = ) , Ty = i I = ) U =
! !
YiT Tip Fr Ui

Define A = (A, .., )\n), to be an a n x r matrix. In matrix notation

y=Xp3"+ FOAY +u.



Given data y, x, and F°, the least squares objective function is

n

SO (B,8) = (y— @i — FON) (y — 28— FON)).

=1

After concentrating out A, the least squares estimator for 3 is then

n -1 n
Brg = (Z QJZ-MFOZL‘Z) Z:EZMFO:UZ
i=1 i=1

The least squares estimator has the following propertiesH

Proposition 1 Under Assumptions 1-5, as (n,T)Seq — 00

VnT (BLS - ﬁo) — /el 4 MN (0,2°)

where

0 _
¢nT -

% i :L“;Mpoaci] h [% i 99] (7)
20 = [gggonzszubz (/QQIC>]D‘ (8)

and with C' being the o-field generated by {F;},
D = lim lEYL:E /Q'Q’-|C’
nmeen i -

Q = Bu- ( / BEZ-B;> ( / BUB;>_IBW

1
60 = TxiMFoAbiQ;Qbm (N — 5 A+ )

eut

69 = (FYFOY'FY2;, Ab;=( Az; AF°)

+
AT — Al — ( Apui Ay ) Iy, = Apui — DNy Qi
bui A;;_u UL 7 _Qb_ilQbui UL 19 4hg UL

The estimator is y/nT consistent if ¢2T = 0, which occurs when z; is strictly exogenous.
Otherwise, the estimator is T' consistent as there is an asymptotic bias given by the term \/ﬁqb%T.
This is an average of individual biases that are data specific as seen from the definition of 9.
The individual biases arise from the contemporaneous and low frequency correlations between the

regression error and the innovations of the I(1) regressors as given by terms such as Qp,; and Ayy;.

"The limiting distribution for F' being I(0) can also be obtained. Park and Phillips (1988) provide the limiting
theory with mixed I(1) and I(0) regressors in a single equation framework.



To estimate the bias, we need to consistently estimate the nuisance parameters. We use a kernel

estimator. Let

T—-1 ]
QZ = ‘ w <E> Fz (]) s
j=T+1
. -1 i\ -
§=0
o 1
Li(j) = T it+5 Wit
t=1

where Wi = (i, Azly, AFY). To state the asymptotic theory for the bias-corrected estimator, we

need the following assumption, as used in Moon and Perron (2004):
Assumption 6 (a) linQ inf (logT/logn) > 1.
n,T'—o0

(b) the kernel functionw (-) : R — [—1,1] satisfies (i) w (0) =1, w (z) = w (—z), (i) f_llw (z)*dz <

oo and with Parzen’s exponent q € (0,00) such that lim 1‘|;|§"””> < 00.

(c) The bandwidth parameter K satisfies K «~ n® and % < b < liminf 113?5 -1

Let

—1
-0 1w 1
b = WinMFoxi] 6

i=1

A~

where 0" = % Sy 0;, 0; is a consistent estimate of 69. The resulting bias-corrected estimator is

1 -0

Brspe = Brs — T%T- 9)

This estimator can alternatively be written as
" n -1 n
Busen = (D ateos ) 3 (it -7 (85, 1241)) (10
i=1 i=1
where §+ and A" are consistent estimates of y™ and A* ete, with

Ax; Ax;

1 t -1 t

y:; = Yit — Qubini < AFfto > U:t_ = Uit — Qubini < AFio >

Viewed in this light, the bias-corrected estimator is also a panel fully-modified estimator in the spirit
of Phillips and Hansen (1990), and is the reason why the estimator is also labeled 3 r.sra- 1t is not

difficult to verify that 3;¢pc and B, gp) are identical. Panel fully modified estimators were also



considered by Phillips and Moon (1999) and Bai and Kao (2006). Here, we extend those analysis
to allow for common stochastic trends. By construction u;'; has a zero long-run covariance with

( Azl, AFY )" and hence the endogeneity can be removed. Furthermore, nuisance parameters

+

arising from the low frequency correlation of the errors are summarized in A, ..

Proposition 2 Let 31gps be defined by (D). Under Assumptions 1-6, as (n,T),,, — oo

seq

VT (Brsea — %) 4 MN (0,29).

In small scale cointegrated systems, cointegrated vectors are T' consistent, and this fast rate of
convergence is already accelerated relative to the case of stationary regressions, which is v/T'. Here
in a panel data context with observed global stochastic trends, the estimates converge to the true
values at an even faster rate of v/nT and the limiting distributions are normal. To take advantage
of this fast convergence rate made possible by large panels, we need to deal with the fact that F°

is not observed. This problem is considered in the next two subsections.

3.2 Unobserved F° and the Cup Estimator

The LSFM considered above is a linear estimator and can be obtained if F© is observed. When
FO is not observed, the previous estimator is infeasible. Recall that least squares estimator that
ignores F' is, in general, inconsistent. In this section, we consider estimating F' along with 3 and A

by minimizing the objective function

n

St (B,F,A) =Y (y— 28— FA) (y — 28 — FX)) (11)

i=1
subject to the constraint T2F 'F =1, and A'A is positive definite. The least squares estimator

for @ for a given F' is
=R n -1 n
p= (Z szsz) Z%‘MF%-
i=1 i=1
Define

wi = Yy —xiP

= F)\i—i—ui.

Notice that given (3, w; has a pure factor structure. Let W = (wj,...,w,) be a T x n matrix.

We can rewrite the objective function (II)) as tr[(W — FA)(W — FA’)’]. If we concentrate out
’ ’ -1 ’

A=WF (F F ) = T72W F, we have the concentrated objective function:

tr (W’MFW) = tr (W’W) —tr (F’WW’F/T2) . (12)

10



Since the first term does not depend on F', minimizing (I2]) with respect to F' is equivalent to
maximizing tr (T_QF '‘WW'F ) subject to the constraint 7—2F'F = I,.. The solution, denoted F , is
a matrix of the first r eigenvectors (multiplied by T') of the matrix n—%g S (yi — xiB) (yi — azzﬁ),.

Although F' is not observed when estimating 3, and similarly, § is not observed when estimating
F', we can replace the unobserved quantities by initial estimates and iterate until convergence. Such

a solution is more easily seen if we rewrite the left hand side of (I2]) with y — x3 substituting in for
W. Define

1 ¢ :
Snr (B, F) = ) D (Wi — wiB) Mp (yi — x:i8).
i=1
The continuous updated estimator (Cup) for (3, F) is defined as

(BCup) F\Cup) = arﬁgmin SnT (ﬁv F) :
F

More precisely, (Bcup, ﬁCup) is the solution to the following two nonlinear equations
R n -1 5
8 = <Z a:ZMﬁ:L“Z> leMﬁyZ (13)
i=1 i=1
1 « ~ =\
o) Z (yi - mzﬂ) (yz - %‘5)
nT i=1

where Mg = I — T—2FF' since ﬁ’ﬁ/T2 = I, and V7 is a diagonal matrix consisting of the r

FVpp = F (14)

largest eigenvalues of the matrix inside the brackets, arranged in decreasing order. Note that the
estimator is obtained by iteratively solving for B and F using (I3)) and ([4). It is a non-linear
estimator even though linear least squares estimation is involved at each iteration. An estimate of
A can be obtained as:

A=T2F (Y _ Xﬁ) .
The triplet (5, ﬁ, K) jointly minimizes the objective function (III).

The estimator (¢, is consistent for 3. We state this result in the following proposition.
Proposition 3 Under Assumptions[IH4 and as (n,T) — oo,
BCup £ 80
We now turn to the asymptotic representation of Bcup.

Proposition 4 Suppose Assumptions[1{]] hold and (n,T) — co. Then

1 & 1 ¢ :
W Z <337;MF0 — E ZaikﬂfiMF@) U;
k=1

=1

VT (Bew, = 8°) = D (FO) ™! +op(1),

11



’ —1
where a;, = N (M> g, D (FO) = # SorZ!Z; and Zi = Mpox; — % > opey Mpoxgag.

n

In comparison with the pooled least squares estimator for the case of known FO, estimation of
the stochastic trends clearly affects the limiting behavior of the estimator. The term involving a;g
is due to the estimation of F. This effect is carried over to the limiting distribution and to the
asymptotic bias, as we now proceed to show. Let w;; = (ui, AZL,n,) where z; = x; —% Y e Thik-
For the rest of the paper, we use bar to denote those long run covariance matrices (including one
sided and conditional covariances and so on) generated from w; instead of w;. Thus, Q; is the
long run covariance matrix of w;; as in (Bl), and define A, is the one-sided covariance matrix of w;;.
These quantities depend on n, but this dependence is suppressed for notional simplicity.

Because the right hand side of the representation does not depend on estimated quantities, it is
not difficult to derive the limiting distribution of Bcum even allowing for cross-sectional correlation
in u;. However, estimating the resulting nuisance parameters would be more difficult. Thus,
although consistency of the Cup estimator does not require the cross-section independence of u,

our asymptotic distribution for BCup is derived with Assumption [5] imposed.

Theorem 1 Suppose that Assumptions[d-5 hold. Let BCup be obtained by iteratively updating (13)
and (14). As (n,T),,, — 0o, we have

VAT (Bewy = B) = Vitd,r - MN (0,%)

where .

1, - - 4= -
0;, = TZiAbin_ilQbui + (A+

1 ~ /
i=1

¢nT =

~5A%).

_ R /
D,', Dy = nh—{goﬁ Z;E (/ Rm‘Rm|C> o (15)
1 n
Rni = Qz - E Z Qkaik’v
k=1

1 n
r; = a:z-——§ Tk ik,
n
k=1
_ 1 &
51’ = (5i——g 5kaik.
n
k=1

12



Theorem 1 establishes the large sample properties of the Cup estimator. The Cup estimator
is /nT consistent provided that ¢, = 0, which occurs when z;; and F} are exogenous. Since
¢nr = Op(1), the Cup estimator is at least T consistent. This is in contrast with pooled OLS in
Section 2, where it was shown to be inconsistent in general. Nevertheless, as in the case when F
is observed, the Cup estimator has an asymptotic bias and thus the limiting distribution is not
centered around zero. There is an extra bias term (the term involving a;;) that arises from having
to estimate F;. In consequence, the bias is now a function of terms not present in Proposition
1, which is valid when F; is observed. We now consider removing the bias by constructing a
consistent estimate of ¢,,;. This can be obtained upon replacing F°, Ab;, Qpi, Qbuis A;rm., Af{u by
their consistent estimates.

We consider two fully-modified estimators. The first one directly corrects the bias of Bcup, and
is denoted by BCUP gc- The second one will be considered in the next subsection, where correction

is made during each iteration, and will be denoted by BCup FM-

Consider
T-1 j
Q;, = ‘Z w (E) T (4),
j=T+1
R T-1 j
7=0
. 1 T ,
Li(j) = T Wit Wiy
t=1
where

~ . R . 1<
= N 2/ N/ . 2 A
Wir = (Uig, ATy, AF))  with AZy = Azy — - E Az

k=1
The bias-corrected Cup estimator is defined as
. . 1.
ﬁCupBC = ﬁCup - T(bnT
where
-1
~ 1 &5 RN
qbnT = ) 141 <_ 91)
nT n
i=1 =1
~ ~ D2 L2 ~4 A,
0; = Zz'Abinilgbui+ ( Anyi —0; vJvru)’
A =1 ~
b = (FF) Fo Abi=(a AF)
1 « N N RN
Ti = x5— — Tt Qiks ik, = N, (A A/n) Y
k=1
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Theorem 2 Suppose Assumptions hold. Then as (n,T),,  — oo,

seq
JnT <BCupBC _ 50) 4, MN(0,3).

The CupBC is /nT consistent with a limiting distribution that is centered at zero. This type
of bias correction approach is also used in Hahn and Kuersteiner (2002), for example, and is not
uncommon in panel data analysis. Because the bias-corrected estimator is v/nT and has a normal
limit distribution, the usual ¢ and Wald tests can be used for inference. Note that the limiting
distribution is different from that of the infeasible LSBC estimator, which coincides with LSFM
and whose asymptotic variance is £° instead of ¥. Thus, the estimation of F' affects the asymptotic
distribution of the estimator. As in the case when F' is observed, the bias corrected estimator can

be rewritten as a fully modified estimator. Such a fully-modified estimator is now discussed.

3.3 A Fully Modified Cup Estimator

The CupBC just considered is constructed by estimating the asymptotic bias of BCup, and then
subtracting it from BCUP. In this subsection, we consider a different fully-modified estimator,

denoted by /BCup - Let
~ =~-1 AT
vir = it — Quiy ( 2 >
2 =1
5 = (F’F) 73,

where Qupi, Qpi, and Ay, are estimates of Qupi, Qp; and Ap,;, respectively. Recall that BCUP is
obtained by jointly solving (I3]) and (I4]). Consider replacing these equations by the following:

_1n

2 - / ’ =+ ~ At
=1

i=1

g

!

FVpp = F. (17)

1 « - -
nT? Z (yz - miﬁoupFM> (yi - xiﬂcupFM)
i=1

Like the FM estimator of Phillips and Hansen (1990), the corrections are made to the data to remove
serial correlation and endogeneity. The CupFM estimator for (3, F') is obtained by iteratively
solving (I6]) and (I7). Thus correction to endogeneity and serial correlation is made during each

iteration.

Theorem 3 Suppose Assumptions[D-6 hold. Then as (n,T),, . — oo,

seq

VAT (Beuprn — B°) == MN (0,%),

where ¥ is given in (13)
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The CupFM and CupBC have the same asymptotic distribution, but they are constructed
differently. The estimator BCUP pc does the bias correction only once, i.e., at the final stage of
the iteration, and 5CupFM does the correction at every iteration. The situation is different from
the case of known F, in which the bias-corrected estimator and the fully-modified estimator are
identical due to the absence of iteration. Again, because of the mixture of normality, hypothesis
testing on (3 can proceed with the usual t or chi square distributions.

Kapetanios, Pesaran, and Yamagata (2006) suggest an alternative estimation procedure based
on Pesaran (2006). The model is augmented with additional regressors 3, and Z;, which are cross-
sectional averages of y;; and x;;. These averages are used as proxy for F;. The estimator for the
slope parameter (3 is shown to be /n consistent, but fully modified estimator is not considered.

While the focus is on estimating the slope parameters 3, the global stochastic trends F' are also

of interest. We state this result as a proposition:
Proposition 5 Let F be the solution of (I7). Under Assumptions of 1-4, we have

1~ s 1 1
7 B = HEP|? = 0,(2) + Opl(5)
t=1

where H is an r X r invertible matriz.

Thus, we can estimate the true global stochastic trends up to a rotation. This is the same rate
as in Bai (2004, Lemma B.1), where the regressor x;; is absent. Similarly, the factor loadings \;
are estimated with the same rate of convergence as in Bai (2004).

Thus far, our analysis assumes that the number of stochastic trends, r, is known. If this is not
the case, r can be consistently estimated using the information criterion function developed in Bai
and Ng (2002). In particular, let

r=arg min IC(r)
1<r<rmax

where r < Tmax, Tmax 1S @ bounded integer and
IC(r) = 10862 (1) 4+ rgnr

where g,7 — 0 as n,T — oo and min[n, T]g,r — oo. For example, g, can be log(a,r)/anT, with
anT = er—TT Then P(# =r) — 1 as n,T — oo. This criterion estimates the total number of factors,
including I(0) factors. To estimate the number of I(1) factors only, the criterion in Bai (2004) can
be used. Ignoring the I(0) factors still lead to consistent estimation of 5. However, our distribution
theory assumes cross-sectional independence for the idiosyncratic errors; lumping I(0) factors with

the regression errors will violate this assumption. This suggests the use of Bai-Ng criterion.
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4 Further issues

The preceding analysis assumes that there are no deterministic components and that the regressors
and the common factors are all I(1) without drifts. This section considers construction of the
estimator when these restrictions are relaxed. It will be shown that when there are deterministic
components, we can apply the same estimation procedure to the demeaned or detrended series,
and the Brownian motion processes in the limiting distribution are replaced by the demeaned
and/or detrended versions. Furthermore, the procedure is robust to the presence of mixed I(1)/1(0)
regressors and/or factors. Of course, the convergence rates for I(0) and I(1) regressors will be
different, but asymptotic mixed normality and the construction of test statistics (and their limiting
distribution) do not depend on the convergence rate. Finally, we also discuss the issue of testing

cross-sectional independence.

4.1 Incidental trends

The Cup estimator can be easily extended to models with incidental trends,
Yir = i + pit + Ty B+ NFy + wgy. (18)
In the intercept only case (p; = 0, for all i), we define the projection matrix
My = Iy — vy )T

where 7 is a vector of 1’s. When a linear trend is also included in the estimation, we define Mr

to be the projection matrix orthogonal to ¢ and to the linear trend. Then
Mry; = My + MpFA; + Mrpu,,

or
§i = 2B+ Fy\i +

where the dotted variables are demeaned and/or detrended versions. The estimation procedure for

the cup estimator is identical to that of Section 3, except that we use dotted variables.

With the intercept only case, the construction of FM estimator is also the same as before.
Theorems 1-3 hold with the following modification for the limiting distribution. The random
processes B ; and B, in (); are replaced by the demeaned Brownian motions.

When linear trends are allowed, Az;; is now replaced by &; = Az — Ax;, which is detrended
residual of x;;. But since z; is already a detrended series, and F is also asymptotically detrended

(since it is estimating F), Az; and AFt are also estimating the detrended residuals. Thus we can
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simply apply the same procedure prescribed in Section 3 with the dotted variables. The limiting
distribution in Theorem 2 and consequently in Theorem 3 is modified upon replacing the random
processes Be; and B, by the demeaned and detrended Brownian motions!d The test statistics (¢
and x?) have standard asymptotic distribution, not depending on whether the underlying Brownian
motion is demeaned or detrended.

When linear trends are included in the estimation, the limiting distribution is invariant to
whether or not y;;, x;; and F; contain a linear trend. Now suppose that these variables do contain
a linear trend (drifted random walks). With deterministic cointegration holding (i.e., cointegrating
vector eliminates the trends), the estimated [ will have a faster convergence rate when a separate
linear trend is not included in the estimation. But we do not consider this case. Interested readers

are referred to Hansen (1992).

4.2 Mixed I(0)/I(1) Regressors and Common Shocks

So far, we have considered estimation of panel cointegration models when all the regressors and
common shocks are I(1). There are no stationary regressors or stationary common shocks. In this
section we suggest that the results are robust to mixed I(1)/I(0) regressors and mixed I(1)/1(0)
common shocks. Below, we sketch the arguments for the LS estimator assuming the factors are
observed. If they are not observed, the limiting distribution is different, but the idea of argument
is the same.

Recall that the LS estimator is frg = (31—, @i Mpox;) "t 321", @ Mpoy;. The term

Mpoz; = (Ip — FO(FY FOY " FOY g, = 2, — FO6;

with 6; = (FOIFO)_IFO,mi plays an important role in the properties of the LS. When z;; and F; are
I(1), 6; = Op(1) and thus

(MFoa;Z-)t o Tt _ 5;&0 i O (1)

VT v v o

We now consider this term under mixed I(1) and I(0) assumptions.

I(1) Regressors, I(0) Factors. Suppose all regressors are I(1) and all common shocks are I1(0).
With 1(0) factors, we have T-'FYF0 2, 527 = 0, (1). Thus

T
/ -1 1 / /
5; = (T—lFO FO) 7O Flay <, E}l/dBnBEi =0, (1).
t=1

8Al‘cerna‘cively, we can use &;¢ — %22:1 Ere@ir in place of AZ;; in Section 3. Similarly, we use Ny = AFt — AFin
place of Aﬁt.
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It follows that
(Mpol‘i)t o Tt — 5;Ft0 o ﬁ +o (1)
v vT  JT 7

and \97% 4, B;as T — oco. The limiting distribution of the LS when the factors are I(0) is the

same as when all factors are I(1), except that @); is now asymptotically the same as B;. For the

FM, observe that the submatrix €, in

i = [ Qnei Qn

is a zero matrix since n = AF? is an I(—1) process and has zero long-run variance. Similarly,
Qep; is also zero. The submatrix Qyp; in Q4 = Qyi — Qubin)_ilflbm as well as the submatrices
(Apgui Ay ) in ( Apyi Ay ) are also degenerate because the factors are I(0). Note that €,
is not invertible. Under appropriate choice of bandwidth, see Phillips (1995), Qb_iIQbui can be
consistently estimated, so that FM estimators can be constructed. This argument treats F; as if it

were I(1). If it is known that F} is I(0), we will simply use F; instead of AF; in the FM construction.

I(1) Regressors, Mixed I(0)/I(1) Factors Consider the model
Yit = T3 + N Fig + Ao Far + i (19)

where F1; = 1y, is r1 x 1 and AFy = 1y, is 7o x 1. We again have Mpox; = z; — F6; but
8; =[ 01; 02 ]". Then

(Mpol‘i)t Tit 1 ’ ’ |: Flot :| Tit 1 ’ 0 ’ 0
/—T /—T /—T |: 17 24 :| F% /—T /—T ( 1451t 2 2t)

0
Flt —

since 61; = Op (1), d2; = O, (1) but N
the FM correction, the long run variance (u;, Ax,, AF{,, AFy,) is degenerate. With an appropriate

choice of bandwidth as in Phillips (1995), the limiting normality still holds.

(1). The random matrix @; involves B,; and By,. In

Mixed I(1)/I(0) Regressors and I(1) Factors Suppose ko regressors denoted by xo;; are I(1),
and kp regressors denoted by z1;; are I(0). Assume F; is I(1) and u;; is 1(0) as in (3]). Consider

Yir — Q4 + ‘Tlitﬂl + ‘T2itﬁ2 + )\;Ft + Ut

Azoy = €94
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With the inclusion of an intercept, there is no loss of generality to assume z1;; having a zero mean.

For this model, we add the assumption that
E(mlituit) =0 (20)

to rule out simultaneity bias with I(0) regressors. Otherwise (3; cannot be consistently estimated.
Alternatively, if u; is correlated with x1;, we can project u; onto x1; to obtain the projection
residual and still denote it by w;; (with abuse of notation), and by definition, w;; is uncorrelated
with z1;. But then (§; is no longer the structural parameter. The dynamic least squares approach
by adding Az is exactly based on this argument, with the purpose of more efficient estimation
of 3.

If one knows which variable is I(0) and which is I(1), the situation is very simple. The I(1)
and 1(0) variables are asymptotically orthogonal, we can separately analyze the distribution of the
estimated (3, and (9. The estimated (3 needs no correction and is asymptotically normal, and the
estimated (3, has a distribution as if there is no 1(0) regressors except the intercept. Note that the
FM construction for [32 is based on the residuals with all regressors included. The rest of analysis
is identical to the situation of all I(1) regressors with an intercept.

In practice, the separation of I(0) or I(1) regressors may not be known in advance. One can
proceed by pretesting to identify the integration order for each variable, and then apply the above
argument. One major purpose of separating I(0) and I(1) variables is to derive relevant rate of
convergence for the estimated parameters. But if the ultimate purpose is to do hypothesis testing,
there is no need to know the rate of convergence for the estimator since the scaling factor n or T" are
cancelled out in the end. One can proceed as if all regressors are I(1). Then care should be taken
since the long-run covariance matrix is of deficient rank. Phillips (1995) shows that FM estimators
can be constructed with appropriate choice of bandwidth. Interested readers are referred to Phillips
(1995) for details.

Finally, there is the case of mixed I(1)/I(0) regressors and mixed I(1)/I(0) factors. As explained
earlier, 1(0) factors do not change the result. In practice, there is no need to know whether F°
is I(1) and I(0), since the Cup estimator only depends on M; scaling in F' does not alter the

a8
numerical value of B¢,

5 Monte Carlo Simulations

In this section, we conduct Monte Carlo experiments to assess the finite sample properties of

the proposed CupBC and CupFM estimators. We also compare the performance of the proposed
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estimators with that of LSDV (least squares dummy variables, i.e., the within group estimator)
and 2sFM (2-stage fully modified which is the CupFM estimator with only one iteration).

Data are generated based on the following design. For i =1,...,n, t =1,...,T,

Yie = 2xi +c ()\;Ft) + ug
F = F_1+mn

Tig = Tj—1tEit
wher€H
uit \ 0 1 o012 013
Eit ~ N 0 s 0921 1 J923 . (21)
U 0 o031 o032 1

We assume a single factor, i.e., r =1, A; and 7, are generated from i.i.d. N(u,,1) and N(u,,1)
respectively. We set py = 2 and p,, = 0. Endogeneity in the system is controlled by only two
parameters, 091 and o31. The parameter ¢ controls the importance of the global stochastic trends.
We consider ¢ = (5,10) , 032 = 0.4, 091 = (0,0.2,—-0.2) and o3; = (0,0.8,—0.8) .

The long-run covariance matrix is estimated using the KERNEL procedure in COINT 2.0. We
use the Bartlett window with the truncation set at five. Results for other kernels, such as Parzen
and quadratic spectral kernels, are similar and hence not reported. The maximum number of the
iteration for CupBC and CupFM estimators is set to 20.

Table 1 reports the means and standard deviations (in parentheses) of the estimators for sample
sizes T = n = (20,40, 60, 120) . The results are based on 10,000 replications. The bias of the LSDV
estimator does not decrease as (n,7T) increases in general. In terms of mean bias, the CupBC and
CupFM are distinctly superior to the LSDV and 2sFM estimators for all cases considered. The
2sFM estimator is less efficient than the CupBC and CupFM estimators, as seen by the larger
standard deviations.

To see how the properties of the estimator vary with n and 7', Table 2 considers 16 different
combinations for n and 7', each ranging from 20 to 120. From Table 2, we see that the LSDV and
2sFM estimators become heavily biased when the importance of the common shock is magnified as
we increase ¢ from 5 to 10. On the other hand, the CupBC and CupFM estimators are unaffected
by the values of ¢. The results in Table 2 again indicate that the CupBC and CupFM perform well.

The properties of the t-statistic for testing 3 = 3, are given in Table 3. Here, the LSDV

t-statistic is the conventional ¢-statistic as reported by standard statistical packages. It is clear

9Random numbers for error terms, (u, €it, n,) are generated by the GAUSS procedure RNDNS. At each replica-
tion, we generate an n7' length of random numbers and then split it into n series so that each series has the same
mean and variance.
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that LSDV t-statistics and 2sFM t¢-statistics diverge as (n,T') increases and they are not well
approximated by a standard N(0,1) distribution. The CupBC and CupFM t-statistics are much
better approximated by a standard N(0,1). Interesting, the performance of CupBC is no worse
than that of CupFM, even though CupBC does the full modification in the final stage of iteration.

Table 4 shows that, as n and T increases, the biases for the t-statistics associated with LSDV
and 2sFM do not decrease. For CupBC and CupFM, the biases for the ¢-statistics become smaller
(except for a small number of cases) as T increases for each fixed n. As n increases, no improvement
in bias is found. The large standard deviations in the t-statistics associated with LSDV and
2sFM indicate their poor performance, especially as T increases. For the CupBC and CupFM, the

standard errors converge to 1.0 as n and T (especially as T) increase.

6 Conclusion

This paper develops an asymptotic theory for a panel cointegration model with unobservable global
stochastic trends. Standard least squares estimator is, in general, inconsistent. In contrast, the
proposed Cup estimator is shown to be consistent (at least T-consistent). In the absence of en-
dogeneity, the Cup estimator is also \/nT consistent. Because we allow the regressors and the
unobservable trends to be endogenous, an asymptotic bias exists for the Cup estimator. We further
consider two bias-corrected estimators, CupBC and CupFM, and derive their rate of convergence
and their limiting distributions. We show that these estimators are \/nT consistent and this holds
in spite of endogeneity and in spite of spuriousness induced by unobservable I(1) common shocks. A
simulation study shows that the proposed CupBC and CupFM estimators have good finite sample

properties.
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Appendix

Throughout we use (n,T'),. — oo to denote the sequential limit, i.e., T — oo first and followed

seq
by n — co. We use MN(0,V) to denote a mixed normal distribution with variance V. Let C be
the o-field generated by {Fto} . The first lemma assumes u; is uncorrelated with (u;, F°) for every

1. This assumption is relaxed in Lemma

Lemma A.1 Suppose that Assumptions 1-5 hold and that u; is uncorrelated with (x;, FY), then as

(n7 T)seq —

(a)
%;%@mel — nhm ZE </QZQ \C)

(b)
1zn:1'M MmN (o, 1 1zn:QE/QQ’|O
R o d 1 . O ‘
\/ﬁ 2 Tﬂfz FOU; ’nl—{go n — ui g

Proof. Note that

n

_ZT2x Mpox; = 1 Z;2x MpoMpox; = ZT2 sztajzt

=1

~ !
where z;; = x;; — 5Z-Ft0 and

07 -1 T -1
or -1 F FO 1 rd / /
5; = (F FO) Fa; = <?) = > By, </ B,7B,7> /BWBEZ-
t=1

see, e.g., Phillips and Ouliaris (1990). Thus

Tit Tt P FY g
VT VT VT .

By the continuous mapping theorem

B, = Q..

—1
() .

d /
T2 letxzt - /QZQz =G

as T'— oo. The variable (; is independent across i conditional on C', which is an invariant o-field.

Thus conditioning on C', the law of large numbers for independent random variables gives,
1o 1 ¢ 1o
p . . /
- z;Cu — Jim — E;E (CulC) = lim n EQE </ QiQi‘C> :
1= 1= 1=
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Thus, the sequential limit is
1= 1 1<
! p . ’
- E 1 T @iMpow; — lim — E 1 E </ QiQi‘O>
1= 1=

This proves part (a).
Consider (b). Rewrite

1 &1 1 &1
%;T%Mmuz’:%;f;%tun

where T;; = xy — 5;Ft0 as before. By assumption, u; is I(0) and is uncorrelated with z;. It follows

that
Lz . " N\ 1/2
T Zfituit — /Qz‘dBm' = &9 ~ ) </ QZQ@) X Z
t=1

where Z ~ N (0,1)) as T — oo for a fixed n. The variable &,, is independent across i conditional

on C', which is an invariant o-field. Thus conditioning on C,
1< 1< 1<
w2 ks = Jim 232 P (66iC) = lim 2520 [E(eqic).
1= 1= 1=

Let I; be the o field generated by {FP} and (&5, ...,&s;). Then {&y;, I;;i > 1} is a martingale

difference sequence (MDS) because {&,,} are independent across i conditional on C and
E (&y;/1;—1) = E (£4]C) = 0.

From )", §2i£/2i = O (n), the conditional Lindeberg condition in Corollary 3.1 of Hall and Heyde
(1980) can be written as

1 & :
=3 B (&6l (6l > Vo) s ) L0 (23)
i=1
for all 6 > 0. To see (23]), notice that
: 1 « :
- ZE <£2i£2i1 ([1€2:] > v/né) \Ii—l) = ZE (fzifzil (121l > v/nd) \O) .
i=1 1=1

Without loss of generality we assume &5, is a scalar to save notations. By the Cauchy-Schwarz

inequality

E (31 (lléill > vnd) 1C) < {E (¢410) Y {E [L (I€xi]l > vs) [C]}7.
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Furthermore,

E (&|C
E[1 (€] > Vo) €] < %
It follows that
1 n
" ZE wl (&> V) 1) < Vnd | n Z 521\0 §2z'|0)]1/2 = Op(n—1/2)
=1

in view of
n

%Z[E (€51C) B[O = 0, (1).

i=1
This proves (23)). The central limit theorem for martingale difference sequence, e.g., Corollary 3.1

of Hall and Heyde (1980), implies that
1 — d 1<
7 Z;fm — [nh—{go - z; E (5%5%\0)
1= 1=

— (522-5,22-\0) . Note that

1/2
X Z (24)

where Z ~ N (0,1) and Z is independent of limy, oo = >

Lo 1/2 Lo 1/2
[ lim E;E(&is;im)] = (nlggo ﬁ;QE < / @-QQ\O))

Thus, as (n,T)Seq — 00, we have

n T n 1/2
\FTZZ PRI (nli_)n;O%ZQmE (/QiQ;|C>> x Z
=1 t=1 =1

which is a mixed normal. The above can be rewritten as

%%Zsztuzt — MN (0 nanoloﬁZQmE </Q1Q;‘O>> .

i=1 t=1
This proves part (b). B

The proofs for Propositions [Il and 2] (with observable F') follow immediately from Lemma [A]
Propositions 3 and 4 are proved in the supplementary appendix of Bai et al. (2006).

To derive the limiting distribution for 5Cup, we need the following lemma. Hereafter, we define

dpr =min{y/n,T}.

Lemma A.2 Suppose Assumptions 1-5 hold. Let Z; = Mpox; — %Zzzl Mpoxgaz,. Then as

(n7 T)seq —
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(a)
I ~~_ . » .. 1 ,
w2 A% e S E (/Rm-Rm-\c) ,

(b) If u; is uncorrelated with (x;, FO) for all i, then
LGjzfu- 4, MN[0, lim lzn:sz E /R R |C
\/HT — 7 k) n—oomn — ur nt n
(c) If u; is possibly correlated with (x;, FV), then

1 i ! n d . 1 n = i
N ;Zu —Vnbo" = MN (0, Jim ~ ;QubE ( / Rm-Rm|C>)

where

1 n
R, = Qi_EkZﬂQkam

i = )\; (A/A/n) lAk,

-1
Qi = Bm«—< / BgiB;> ( / BnB;> B,
no 1 "1 _. - » AL
o = E;[TZi(sz AF)Qbinm-+([k _5i)<A€+ >]

= ’ -1 /
with 0; = <F0 F0> FOZ;. and &; = z; — % Y e Tk
Proof of (a). Recall
/ -1 /
MFOIL’i = IEZ'—FO(FOFO) FOIL’i:IL‘i—FO(si

where

! _1 T _1
! -1 / FO FO 1 ’ d ’ ’
0" 70 0
51' = (F F ) F T = <—T2 ) _T2 g Ft Ty </ Ban> /Bnti —

is a r x k matrix as T — oo. Write Z; = Mpox; = 2; — F°5;, a T x k matrix. Hence

1 n
Zz' = Mpol‘i——é Mpol‘kaik
n
k=1
n

1 I R
= (a;i—Foéi)—E;(xk—Fodk)aik:xi—gkz_lzkaik
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’ ’ -1
where a;;, = \; (A A/n) AL 1s a scalar and

!

Bn:Qi

= 0
Tiie  Ti o Fy o d

VT VT VT

a k x 1 vector, as T — oo. It follows that

Bai -

-1
(o)

Z;
VT

n
d 1
— Q; — - ;Qkaik = Ry

and using similar steps in part (a) in Lemma [AJlas n — oo,

1 « e ,
i [ Attt i S ( f i),
nI =1 n =1

Hence
I ~~_ . p . 1 ,
— N "z.z hm—ZE(/RR 4|C>
2 Z 17 n—oo nitlng
nT i=1 n =1

as (n,T),,, — oo, showing (a).

Proof of part (b). Notice that

ﬁZ_;Z;uZ = ﬁz (MFO.Ti — %ZMFoxkaik> U

I, is proved in Lemma[AT] as (n,T)sq — o0,

]_ n ’ d . ]. - 4
I, = W Z (Mpox;) uj — MN <07 JI_{EOE;QME </ QZQ1|C>>

i=1
if Z;; and wu; are uncorrelated. Similarly, for 11, we have

1 < <1 z": Ly RS
— Z — aikMFoack) Uy — MN 0, lim — Z Qm'E (Cm|0)
vnT im1 k= nmeen i
where C,; = %22:1 air, [ QrQ), we have used the fact that # py Z;‘:l aipa;; = %22:1 ik
Thus both I and 11, have a proper limiting distribution. These distributions are dependent since
they depend on the same u;. We can also derive their joint limiting distribution. Given the form

of Z;, it is easy to show that the above convergences imply part (b).
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Proof of part (c). Now suppose Z;; and u;; are correlated. It is known that
1 1 o 1 < )
T Z@tuit = 7 Z (mit - 52-Ft0) Uit = Z ( I, —9; ) < Fi(t) > Uit
t=1 t=1 t=1
1 < T

t=1
d ’ B.;dB; Agyi
4 Aaui
= /QidBui+(Ik —; )< A >
nuw
as T — oo (e.g., Phillips and Durlauf, 1986). First we note

[@aBa = [ Qu(0Uvi+ om0, W)

= /QidBu.bi‘i'/QidBl;in_iIQbui

such that
E [/Qz’de’] = K [E [/Qz’de} |7Tz:|
- E [E [/ (Bm- - W;Bn) dmm” = 0.
Note that
1 1
T‘TZMFO( Az; AF )sz Qpui
1.
= 5% (A AF ) Q5 Qi
- ’ 1 Tit 1 4 Azt
() e (2
d / Be; "o-10. o-1l0.
— ( I —T; ) B deini Qpui +AbZQbZ’ Qpui | -
n
Therefore

T 7"
1. 1. _
= Fui- [fxiMFo( Az AF ) Qi+ (I —5; )A;m]

1/2
i@/@ww{i@/QQ} x N (0,I1)
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L — [lx’.MFo( Az AF ) Q' Qi+ ( I, —o, ) [Apui — Abin‘ilQbm]]

(25)

(26)



where

A+

bui

= Apui — Ay Q-

Let

L[ _ :
o =—> [?%MFO( Az AF ) Q5 i+ ( I =5, )A;m.] .
i=1
Then we use similar steps in part (b) in Lemma [AT] to get

1 < 1T S
JnT Z Tu; —/nl} = JaT Z Z Tipuir — /nb}
i1

=1 t=1
< MN (0, lim * > QB (/ QZ-Q;IC>)
neen =1

as (n,T)g,, — o0.
Note Z; = @; — %22:1 Tra;r is a demeaned z; where % > p_q ZTra is the weighted average of

T; with the weight a;i. It follows that

n
- 1 ~
Zi = xi——E Traik
n
k=1

n

= (I‘Z — FOCSZ) — % (l‘k — Fodk) [079%
k=1
1 & 1 /
= (SEZ — = wpag | - FO (52' -=> 5kaik>
"= "=
= I;— FOC_S;

= 1 n < 1 n
where Z; = x; — = > ) Tpag, and 0; = 05 — - > ) Okl
We then can modify (23] as

1 <& 1 <
_E AR T— _E
T &~ it T

t=
d _/ Bedem Aem’
= [ (ae )+ (30)
= /RmdBm—F ( I —77'; ) < A 4 > (27)
nu

where B.; = B.; — % Zzzl Be;a;, and



The R,; terms appears in the last line in (27) because

_ : 1 & AT 1 & ,
B.i— 7B, = (Bgi -2 ZBekaik> - < / Ban> /B (Bgi -2 ZBekaik> B,
k=1 k=1

-1 n -1
U ! 1 ! !
([5m) " [5.5, Bn_ﬁz{gm_ ([55) " [5.5,
k

—1
1 n
= Q;— - 1;—1 Qra;r, = Ry;.

= Baz‘_

B’?} [(079%

Let
Ie=[1_ L N -
gn = = [—Zi ( Az, AF ) Q' Qpui + ( I, —0; )A;rm} )
n— T
Clearly
VT i=1 ' VT i=1 "=

d . ]. " — ’
MN[0, lim —» Q,,F R,.R, :|C
_d, <,n1_)ngon; b </ nil >>

as (n,T — oo) with Rp; = Q; — 2 "1 | Qpag. This proves (c). W
Proof of Theorem [1l
n

This follows directly from Lemma[A.2]as (n,T) — oo when 7 — 0

~ P T ,
VAT (B — B) — ity 5 MN (o, D;! [ >0t (f Ruttlc)

-1
D )
’ ’ -1
where Dz = Tim 1570 B ([ RuiR|C) and 6, = |k 01 2,2, 0. W
Proof of Theorem 2 and 3. The proof for Theorem 2 is similar to that of Theorem 3
below, thus omitted. To prove Theorem 3, we need some preliminary results. First we examine
the limiting distribution of the infeasible FM estimator, BCUPF a- The endogeneity correction is

achieved by modifying the variable y;; in ([8]) with the transformation

_ _ AT,
—1 t
yjt_ = Yit — Qubini < AFio >

and
NN
’LL:; = Uit — Qubinil < A;té > .
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!

By construction u;'; has zero long-run covariance with ( Aj;t AFtO, ) and hence the endo-

geneity can be removed. The serial correlation correction term has the form

_ At _ _ T
+ —cut — . . _ k_
Abui - < Av-;_u > ( Abuz Abz ) < _Qb_z'lQbm' >

_ A~
= Apyi — Abini Qbuiy

where Ayp,; denotes the one-sided long-run covariance between u; and (g;,7,). Therefore, the

infeasible FM estimator is

n -1 n
ECupFM = <Z m;MFol’i) Z (UC;MFOQZF -T <A;_m - 51'57%))
i=1 i=1
= / -1 /
with 8; = (FO FO) FO'z,.

The following Lemma gives the limiting distribution of EC’up M-

Lemma A.3 Suppose Assumptions in Theorem [ hold. Then as (n,T),., — o0

seq

~ d _ . ]_ n — /
NCYs (ﬁCupFM - 50) 4, MN <o, Dy [ lim — ; QuiiE < / RmRm-|C>

D;) :

’
/

Proof. Let w;} = ( u; €t n ) and we have

+
Bui

(Tr]
1 +
ﬁ tz_;w;@ 4, gai = [ gz; } =BM (Qj) as T — oo, (28)
= n
where
[ B.; | _
By = B77 ’ Qubi = Qi — Qubinilgbm’a
r Qu.bi 0 0
Q:_ = ézu.bi ?2 ' :| = 0 Qg Qam'
- bi 0 Qe Q
— Sta4rt 4 F+/,
B;_z _ [ I _Qubin_Z'l Bm
By, |0 I By |-
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Define A+ E+ +F+ and let ullt = Ui — Qubin_Z.l < 23}3? ) . First we notice from (26]) in Lemma
t
[A.2] that
+ . 1 ~ 4 ’ 1 4 Tit +
Cir = fzxit“m = ( I, —o; ) TZ FP Uyst
t=1 t=1
T T
/ 1 Z; 1 T _ Ax;
= (n ) fz(;s)uZ-t—fz(;é)Quwbs(A;é>
t=1 t =1 t t
d 1/2 ’

as T — oo. Now let

CL’T: 1T — (A:m 5;A:{u>'

Clearly,
Gior 5 0% [ Quavi
Thus,
R R
—_— M T(AT. — 6 AL = — Ti T(AT. — 5 At
\/ﬁT ; (l‘ FolUqy; — ( sui )) \/ﬁT ; <t:1 LitUyjy ( cui i Uu))
4, MN (o, lim = " QuE (/ QZQ;|C>>
noeen =1
as (n, 1)y — 00. Next, we modify (29).
1 <& 1 & :
P ~. _ 5170 +
T Z Zituy = T Z (xzt 0, Fy ) Uy
t=1 t=1
T T
B o 1 Tt L1 Tt o-1( Az
= ( Ik —(52 ) T tz_; < Fto > uit — T tz_; < Fto > QUbZQbZ’ AFtO
d _/ Baz’ Aam’ Bai " A—1A A
([ (5 Yo ()1 (3 oo
( ) By A By b
_/ Aaui " A—1A _/ Aai A—1A
= R,;dBy; +( I, —m, ) A Rpid By Qi ( I, —m, ) A Qp Qi
nu n
1/2 X
_ 2 / RudVi + (A, — WAL
Therefore,

n

ﬁ ; (ziwf -7 (A%, -0:A4,)) = MN (0, Tim % Z:QME ( / Rm-R;“-|C>>
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as (n,T)geq — 00. Then

\/ET (BCupFM - ﬁo)
d P / _
—aAHV(QDZugkﬁzgﬁwwE</RmRMC>Dzﬁ

as (n,T)se — co. This proves the theorem. B

To show /nT (BCUP FM— BCUP P M) = 0p (1), we need the following lemma.
Lemma A.4 Under Assumptions of 1-6, we have
(a) Vi (Bd = ML) = 0 (1),
(0) 2 (08 = 0ia) = 0 (1),
(c) ﬁ S (ac;Mﬁﬂj - x;MFouj) =0, (1)

S A N N
ot 01 it + _1xwn + + _1ywn +
where Uy, = wip — Qupi€Yy, < Aﬁt AR Yo AL and AL, = - Yo AL

Note that the lemma holds when the long run variances are replaced by the bar versions. Since
the proofs are basically the same (as demonstrated in the proof of Theorem 1), the proof is focused
on the variances without the bar.

Proof. First, note that

_l’_
At — Aaui — ( Apui DNpi ) 1 = Apyi — Ab'Q_-lQb .
bui A;;_u U 7 _Qb—iIQbui ul 15 4 U

Then
A+

eut

*—1
= Aem’ - AEiQSi Qeui

where Q7 Lis the first k x k block of Qb_il. Following the arguments as in the proofs of Theorems

9 and 10 of Hannan (1970) (also see similar result of Moon and Perron (2004)), we have
‘2

2 ~
+ nsup HEA+ — AT
i

eut eut

E||va (B4 - Adn)

< SupEH3+ — BAT

eut eut

= 0<§>+0(%%)
Vn <£;§m — A;run> =0, (max \/g, \/g> .
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It follows that



From Assumption Bl K « n’. Then

o
K2q n2qb

if 1 < 2¢qb or % < b. Next

K b b log T logT e logT
T “ ’I’L? = exp <]0g <%>> = exp <b— 12§n> logn:nb Tos < le lim inf 222 0

logT
logn

if b < lim inf

by Assumption 6l Then
~ K | n
\/ﬁ (A:un - A:un) = OP (max T’ ﬁ)
0

as required. This proves (a).

To establish (b), we note

% ; (685 —o:ar,) = (% Za;) Vi (A% - A%

as required for part (b).
~ ~ g Az
Let uj; = u; — Qubinil < it > Next,

/ ~ ’ ~ ’ ~ ’ ’ ’
- =3 (:L-iMﬁu* — Mt + Mt — 3 Mput + 3 Ml — a;l.MFou*)

(2 1
vnT —=

n n n
~ ’ 1 ’ ’ 1 ’ ~ ’ ~.
i=1 i=1 i=1
n

I N 1 : : 1 JUR
= WZ,Z‘ZMF\ (’LL;’_—’LL;’_)—FWZ(,Z‘ZM?—I‘ZMFO) U:_—FWZl’ZMF\ (uj—u:')
i=1

=1 i=1

= I+II1+11I

From the proof of Proposition 4 in the supplementary appendix,



if we replace u; by uj Let Ab; = ( Az; AF ) be a T' x (k + r) matrix. Consider I.
1 n / ~4 + 1 " / S—1A -1
N Mg (uf —uf) = T > Mg (u — MDY — wi + AbQ, Qbui)
i=1 1=1

= ﬁ zn: x;Mﬁ (Abz‘ (Qubin_z‘l - ﬁumﬁb—zl))
=1

= ﬁ zn: T Ab; (Qubz-ﬂb‘f ~ Q')

S (s )

= I.+1I.

Along the same lines as the proofs of Theorems 9 and 10 of Hannan (1970), we can show that

K 1
PO [K [1
Qubinil _ Qubinil = Op <MCL{L’ { T, ﬁ}) .

2

SupE Hﬁubzﬁb_ll - Qubin_il
i

Then we have

and

1 - -1 O . .01 2
% Z ‘ Qubini - Qubini

1=

1< PN
= Vi > [ - Q!
i=1

2
< \/ﬁsup HQubin_il - Qubin_il
7

)

— Vi

For I., by the Cauchy Schwarz inequality,

1 P
umw“——Z@Mimw;—mw;‘
\/_T i=1 ( )
RN PN v 1< 2\ '
Z;0; -1 6 .01
< \/ﬁﬁ ; (% z:: HQUbini - Qubini >

IN

o (™ (v 0 ares {5 )
= 0,0, (arar {35}
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Similarly,

|I1.| = ﬁixllgg (Ab (Qubz‘Qb_il - ﬁubiﬁb_il))H
i=1
| FF?b (QubZQ T Qubinl )
x; F F Ab; v

IN

2) 1/2

1 = -1 _ 0 .01
<% Z HQUbinz’ - QubinZ’
i=1

- otma wg,@})

Combining I. and I1., we have

e -t = 0o, (ee 55 ))
- o (e [ )

Recall K « n® and liminf llgg: > 1 from Assumption [ It follows that, as in Moon and Perron
(2004)
nk nbt1 nbt1 logT
T v T_exp<log< T >> —exp<b+1—@>logn
_ nb+1—}g§£ < pbti-limint =z 0
by Assumption @l and b < lim inf IOgT — 1. Also note
n n
o (1-2¢b) _,
20 T e 0

by Assumption [l and % < b. Therefore

\/_TZxM i) = (M”C{\/W \/Kt}>

Let

Note that
Ab — Ab = ( Az AF )~ ( Ay AF )=(0 AF-AF ).
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Consider III.

1 U 1 < PP PP
T SN aiMp (@ - ) = T > i (w5 — AbQ Qi — i + AbQ Qi)
i=1 i=1
1 - / T\YA-1AQ
i=1

1 N\ A~
= 7 > iMp (AF - AF) O i
=1

We use Lemma 12.3 in Bai (2005) to get
% ;x;Mﬁ (aF-aF) =0, (B-4") +0, <m> .
It follows that
ﬁ Zz:;x;M}; <AF — Aﬁ) = Vn |:Op (B - 50) + Op <m>]
= 0, (1) + 0, () = o)

min (n,T)

n

since 7z — 0 as (n,T) — oo. Collecting I — III we prove (c).

Proposition A.1 Under Assumptions 118,
VnT <5oupFM - 5CupFM> =0p(1).

Proof. To save the notations, we only show that results with z; in place of Z; and d; in place of
of §; since the steps are basically the same. In the supplementary appendix, it is shown that (see

the proof of Proposition M)

1 1 o
(WszMﬁajz> = (sziMpol‘i> +0,(1).
i=1 i=1
Then

VnT (ﬁCupFM — Beuprm

— N—

{ i (w7 (A= 685)) 1,
p

- Z;:I (x;MFOUj =T (A:uz - 5;A7J{u>>

n -1 n / ~+ / +
1 , 1 im1 | Mzu” — 2, Mpou;
= (— E a;.MFoa;Z) — > 1< F " ) +0,(1)

VAT | =7 (B4, — A%,) ~ TX0, (557, - 5144

n -1 1 n ! ~ ! +
1 , T D i (xiMAui — x;Mpou; )
S E l‘Z'MFOl'z') A\J/F_T +1 1«1 n Iy o +op (1)
: —\/ﬁ (Aeun — Aaun) ~n Zizl (5iA77u - 52‘A77u)
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A+ — 1y A+ + —1lywm A+
where Aaun =5 Zi:l A andAaun —n Zi:l A

eut eut”

Finally using Lemma [A.4]

VnT <EC’upFM - EC’upFM) =0p(1).

|
Proof of Theorem [t This follows directly from Proposition [A. 1l W

Proof of Proposition In the supplementary appendix, it is shown that

n

T
1 A - 1 1
=D B~ HELIP =T Op(18 = B°1%) + 0p(5) + Opl5).
t=1

From /nT(3—3°) = O,(1), the first term on the right hand side is O, (1/(nT’)), which is dominated
by O(1/n). W
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Table 1: Mean Bias and Standard Deviation of Estimators

031:0 031:0.8 031:—0.8
LSDV  2sFM  CupBC CupFM | LSDV  2sFM CupBC CupFM | LSDV  2sFM  CupBC CupFM
o91 =10
n,T=20 1.352 0.349 0.030 0.030 -0.712 0.257 0.000 0.000 2.216 -0.086 0.030 0.030
(1.559)  (0.387)  (0.030)  (0.029) | (1.505) (0.372) (0.030)  (0.029) | (1.524) (0.394) (0.029)  (0.029)
n,T=40 3.371 -0.719 -0.000 -0.000 2.761 -0.246 -0.000 -0.000 1.010 -0.371 -0.000 -0.000
(1.139)  (0.225)  (0.009)  (0.009) | (1.529) (0.227) (0.010)  (0.009) | (1.124) (0.217)  (0.009)  (0.009)
n, T=60 -2.006 0.094 -0.000 -0.000 -1.393 0.038 -0.000 -0.000 -1.073 0.199 -0.000 -0.000
(0.920) (0.138)  (0.005)  (0.005) | (0.915) (0.139) (0.005)  (0.005) | (0.929) (0.138)  (0.005)  (0.005)
n,T=120 0.204 -0.064 -0.000 -0.000 0.548 -0.062 -0.020 0.015 -0.163  -0.061 0.018 -0.000
(0.645) (0.056) (0.018)  (0.002) | (0.646) (0.056) (0.002)  (0.002) | (0.643) (0.056) (0.002)  (0.002)
0921 = 0.2
n,T=20 4.333 0.317 -0.119 0.332 2.258 0.129 -0.158 0.293 4.903 -0.220 -0.117 0.322
(1.584) (0.385)  (0.030)  (0.029) | (1.529) (0.382) (0.031)  (0.029) | (1.614) (0.396) (0.030)  (0.028)
n,T=40 4.567 -0.768 -0.113 0.100 4.051 -0.333 -0.117 0.101 1.964 -0.376 -0.115 0.102
(1.133)  (0.223)  (0.010)  (0.009) | (1.153) (0.227) (0.010)  (0.009) | (1.120) (0.216) (0.010)  (0.009)
n,T=60 -1.100 0.109 -0.071 0.045 -0.337 0.082 -0.067 0.049 0.032 0.150 -0.065 0.051
(0.923) (0.138)  (0.005)  (0.005) | (0.925) (0.139) (0.005)  (0.005) | (0.938) (0.140)  (0.005)  (0.005)
n,T=120 0.696 -0.059 0.000 0.178 1.161 -0.070 -0.017 0.017 0.151 -0.026 0.017 -0.017
(0.648) (0.055)  0.018  (0.002) | (0.649) (0.055) (0.002)  (0.002) | (0.646) (0.055)  (0.002)  (0.002)
091 = —0.2
n,T=20 -1.600 0.376 0.179 -0.274 -3.763 0.331 0.151 -0.291 -0.754  -0.049 0.169 -0.274
(1.588) (0.393) (0.031)  (0.029) | (1.593) (0.345) (0.031)  (0.029) | (1.603) (0.394) (0.031)  (0.029)
n,T=40 2.086 -0.653 0.105 -0.108 0.812 -0.077 0.101 -0.113 -0.353  -0.313 0.096 -0.112
(1.144)  (0.225)  (0.010)  (0.009) | (1.141) (0.223) (0.010)  (0.009) | (1.128) (0.218) (0.010)  (0.009)
n,T=60 -2.850 0.008 0.055 -0.062 -2.178  -0.018 0.058 -0.058 -1.872 0.236 0.056 -0.060
(0.917) (0.142)  (0.005)  (0.005) | (0.905) (0.136) (0.005)  (0.005) | (0.921) (0.138)  (0.005)  (0.005)
n,T=120 -0.501 0.000 0.000 0.000 -0.175  -0.000 -0.018 0.017 -0.839 0.029 0.000 -0.000
(0.650) (0.057)  (0.002)  (0.018) | (0.646) (0.057) (0.002)  (0.002) | (0.654) (0.058) (0.002)  (0.002)

Note: (a) The Mean biases here have been multiplied by 100.

(b) Cc= 5, 032 = 0.4.



Table 2: Mean Bias and Standard Deviation
of Estimators for Different n and T

c=5 c=10

(n,T) LSDV  2sFM  CupBC CupFM | LSDV  2sFM  CupBC CupFM

(20,20) 2258  0.129  -0.158  0.293 | 1.538 0275 -0.158  0.294
(1.594) (0.382) (0.031)  (0.028) | (3.186) (0.771) (0.031)  (0.029)
(20,40)  4.832  -0.426  -0.067  0.107 | 8.141  -0.006 -0.067  0.106
(1.692) (0.288) (0.014)  (0.014) | (3.186) (0.566) (0.014)  (0.014)
(20,60) 0460 0282  -0.019  -0.058 | -0.105 0.0561 -0.186  0.058
(1.560) (0.206)  (0.009)  (0.009) | (3.121) (0.412) (0.009)  (0.009)
(20,120)  3.018 0.040  0.010  0.021 | -6.550 0.067  0.010  0.021
(1.572) (0.123)  (0.005  (0.005) | (3.144) (0.245) (0.005)  (0.004)
(40,20)  4.012 -0.566 -0.225  0.320 | 5.092 -1.087 -0.226  0.320
(1.126)  (0.280) (0.0218) (0.019) | (2.252) (0.593) (0.021)  (0.019)
(40,40) 4051 -0.332  -0.117  0.101 | 6.616 -0.622 -0.117  0.101
(1.153) (0.227)  (0.010)  (0.009) | (2.305) (0.454) (0.010)  (0.009)
(40,60)  1.818  0.114  -0.055  0.051 | 2.628 0.248  -0.055  0.051
(1.098) (0.158) (0.007)  (0.006) | (2.196) (0.317) (0.007)  (0.006)
(40,120)  1.905 -0.090  -0.010  0.015 | 3.303 -0.178 -0.010  0.015
(1.111) (0.087)  (0.003)  (0.003) | (2.243) (0.187) (0.003)  (0.003)
(60,20)  3.934 -0.317 -0.294 0295 | 4.989 -0.544 -0.294  0.295
(0.921) (0.249) (0.018)  (0.017) | (1.841) (0.497) (0.014)  (0.016)
(60,40)  2.023  0.110 -0.125  0.108 | 2.573  0.267 -0.125  0.109
(0.923) (0.187)  (0.009)  (0.008) | (1.296) (0.027) (0.009)  (0.008)
(60,60) -0.337 0.082  -0.067  0.049 | -1.666 0.191  -0.067  0.049
(0.925) (0.139)  (0.005)  (0.005) | (1.850) (0.279) (0.005)  (0.005)
(60,120) -1.168  0.109  -0.015  0.015 | -2.839 -0.223 -0.014  0.015
(0.923) (0.075)  (0.003)  (0.003) | (1.847) (0.151) (0.003)  (0.003)
(120,20) 2548  -0.151  -0.304  0.294 | 2.236 -0.203 -0.304  0.294
(0.651) (0.182) (0.014)  (0.011) | (1.303) (0.362) (0.014) (0.011)
(120,40)  1.579  -0.026  -0.013  0.001 | 1.678  0.000 -0.133  0.112
(0.661) (0.137) (0.006)  (0.005) | (1.321) (0.279) (0.006)  (0.005)
(120,60)  0.764  0.004  -0.077  0.013 | 0539  0.061 -0.077  0.048
(0.634) (0.100)  (0.004)  (0.004) | (1.267) (0.199) (0.004)  (0.004)
(120,120) 1.161  -0.070  -0.017  0.017 | 1.823 -0.134 -0.017  0.018
(0.649) (0.055)  (0.002)  (0.002) | (1.298) (0.111) (0.002)  (0.002)

(a) The Mean biases here have been multiplied by 100.
(b) 091 = 0.2, 031 = 0.8, and 032 = 0.4.
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Table 3: Mean Bias and Standard Deviation of t-statistics

031:0 031:0.8 031:—0.8
LSDV  2sFM  CupBC CupFM | LSDV  2sFM CupBC CupFM | LSDV  2sFM  CupBC CupFM
o91 =10
n,T=20 0.036 0.006 0.016 0.016 0.006 0.0224 0.001 0.001 0.041 -0.001 0.019 0.019
(2.414) (2.445)  (1.531)  (1.502) | (2.527) (2.449) (1.529)  (1.503) | (2.534) (2.455) (1.515)  (1.491)
n,T=40 0.092 -0.036 -0.007 -0.006 0.074 -0.052 -0.012 -0.011 0.019 0.008 -0.006 -0.005
(3.576) (2.589) (1.276)  (1.256) | (3.592) (2.618) (1.273)  (1.254) | (3.588) (2.581) (1.278)  (1.217)
n, T=60 -0.098 0.016 -0.019 -0.019 -0.036 -0.016 -0.011 -0.011 -0.060 0.045 -0.009 -0.009
(4.346) (2.647) (1.182)  (1.169) | (4.325) (2.640) (1.189)  (1.178) | (4.315) (2.644) (1.182)  (1.169)
n,T=120 0.046 -0.019 -0.003 -0.003 0.099 -0.019 -0.075 0.102 -0.088  -0.040 0.068 -0.011
(6.093) (2.696) (1.101)  (L.096) | (6.089) (2.661) (1.118)  (1.094) | (6.095) (2.705) (1.120)  (1.095)
0921 = 0.2
n,T=20 0.104 0.040 0.001 0.185 0.070 0.037 -0.013 0.188 0.105 0.033 0.004 0.181
(2.508) (2.454) (1.558)  (1.497) | (2.529) (2.453) (1.561)  (1.442) | (2.539) (2.465) (1.543)  (1.483)
n,T=40 0.149 -0.013 -0.081 0.140 0.134 -0.022 -0.085 0.142 0.059 -0.003 -0.081 0.143
(3.563) (2.597) (1.304)  (1.252) | (3.578) (2.639) (1.307)  (1.252) | (3.578) (2.612) (1.314)  (1.258)
n,T=60 -0.032 0.039 -0.100 0.115 0.027 0.013 -0.094 0.123 0.011 0.038 -0.087 0.127
(4.357)  (2.651)  (1.209)  (1.167) | (4.357) (2.647) (1.215)  (1.174) | (4.325) (2.646) (1.204)  (1.162)
n,T=120 0.049 -0.016 0.003 0.002 0.097 -0.019 -0.059 0.114 0.012 -0.029 0.062 -0.109
(6.060) (2.640) (1.096)  (1.092) | (6.084) (2.645) (1.115)  (1.093) | (6.043) (2.635) (1.111)  (1.089)
091 = —0.2
n,T=20 -0.031  -0.013 0.029 -0.155 -0.064 0.005 0.125 -0.166 -0.031  -0.029 0.027 -0.152
(2.519)  (2.456) (1.559)  (1.497) | (2.528) (2.439) (1.556)  (1.498) | (2.538) (2.458) (1.556)  (1.498)
n,T=40 0.033 -0.068 0.067 -0.153 -0.005 -0.071 0.061 -0.162 -0.035  -0.021 0.058 -0.159
(3.586) (2.593) (1.312)  (1.255) | (3.597) (2.618) (1.305)  (1.248) | (3.588) (2.574) (1.305)  (1.252)
n,T=60 -0.162 0.002 0.062 -0.154 -0.093  -0.035 0.067 -0.146 -0.114 0.028 0.067 -0.147
(4.335)  (2.657) (1.212)  (1.169) | (4.283) (2.633) (1.210)  (1.168) | (4.308) (2.643) (1.206)  (1.166)
n,T=120 -0.066 0.001 0.007 0.007 -0.010 0.022 -0.062 0.117 -0.111  -0.004 0.077 -0.104
(6.098) (2.679) (1.106)  (1.106) | (6.152) (2.577) (1.116)  (1.092) | (6.119) (2.691) (1.125)  (1.101)

Note: (a) ¢ =15, o33 = 0.4.



Table 4: Mean Bias and Standard Deviation

of t-statistics for Different n and T

c=5 c=10

(n,T) LSDV  2sFM  CupBC CupFM | LSDV  2sFM  CupBC CupFM

(20, 20) 0.070 0.037 -0.013 0.169 0.036 0.030 -0.013 0.169
(2.520) (2.453) (1.561) (1.497) | (2.532) (2.562) (1.560) (1.496)

(20, 40) 0.130 -0.007  -0.009 0.110 0.106 -0.011 -0.009 0.110
(3.539) (1.863) (1.313) (1.286) | (3.541) (1.896) (1.313) (1.286)

(20, 60) 0.029 0.009 0.015 0.085 0.009 0.003 0.016 0.085
(4.303) (1.553) (1.253) (1.239) | (4.305) (1.569) (1.253) (1.239)

(20,120)  -0.090 0.015 0.057 0.064 -0.105 0.013 0.057 0.064
(6.131) (1.222) (1.156) (1.151) | (6.132) (1.220) (1.156) (1.151)

(40, 20) 0.119 -0.015  -0.086 0.242 0.073 -0.019  -0.086 0.241
(2.518) (3.376) (1.549) (1.443) | (2.520) (3.610) (1.549) (1.443)

(40, 40) 0.134  -0.022  -0.085 0.142 0.100  -0.026  -0.085 0.142
(3.578)  (2.639) (1.307) (1.252) | (3.580) (2.739) (1.307) (1.252)

(40, 60) 0.113 0.012  -0.048 0.109 0.085 0.008  -0.047 0.109
(4.328) (2.164) (1.209) (L.177) | (4.329) (2.222) (1.209) (1.176)

(40,120)  0.133  -0.014  -0.007 0.059 0.113  -0.019  -0.007 0.059
(6.097) (1.519) (1.131) (1.123) | (6.098) (L.535) (L.131) (1.123)

(60, 20) 0.123 0.005  -0.161 0.276 0.067  -0.002  -0.160 0.276
(2.521)  (4.042) (1.579) (1.424) | (2.524) (4.409) (1.579)  (1.425)

(60, 40) 0.100 0.069  -0.109 0.192 0.059 0.065  -0.109 0.192
(3.532) (3.206) (1.352) (1.272) | (3.534) (3.375) (1.352) (1.272)

(60, 60) 0.027 0.013 -0.094 0.123 -0.006 0.010 -0.094 0.122
(4.426) (2.613) (1.215) (1.174) | (4.359) (2.751) (1.215) (1.174)

(60,120)  -0.020 0.031 -0.024 0.077 -0.044 0.030 -0.025 0.077
(6.131) (1.866) (1.118) (1.104) | (6.132) (1.902) (1.118) (1.104)

(120, 20) 0.139 0.044 -0.243 0.386 0.060 0.063 -0.243 0.386
(2478) (5.269) (1.681) (1.404) | (2.479) (5.969) (1.681) (1.404)

(120, 40) 0.135 0.037 -0.186 0.268 0.078 0.040 -0.186 0.268
(3.588) (4.369) (1.366) (1.233) | (3.589) (4.706) (1.366) (1.233)

(120, 60) 0.099 0.011 -0.162 0.174 0.052 0.004 -0.162 0.174
(4.272)  (3.683) (1.249) (1.166) | (4.273) (3.902) (1.249) (1.167)

(120,120)  0.097 -0.189  -0.589 0.114 0.063 -0.027  -0.059 0.114
(6.084) (2.645) (1.115) (1.093) | (6.086) (2.741) (L.115) (1.093)

(a) 091 = 0.2, 031 = 0.8, and 032 = 0.4.
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