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1 Introduction

Since the seminal contributions by Perron (1989) and Rappoport and Reichlin (1989), the liter-
ature has produced a comprehensive set of results on the changepoint problem in a time series
framework - we refer, inter alia, to the articles by Andrews (1993), Andrews and Ploberger
(1994), Bai and Perron (1998), and Kejriwal and Perron (2008, 2010). Useful surveys can be
found in Banerjee and Urga (2005) and Perron (2006). When extending the framework to a
multivariate setting, the literature has shown that the cross sectional dimension can lead to
better inference; for example, Bai, Lumsdaine and Stock (1998) show that the estimation of the
changepoint in a VAR improves with the dimension of the VAR, due to the presence of cross
sectional information. As pointed out by Qu and Perron (2007), a crucial condition is having
nonzero correlations across equations, even when including equations without breaks.

Thus, a natural development to enhance the power of tests for structural breaks is to use
panel data models, especially when cross sectional dependence is present. Despite the potential
usefulness, the inferential theory on structural changes in panels is still underdeveloped. There
are a few exceptions: Feng, Kao and Lazarova (2008) and Bai (2010) propose procedures for
dating breaks in simple settings with no cross sectional dependence amongst units; Kim (2010a,
2010b) investigates the estimation of change points in panel time trend models with cross-
sectional dependence; Breitung and Eickmeier (2010) propose a test for changes in the loadings
of a panel factor model.

This paper fills the gap in the literature by proposing an estimation and testing framework for
slope parameter instability in cointegrated panel regression; strong cross-sectional dependence

is allowed for through the presence of common stochastic trends.
Basic model and extensions

We study a cointegrated panel with unit-specific variables (idiosyncratic shocks) and a set

of possibly unobservable variables that are common across all units (common shocks):
Yit = a; + BiFy + vy + wir, (1)

where ¢ = 1,...,n and t = 1,...,7 and (§; and v, are R x 1 and p x 1 respectively. We assume
that (1) is a cointegrating regression for all units 4, so that the vector [F},z%,] is I (1) and the
error term wu;; is stationary for all is. The presence of (strong) cross-sectional dependence arises
directly from the common shocks F;; due to the slope 5 being homogeneous across units, the
term ' F} represents an R-dimensional stochastic time effect. As well as having cross dependence
due to the common shock Fj, and as well as having homogeneous response to common shocks,

we also consider dependence and heterogeneity in the zs as

zy = I'iGy + wi, (2)



where Gy is a set of common factors that can be independent of the regressors F; or overlap with
them, and wy is a unit specific (stationary or nonstationary) shock - see also Pesaran (2006)
and Kapetanios, Pesaran and Yamagata (2011) for a similar (in spirit) framework. From (2),
cross-dependence is accounted for directly (via F;) and indirectly (via the factor structure in
x;t). Heterogeneity in the response to common shocks is also allowed for through the possibly
heterogeneous loadings I';; also, the response to F; is allowed to be (indirectly) heterogeneous
across individuals if G; contains F;.

Model (1) encompasses a wide set of models in economics and finance which may be subject to
breaks. Such a model may represent a situation whereby the decision y;; of microeconomic agent
¢ is influenced by macroeconomic factors F; and by a set of individual specific characteristics,
a; and z;. Examples that have been studied in the literature include, inter alia: demand
for household food consumption (see e.g., Dynarski and Sheffrin, 1985, where households are
assumed to have the same elasticity to food price, which is the common shock, and to permanent
income, which is the idiosyncratic variable); firm size evolving according to a random walk, a case
known in the literature as Gibrat’s law (see Sutton, 1997; Geroski et al, 2002); other examples
can also be found in micro demand for investment, consumption, labour demand. Moreover, the
forward rate unbiasedness hypothesis postulates that the forward rate is an unbiased predictor
of the corresponding future spot rate. This hypothesis has been extensively tested for exchange
rates (Baillie and Bollerslev, 1989; Liu and Maynard, 2005; Westerlund, 2007). Another example
in finance are models for default intensity for firm 4 at time ¢ expressed as function of common
factors (such as U.S. 3-month T-bill and the trailing 1-year returns) and idiosyncratic covariates
such as distance to default and trailing 1-year stock return of the firm 7 (see Das et al., 2007).
Relevant is also the literature on output convergence where output for country ¢ at time ¢ depends
on a set of common, to all n countries, technological shocks/knowledge and heterogenous degrees
of access to the technological knowledge (Pesaran, 2007; Phillips and Sul, 2007).

Finally, most of the results in this paper are derived assuming zero long run correlation
between [F, a:fit]’ and u;;. However, we show that our framework can be accommodated to allow
for endogeneity. Whilst this involves modifying the estimation technique, i.e., from ordinary
least squares (OLS) to fully-modified OLS (FMOLS), the limiting distribution of the test and
the power versus local alternatives remain unaltered. Other estimation techniques have been

proposed in similar contexts - see e.g. Bai, Kao and Ng (2009).
Main results of this paper

We focus our attention on testing for the constancy over time of 6; = (B;, ’y;)/, thus developing
tests for changes in the cointegration relationship between y;; and (2}, F} )’. Considering, for

simplicity, the alternative of only one abrupt change at (unknown) time |7'r|, the null is Hy :



0; = 0 for all ¢, whereas the alternative could be defined as

H, .0, — { 6, fort=1,.. |Tr]

0y fort=|Tr|+1,..,T
with 61 # 6,.

This paper makes two contributions to the existing literature. First, we develop a Functional
Central Limit Theorem (FCLT) for the partial sample estimators of 6, considering both the cases
of observed and unobserved common shocks. Results are extended to the case of endogeneity by
proving an FCLT for the partial sample FMOLS estimators. These results are of independent
interest: ordinary large panels asymptotic theory (Phillips and Moon, 1999; Kao, 1999) cannot
be applied in our framework due to the strong cross-sectional dependence introduced by the
common shocks. Second, we show that tests based on Wald-type statistics (Andrews, 1993; An-
drews and Ploberger, 1994) have nontrivial power versus local alternatives of order Oy, (1/y/nT),
which provides further justification towards the use of panel models in order to enhance the
power of tests. Although the tests are constructed under the alternative H, of an abrupt and
common change, we show that they have power versus other classes of alternatives, e.g. smooth
parameter changes. Also, we prove that our tests, albeit designed for the common changepoint
alternative H,, have nontrivial power versus alternatives where series have a break at potentially
different points in time. This is a desirable property, since a break could be induced by a change
common to all units, but each unit could have different levels of hysteresis and therefore respond
with different lag. Also, we study the presence of power when only some units (say m,) are
subject to a change. We show that, in the extreme case of m,, finite, tests have power versus
local alternatives shrinking as O, (@) when the panel contains many units that do not have

a break, there is a loss of power with respect to the case of testing for one unit at a time.

The remainder of the paper is organized as follows. Section 2 introduces the model. Section
3 discusses the asymptotics; test statistics and their null distribution are in Section 4 defines the
test statistic and it discusses the local power; extensions (including FMOLS) are in Section 5.
In Section 6 we report the finite sample properties, i.e., size and power, of our proposed tests.
Section 7 provides concluding remarks. Appendix A contains some preliminary lemmas; the
proofs of the main results (test distribution under the null and under local-to-null alternatives)
are in Appendix B.

NOTATION. We write integrals involving Brownian motions such as, e.g., fol B(s)dsas
| Bwhen there is no ambiguity over limits. We define Q172 to be any matrix such that
Q = (21/?) (Ql/z)l. We use ||| to denote the Euclidean norm of a vector,> to denote al-
most surely equality, — to denote the ordinary limit, %, to denote convergence in distribution,
2, to denote convergence in probability, || to denote the integer part, B = B () to denote
Brownian motion with covariance matrix 2, and B = B — f B to denote the demeaned version

of B. We let M < oo be a generic positive number which does not depend on n or T



2 Model and assumptions

Consider the panel model with common and idiosyncratic shocks

yit = a; + BiF + iz + war, (3)

with i = 1,..,n and t = 1,...,T. We let F; = (F,..., Fr:) be a R x 1 vector of common
stochastic trends
E - Ft—l + €t, (4)

T+ a p X 1 vector of observable individual-specific regressors,
Tit = Tit—1 + €it, (5)

and [uj, €}, €,,]’ the error terms.
When common shocks F; are not observable in (3), F; can be estimated by a set of observable

exogenous variables, z;;, defined up to a factor-loading specification as
zit = N Fy + eqt, (6)

where )\; is a vector of factor loadings and e;; is the error term. Whilst results are presented
under the simplifying assumption that R is known, the number of common shocks R could be
estimated using e.g. the criteria discussed in Bai (2004). Also, since panel z;; is employed solely
for the estimation of Fy, whilst panel y;; is used to estimate (3, the number of cross sectional
units in the two panels need not be the same. Similarly, the cross sectional index ¢ needs not
refer to the same units: for example, in panel y;:, ¢ could index individuals, but as far as z;
is concerned, i could index different macro variables such as in Stock and Watson (1999, 2002,
2005).

Consider the following assumptions:

. ! . .
Assumption 1: Let wy = [ug, €}, €4, €ir] . We assume that (a) wy is a linear process across t

with E [|wi||*™® < oo for some § > 0, and a Beveridge-Nelson decomposition exists such that
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wy = w; + Ryr, (7)
Tit = Tj + Rur, (8)
wit = uj + Ruir, (9)
eit = e}y + Reir, (10)

where w} and z7, are two random walks with long run covariance matrices (2. and 2, respectively,



2

2 and o2 respectively. Also,

and v}, and e}, are i.i.d. processes with variances o

1
sup [Rjir| = Op <ﬁ> : (11)
for j € {w,z,u,e}; (b) for a given ¢, {uy}, {€;}, and {e;} are mutually independent across i
and independent of {e:}; (¢) {xit, F}} are not cointegrated and €2, and €2 are non singular; (d)

the eigenvalues of ). and the random matrix [ B.B. are distinct with probability 1.
Assumption 2: ||\ < M and 137 | AA] — Xp as n — oo, where ¥ is non singular.

Assumption 1(a) is a standard requirement on the amount of serial dependence allowed for,
and it enables the asymptotic theory developed by Phillips and Solo (1992) and Phillips and
Moon (1999) to hold. The only requirement which is nonstandard is (11), which is needed
as a sufficient condition in order to prove a panel functional central limit theorem (FCLT).
Assumption 1(b) considers a framework where: (a) regressors are strictly exogenous and (b)
no cross sectional dependence is allowed other than the one determined by the presence of the
common regressors Fy. Particularly, 1(b) also rules out the presence of cross-sectional dependence
among the idiosyncratic shocks x;s. As discussed in the introduction, these restrictions are
considered only for the purpose of simplicity of the exposition. We show that the main results
of the paper (null distribution and local power of the test) still hold after relaxing each of these
assumptions. We discuss the presence of cross-dependence among the idiosyncratic explanatory
variables ;s and the presence of endogeneity in Section 5. The requirement that {e;} is
independent of the other innovations considered in 1(b) is needed for the inference on the Fis
when they are not observable and it is a standard assumption - see Assumption D in Bai
(2004, p. 141). Assumption 1(c) rules out cointegration among regressors. This too is a
standard requirement in cointegration analysis - see e.g., Park and Phillips (1988) for discussion.
Assumption 1(d) is a standard requirement in large panel factor literature, and it is needed in
order to identify the factors Fys in (6) when they are not observable.

Assumption 2 is also standard and it ensures that each factor has a nontrivial contribution

towards y;;.

Let T = x5 — % ZZ;I xz;; and wy = F} — % ZZ;I F}. The following proposition is important

for developing the asymptotics in this paper.

Proposition 1 Let Assumption 1 hold. As (n,T) — oo, for all r € (0,1)

n [T7]

1 ~
W Z Z wi Ty = Op (1)

=1 t=1

Proposition 1 states that the asymptotic magnitude of the cross term Y " | Zg? we T, s

Op (\/ET 2). The /n-convergence is achieved since a CLT holds for the cross-sectional average



> i, @, and this holds since the Zys are 4.i.d. among ¢ by Assumption 1(b) and because they

have zero mean by construction.

We now turn to partial sample estimation of 6, studying its asymptotics under the null of

no structural change.

3 Partial sample estimation
This section contains the FCLT for the partial sample estimator (PSE) of 6 in (3).

When F; is unobservable, we propose a two step approach. First, we derive an estimate
of F, say Fy, using (6). Second, we estimate 6 using OLS in (3) replacing F; with F;. The
estimator ﬁt can be obtained applying principal components to the z;; we refer to Bai (2004).
It is well known that F; is identifiable only up to a transformation, say H'F; where H is an
R x R matrix. Thus, using ﬁt in (3) allows to estimate H '3 rather than 3. However, as far
as testing is concerned, knowledge of H'F; and of H~ '3 is the same as estimating F; and §3.
Hence, for simplicity, we assume H being a R x R identity matrix in this paper.

Let Wiy = Ft — = LTTJ

1 ) Zt \Tr|+1 Ft and VVZ“ = [wtl T ] Also, consider

~ ~ !/ . . ~ o
Fy and Wm = [wér, ;t]; define, similarly, w1, = Fp —

yit = o + BiFy + vizi + vit, (12)

where vy = ui + ' (Ft — ﬁt> We define the PSE as

R [ n [Tr) n [Tr]

QILTTJ = Z Z Wlt r ’Lt v Z Z Wit it | (13)
_z 1 t=1 =1 t=1

) [ n T . . B n T e

Ooj7r) = Z Z Wit 1—r i,tl—r Z Z Wit 1—r¥it | » (14)
| i=1t=[Tr|+1 i=1 t=|Tr|+1

for some 7 € (0,1). Under the null

91LT7~J -0 = ?HT” -0
L Y1l T
[ |77 n |Tr]
= Z Z Wzt r 7,t T Z Z Wzt rUst
1 1 t=1 =1 t=1
S S i, ST S S e
_ i=12t= 1 trwtr i=12.t 1 T tr Doic1 2im1 Wit
- r ~ Tr| ~ ~ n Tr| ~ )
i > i ZtL 1J Ty D i 121‘, 1 TaTy Diet ZttzlJ LitVit

and a similar expression can be derived for 0y 7, — 6.
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Before presenting the main result for the asymptotics of élLTT | and 92 \Tr|» We introduce some
notation; let
O'i + 012—1, (15)

ot
of =07 <ﬁ'QBEAQ395> , (16)

N d A
and % Zle wyw;, — Qp.
It holds that

Theorem 1 Let Assumptions 1-2 hold. Then, as (n,T) — oo with 7 — 0

oy o] = e[ B2 i
Yi|Tr] — 7
T D D/ —1/2
0¢ (fo BEBe) ORxp Z1
Opx 50,00 20 (r;0) |
VAT (o~ 0] = VAT ?’ZLT“‘B]& (18)
72LTTJ -7
_ o \—1/2
o¢ <frl Bz—:Bé) Orxp Z ]
Opx R ol 75C (Lir)

uniformly in v, where B, (v) is a standard, demeaned R-dimensional Brownian motion, Z1 and
Zs are two independent R-dimensional Gaussian random variables and the stochastic process
%C (r;5) is Gaussian, independent of Be (r), with independent increments, mean zero and

covariance kernel given in (36).
Remarks

1.1 Theorem 1 is the building block to implement sequential testing for breaks. The process
C'(r;0) is, in essence, a variance transformed Brownian motion. As far as Bl\_Tr | — B s
concerned, it is /nT consistent, as in Phillips and Moon (1999) and Kao (1999). However,
the limiting distribution is not normal, contrary to what typically found in cointegrated
panels, but mixed normal. This is due to the shocks w; being nonstationary and common
across units, which results in the covariance matrix (nT 2)71 S Zthl wyw) converging
to the random matrix [ B.B. rather than to a matrix of constants as in standard panel

cointegration - see the proof of Lemma A.3.

1.2 Equation (36) in Lemma A.3 in Appendix describes the covariance structure of C (r;s);
note that E[C (r;0))* = ir2 and E[C(1; ) = :(1- )2, which is essentially the same
result as Lemma A.4 in Chiang et al. (2002). The covariance structure of the process is

E[C(r;0)C (;0)] = £ (rvs)™.



1.3 The estimates BILTT | — B and 9y, — 7 are asymptotically independent. This result is a

consequence of Proposition 1, whereby

n n ~ 1
1| S Y w0 Y Eaw ] _ Op(1) Oy (ﬁ) (19)

W S Y e, YL T || 0,(L) 00

Also, élLTTJ —6 and 92@” — 0 are independent, as a consequence of both B (r) and C (r;0)

having independent increments.

1.4 A technical note on Theorem 1. The FCLT is shown using a slightly different approach
than ordinary panel CLT (Phillips and Moon, 1999). Here, the proof is based on showing
that, as T' — oo, the FCLT can hold and on working out the variance for each r. That
n — oo is only incidental to the proof. The proof essentially shows that (17) and (18) hold
for all r, thereby proving convergence of the finite dimensional distributions; tightness is
shown using conventional tightness arguments, based on bounding the remainder terms in
the Beveridge-Nelson decomposition of w;, Z;; and u;; - see also the discussion in Phillips
and Solo (1992).

As a consequence of Theorem 1, a similar result can also be shown to hold for the case of

observable common shocks.

Proposition 2 Let Assumption 1 hold. Then, as (n,T) — oo with # — 0, \/nT [éltTTJ - 9]
and \/nT |:92|_TTJ — 9} converge to the same distributions as in (17) and (18) respectively, with
o¢ replaced by o,

The FCLT derived in Theorem 1 can now be used to derive the distribution of test statistics

under the null of no break.

4 Testing

In this section, we consider three statistics: the supremum of the Wald statistic, SupW, the
average Wald statistic, AveW, and the logarithm of the Andrews-Ploberger exponential Wald
statistic, ExpW - see Andrews (1993), Andrews and Ploberger (1994).

Assumption 3: r € (0,1).

Assumption 3 states that the fraction of T at which the change point occurs, r, is bounded
away from zero and one. Thus, our tests are designed to have power versus mid-sample alter-

natives, as it is typical in this literature (see Andrews, 1993, p.838).



Consider 91LT7" | and éQLT'f | defined in (13) and (14) respectively, and define, for j =1, 2

-1
. eiln 0 X
0. = 0; T
JlTr] [ 0 (}u,jlp ] JlTr]

where 6¢ ; and 6, ; are consistent for o2 and ag respectively under Hy. Compute the Wald-type
statistic W (|T'r]) as

S TATA R

ok A~k /
W ([Tr]) = 0177 — Oo1r) -1
] + <Z?:1 Z?:LTTJ-H WitW{t)

[éuTrJ — 0317 | - (20)
Before showing the limiting distribution for W (|7r|) as n and T pass to infinity, some pre-
T o \-1/2
liminary notation is necessary. Let s (r) = (fy B-B.) V2 g, - (frl BQBQ) Zy and M (r) =
o N |
[(fo” B.B) '+ () B.B) ] Define
[C(A;r)—C(r;0)]
J(r) = Vr2+(1-r)? : (21)
[M ()]s (r)
It holds that

Theorem 2 Let Assumptions 1-8 hold. Then, under Hy, as (n,T) — oo with % — 0

W (|Tr]) -5 T (1) T () = Qr(r) + Qu(r) (22)

where Qr(r) and Qp(r) are independent and defined as

Qr(r) =s(r) M (r)] s (r) (23)
and )
B H(l—r)2C'(r;O)—1“20(1;7“)” ol
R s B N 24
Remarks

2.1 Theorem 2 is an application of Theorem 1 and of the Continuous Mapping Theorem. For
a given r, Qr(r) ~ x% and Qp(r) ~ X]%; thus, when suitably normalized, the difference of
the partial sample estimates has a chi-squared distribution for fixed r» with R + p degrees

of freedom.

2.2 Note that J (r)' J (r) is a variance transformed, tied-down Bessel process; when suitably
normalized by its covariance kernel, as in (20), it has the same distribution as in Andrews
(1993).

10



2.3 In principle, one can construct tests separately for S and v using Qr(r) and @Qp(r) since
Qr(r) and Qp(r) are independent. Theorem 2 states that if one wants to test only for the
constancy of g it holds that W (|1'r]) N QRr(r); if one is interested in testing merely for
the constancy of 7 it holds that W (|Tr]) <, Qp(r).

2.4 Theorem 2 holds under more general conditions than Assumption 1. For example, the
theorem still holds if one allows for the presence of (strong) cross-dependence among the
ziS. As we show in greater detail in Section 5, this is because the limiting distribution of
W (|Tr]) follows from the asymptotic normality of [9/1 | Tr]s @lg | Tr] ,, which still holds for

cross correlated xs.

Theorem 2 is valid for any consistent estimators of o2 and ag (of course the choice of these
estimators will affect the finite sample performance). Although here we propose to use estimators
based on the pre- and post- break subsamples, alternatively one could use estimators based on
the full sample - see also the discussion in Andrews (1993, p. 833). To estimate 02, one could

compute
n LT’I‘J

oy = Tr Z Z [yzt Yi — éll\_TerW\it 27 (25)

=1 t=1

which is consistent under Hy (a similar definition would apply for 6372).
To find a consistent estimator of ag, consider the case of e;; being i.i.d.. From (15) a possible
choice is

~2 ~2 ~2
0¢1=0y11t0m,
and similarly for 6272. From (16), we have 612—171 = Bll | Tr] 6,2,7131@“ with
Trj |Tr]

) 1 1 o
7= RE n Z Tr Z Eir | ik T ey | (26)
=1

NI . . ~ ~ N~
where ); is a consistent estimate of A\; and é;; can be computed as é;; = z; — \;F;. Therefore,

we can provide an estimate for O'g for each subsample as
~2 A Y ~2 7
0¢1 =0y + IBILTT'JUTK',IBlI_T’I‘J : (27)
|Tr]

If ey is serially correlated, a different formula should be used in (26), replacing T% -1 é%t with

e.g. some weighted sum-of-covariances estimator.

Proposition 3 Suppose Assumptions 1-8 hold. Then, as (n,T) — oo, under Hy, it holds that

/\

p 2 ~2 p 2 .. ~2 )
Ou1 — 0y and 6¢ 1 — o¢, and similarly for 63 and 6¢ .

Following Andrews (1993) and Andrews and Ploberger (1994), we consider three test statis-

11



tics for the null of no break:

= T

SOV = e B e’ D
1 T—[Tr*]
AveW = T Z W (|Tr]),
| Tr]=[Tr"]
1 T—[Tr*] 1
ExpW = In T Z exp bW(LTTJ)] ,
| Tr]=[Tr"]

where r* represents the fraction of the sample trimmed away from the beginning and the end of

the sample. Using the continuous mapping theorem (CMT) we have the following result:

Corollary 1 Suppose Assumptions 1-8 hold. Under Hy as (n,T) — oo with % — 0

SupW - sup [J(r) T (r)],

r*<r<l—r*

1—r*
AveW -%, / [J(r) J (r)] dr,

EzpW -5 In {/:r* exp BJ (r)'J (r)} dr} :

.
uniformly in r.

Critical values for SupW, AveW , and ExpW can be taken from Andrews (1993) and Andrews
and Ploberger (1994) in light of Remark 2.2. For example, when 7* = 0.15 and R = p = 1,
the critical values of the 5% level for SupW, AveW, and ExpW are 11.79, 4.61, and 3.22

respectively.

4.1 Consistency of the test

In this section, we show that Wald-type tests have non-trivial power versus a general class of
local-to-null alternatives of order O, (1/y/nT). Such alternatives include the case of abrupt
change around one common changepoint, but they also include smooth transitions from one
regime to another and the possibility of different changepoints for different units in the panel.
The time series properties of the local alternatives considered here are in line with the findings in
the literature, and particularly the results that the test has nontrivial power versus alternatives
of order 1/T and the presence of power versus smooth transition changes. The cross-sectional
properties of the local alternatives are found to be more general than those the test is designed
for. The test is shown to have nontrivial power versus alternatives of order 1/+/n (a consequence
of the panel approach) and under the case whereby different units may undergo changes at

different points in time (if any). We also investigate the power when only some units (possibly

12



a finite number) have a break, showing that when a finite number of units have a break, test

have power versus local alternatives of order O, (v/n/T).

We assume the following sequence of local alternatives:

(7). (29)

where g; (+) is a (R + p) x 1 arbitrary, finite and non-zero function defined on the unit interval,

n T
H(ST):GEZL)_

and m,, is the number of units for which g; (-) # 0 (i.e. the units that have a nontrivial break);
my, can be finite or pass to infinity as n — oco.

The properties of g; (%) are specified in the following assumption.

Assumption 4: The function g; (%) is nonconstant and it belongs to the class of Riemann
integrable functions and as (n,T") — oo, for all : (a) miT o tLT;J lgi (%) H2 =0, (1); (b)
Tr| T
T L 21 WaWhoi () = 0, (1): () e S Sy o (F) WaWhai (£) = 0p (1)
T
and (d) mnT PO tL 71«J Wi,gi (%) uip = Op (1).

Possible alternative functional forms for g; () include: a single step function, i.e., g; (s) = 0 if
s < rand g; (s) = A@ (finite) if s > r, which represents a one-time change on 0 at |Tr| = [Tr|;
multiple steps functions that represent multiple changes; time trending function g; (-) = ¢/T.

Under the alternative, we assume that 6 can differ across individual. This has a twofold
implication. First, having different g; (-) across i entails having, under the alternative, breaks
of possibly different magnitude. The case whereby some units have a zero size break (i.e., no
change) is taken into account also. Second, allowing for g; (-) to differ across i also allows to
consider a specification, under the alternative, where the time of the break (and the presence of
breaks itself) is not restricted to be the same across units. This case could be envisaged to take
into account the presence of a common source of break but differently timed reactions due to
different hysteresis across units. Of course, some units may not have any breaks at all, which is

taken into account by allowing for m,, to be strictly smaller than n.

We now turn to studying the asymptotic distribution of the Wald statistic under the sequence

(7) _ s+ 6T

of local alternatives (28). Model (3) can be rewritten as y;, ' = oy + wj¢. Similarly,

when common shocks are replaced by their estimates Wit we have yl(tn n _ a; + Wi’teﬁ"ﬂ + v,
~\/ ~(nT ~(nT
with vy = i + (Ft — Ft> ﬁgnT). Let QgTTZJ and eé’[TZJ be the OLS estimators under the local
alternative (28), and let &id and &% ; be consistent estimators for o2 and a% respectively under
(nT)
H; " ’. Define

0jirr] = jlTr)

-1
Sx(nT) &C,jIR 0 A(nT)
0 Guyl,
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for 7 = 1,2, the Wald statistics under the local alternative can be computed as

-1

~x(nT) ~x(nT)

o A*(nT)}/ <Z?:1 tE;J Witwf’t)il [91@@ — 037

w () (LTr]) = [91LTTJ - GQLT’!‘J . |
+ <Z?=1 Zrir: |[Tr]+1 WitW{t)
(29)

The local asymptotic power for the Wald statistics is given in the following theorem:

Theorem 3 Suppose Assumptions 1-4 hold. Then under HC(LnT)

it holds that WT) (|Tr|) N [J(r) +d ()] [J(r)+d(r)], where J (r) is defined in (21) and
d(r) is defined in Appendiz.

, as (n,T) — oo with 7 — 0,

Remarks

3.1 Consider the case m,, = n. The test has power versus alternatives shrinking as O, (1//nT);
this is a direct consequence of the /nT rate of convergence in Theorem 1. This finding is
consistent with the analysis in Bai, Lumsdaine and Stock (1998), Qu and Perron (2007)
and Bai (2010), where it is shown that the quality of the breakpoint estimates improves

as the number of time series employed increases.

3.2 Theorem 3 shows that the test has some well-known time series properties, e.g., the presence
of power versus “smooth” changes as opposed to abrupt changes for which it is designed
for; this is consistent with the findings in Andrews (1993). The test also has some cross-
sectional properties: albeit designed for the detection of common changepoints, the test
exhibits nontrivial power versus breakpoints located at different times for different time
series. Thus, cases whereby a common shock introduces breaks in all units but at dif-
ferent points in time due, e.g., to different levels of hysteresis of inertia across units are

encompassed by the test.

3.3 When m,, is o(n), the test has a loss of power. This is not surprising, since only some of
the cross sectional information (the one from the units which have a break) is actually
relevant. As an extreme, consider the case when the number of units that do have a
break is finite, i.e. m, = O(1). Theorem 3 shows that in this case the test has power
versus alternatives of order O, (y/n/T), thus being worse than in the univariate case where
nontrivial power is attained versus local to null alternatives of order O, (1/7"). Including
cross sectional information is beneficial when there are breaks in the units, whereas it

worsens the performance of the tests when many units do not have breaks.

Theorem 3 holds for any choice of the estimators 52 and &g, as long as they are consistent

. . - ATy = 72
under ", A possible estimator for o2 is 0371 = ﬁ S t@ﬂ Yit — Ui — §’[T2] Wit

. ~ ~ ~(nT) 9 (0T A . . .
To estimate ag we propose 0271 = 0371%— BYET% Orn BYETi |, where 072“1 is defined in equation (26)
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and Bg’@ | is the partial sample OLS estimator for 3 under H(SHT); similar definitions can be
computed for 612172 and 5%72.

The following proposition establishes consistency for &%71 and &%1 under HC(LnT):
Proposition 4 Suppose Assumptions 1-4 hold. Then under the local alternative hypotheses
HC(LnT) defined in equation (28), it holds that as (n,T) — oo, 5371 £, o2 and 6’%1 2, O'g. The
same holds for 63’2 and 5272.

5 Extensions

In this section, we consider two extensions: (a) the presence of cross-sectional correlation among
the idiosyncratic shocks x;;, and (b) the presence of endogeneity in the cointegration relationship.
First, we prove that even though the asymptotic law of the OLS estimator changes when cross-
dependence is considered among the x;;s, however the asymptotic distribution (and local power)
of Wald-type statistics is unaltered. Second, as far as the case of endogeneity is concerned, we
develop an FMOLS estimator to accommodate for it, showing that, when using this estimator,

results concerning the test remain unchanged.
Cross-sectional dependence among the x;s

Theorem 1 shows an FCLT for él\_Tr | and 92 |7+, from which the limiting distribution of the
Wald statistic W (|T'r|) can be inferred. We show that asymptotic mixed normality is preserved
also when we allow for cross-dependence among the x;s, even though asymptotic orthogonality
between B — 8 and 4 — v does not hold any more. Consider a simpler version of (2), viz.
xi = [';Gy, where Gy is a set of I (1) shocks that could contain some of the Fs, and let the

following assumptions hold.

Assumption 5: G; = Gy_1 +¢f with (a) {ui}, {er,e{}, and {e;} mutually independent
across i for all ¢; (b) letting wo;y = [Um gl e, eit],, woj; 18 a linear process across ¢ with mean

zero and finite 4th moment and an FCLT holds so that uniformly in r for all 4

1 SR d g: gji
Nii ; wait — Bay (1) = Bo(r) |’

Sy

e (r)

2

where B, (r) is a multivariate Brownian motion, whose elements have covariance matrices o,

Q, Qa and 02; (c) a Beveridge-Nelson decomposition holds for we;; with the remainder bounded

as in equation (11).

Assumption 6: (a) {I;}]_, is a random sequence independent of [u;,e}, ef” ,eit]/ with (i)
n~ 13" .0 % B where Sp is non singular and (i) n=' S Ty B T; (b) as (n,T) — oo it
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holds that

n LTTJ
1 _ T_ _
o 2 2 GG 5 ey ( / BGB’G) n?
i=1 t=1 0
and (under 7 — 0)
1 n LTTJ d r
1 NG, 5T / BuB!

uniformly in 7.

Assumption 5 extends Assumption 1 to take account of the factor structure in the x;s; for
the sake of simplicity, the idiosyncratic component in (2), wj, is omitted here. Assumption
6(a)(ii) considers two possible, alternative cases, whereby the loadings I'; have either zero or
nonzero mean. This will be shown to play an important role in the asymptotic variance of éLTT |-

The following result, which is the equivalent to Theorem 1, holds:

Proposition 5 Suppose Assumptions 2, 5 and 6 hold. Under Hy, as (n,T) — oo with % — 0

T D D T D DI T —1/2
fO BgBé fO BEB/GF/ 1/2 % Z,

T {6170 — 0] 2 _Jo e =7a
VAT [Bugrey 6] = ¢ [ fy BeB. = (Jg BoBe)

uniformly in r, with Z an (R + p)-dimensional Gaussian random variable.

Proposition 5 shows, in essence, that the FCLT for 91LTT | — 0 is the same as BILTT | — B forin
Theorem 1 (up to adjusting the dimension from R to p+ R). This entails that W (|T'r|) has, as
(n,T) — oo with 7 — 0, the same distribution as Qg(r) in (23), although the dimension changes
to R+ p. Therefore, tests based on W (|7'r]) have the same properties under Assumptions 5
and 6 as under Assumptions 1; this includes power versus local alternatives and consistency of
the estimator of o.

Proposition 5 also has some important differences with Theorem 1, mainly in terms of the
correlation between 3 — 3 and 4 — 7 and the presence of o¢, instead of oy, in the expression
of 4 — . The former is in general not zero, thus not having asymptotic independence, unless
' = 0; this, in essence, is because as T' — 0o, T2 Zthl GF] does not converge to zero even if

F; and G; are independent.
Endogeneity and FMOLS estimation

This section considers extending the framework to incorporate the case of endogeneity; we
develop a FMOLS estimator and we show that the null distribution of the Wald-type test statistic
is the same as in Theorem 2. This is based on showing that an FCLT holds for the partial sample
FMOLS estimator, and thus all results derived above still hold in the case of endogeneity.
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Assumption 7: (a) Assumption 1(a) holds; (b) a multivariate invariance principle for w;; holds,

/
such that, as T — oo for all 4, % Zt@ﬂ Wit 4, B;(r) = [Bu,i (r),BL (T),Bé’i (r),Be,i (r)} ,
with long run covariance matrix given by diag {Q, o? }, where diag {-} represents a block diagonal

matrix and

Qu Que Qe
Q= Qe Qe Qe s
Qe Qee Qe

partitioned conformably with w;;, where we assume 2. and €., both equal to zero for simplicity;

(c) {uit, e, €, } and {e;r} are two independent groups.

Assumption 7 substitutes Assumption 1, and it considers the presence of endogeneity, which
is taken into account through the terms 2., and ¢, in the long run covariance matrix: both the
common and the idiosyncratic shocks can be correlated with the error term u;. For simplicity,
the long run covariance matrix of the B; (r) is the same for all i. Independence between {e;;}

and {u;, &, €4} is still required in order for the asymptotic theory for ﬁt to hold.

Define also
1 Zt Uit Ui0 Zt uztAFé Zt uitAx;() Ay Ay Aye
A= Th—{réo TE Zt AFtuig Zt AFtAFé Zt AFtA-'L';() - Az—:u A€ Aee 5
Zt Aa:ituio Zt A$ztAF6 Zt Al’itA$;0 Aeu Aea A6

and as before, for simplicity we assume A, and A equal to zero. Assumption 7 entails (see
e.g., Phillips and Durlauf, 1986)

T

{Z Wit [uit + B (wy — ﬁ)t)] }

t=1

T
= =,
E Wit it
t=1

N (f Bé‘Bé)im \/Qu +o0? <5/QBZA%B> X Z + Aew
f Be,idBu,i + Aeu

)

for all 4. Therefore, the OLS estimator of 6 is no longer /nT consistent due to the persistence
of the asymptotic bias terms A, and A, across units - see also the discussion in Phillips and
Moon (1999, p. 1084).

Let Qe = [ QL 2, }/, Qeey = diag{Q:, Qc}s Meoyu = [ AL, A ]/ and A =
diag {Az, A¢}, where diag {Qc, 2} is understood as a block diagonal matrix with Q. and €

on the main diagonal and similarly for A.,). Estimates of 2 and A are based on L (j) =

—~ /
%Zthl VV:& HVV;;', with Wz‘; = {ﬁz‘t, AF;, Ax;t} . Estimates of €); and A; can be calculated as

O = Z]T:_ETH w (%) [ (j) and A; = ZJT:_OI w (%) [ (j) respectively, where w (z) is a kernel
and h is the bandwidth.

The averaged kernel estimators of € and A are calculated as € = s, Q; and A =
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LS, A;. The following assumption characterizes the kernel w ().

Assumption 8: (a) w(0) =1, w(z) = w (—z), [*°_w? (z) dz < coand lim, . |2| 7?1 —w (2)] <

o0
00, for some g € (0,00); (b) as n, T and h — o0, it holds that % — 0 and h%q —e>0.

Assumption 8 is the same as Assumption 11 in Phillips and Moon (1999, p. 1085), and it
ensures that

Vi(0-9) = o,(1). (30)
NG (A - A) = o,(1). (31)
These are stronger than simple consistency and they are needed to prove the asymptotics of the
FMOLS estimator (see Phillips and Moon, 1999, p. 1109). Note that n does not play a role in

determining the value of the bandwidth h.
Let

N « 1 A 0 R N
+ _ e —1 .
Mg =Reow = 2 ( 0 ik, ) Qe Ueaui
the partial sample estimates for 6 are defined as

-1

[ n [7r)
/‘FM —_
Orirey = | DD WulWh|  x
i=1 t=1
[ |77 n |Tr] A N
= 1 wAF]  wAz, A A .
Wityit - T = =~ ‘ Q € Q €),u nkA+€ )
and
I n T -1
95%@ = Z Z Wz’tw\{t X
_i=1 t:LTTJ+1
i n T n T ~ = o
o~ 1 thFt/ th$(t Al A
I/Vityit - = = ’ Q € Q €),u
;t=LTZH+1 vn ;t=LTZTJ+1 ( v AF] /nea A, (e

_ _ A+
n (T — |Tr)) A(&m] .
This estimation procedure follows similar lines as e.g., in Phillips and Moon (1999, p. 1085);

the only difference here is the presence of the normalization term /n, due to the presence of

comimnon regressors across units.
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The Wald statistic for the null of no structural change is defined as

_ -1
I_TT'J Tir /\/ 1
~F M ~FMx 7/ Z?:l Zt:l Wi Wy ~F M ~F Mx
WFM(LTTJ) = {91LT7«J - 92@@] ( n T —~ />\, —1 [HILTTJ - GQLTTJ )
+ <Zi=1 Dt |Trj+1 WitWit)
(32)
where 1
Fus | R 0 pEM
i = g (Qu _ Queﬂglﬂau) I jlTr)
with QC being an estimator of
O = (O — Q02 100) + 02 (F Qa6 (33)

constructed as Q¢ = <Qu - QUEQ;1@EU> + &2 (BQ}%B), where 3/6,2,,5’ is defined in (26).
It holds that

Proposition 6 Let Assumptions 2, 7 and 8 hold. Under Hy, as (n,T) — oo with # — 0, it
holds that WFM(|Tr|) - J () J (r).

Proposition states that the limiting distribution of WM (|Tr|) is the same as the one in
Theorem 2; thus, none of the results obtained so far, including Corollary 1 and the critical values
for the statistics SupW ™ (|Tr|), AveWFM(|Tr]), and ExpW ™ (|Tr|), change.

6 Monte Carlo Simulations

In this section, we use synthetic data to assess the null rejection probabilities and the power
properties of SupW (|Tr]), AveW (|Tr|), and ExpW (|Tr|). We consider combinations of
n = {20, 40, 60, 120, 240,480} and T" = {20, 40, 60, 120, 240, 480}. The Monte Carlo experiments

are based on the following design

/ !
yit = o+ By + v + wge,
Fy = F1+ey,
Tig = Tjp—1+ €,

/
zip = NFi+ e

We assume a single factor and one single idiosyncratic component, such that R = p = 1. Under
the null hypothesis of no structural change, we set the values of the parameters § =1 and v = 1.
Also, we generate a; and \; from i.i.d. N(0,1) and N(2,1) respectively.

We run a first set of experiments with i.7.d. data, reported in Tables la and 2a
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[Insert Tables la and 2a here]

In order to assess power and size under serial correlation and endogeneity, we generate

! . . . . . !/ .
[wit, €}y, €54, €h,] as follows. We firstly create a Gaussian i.4.d. sequence [, &)y, €l €ly]’, which
ensures that the error term e;; is independent of 7, é;t and ¢;;. Contemporaneous correlation

between 1, &5, and &; is imposed by premultiplying é; = [t £}, é;t]/ by the Choleski factor of

I\_Trj 0 pFl [Tr|n
I = 0 Ly pX550
pFln, |Tr] pX 17)1(,np I,

The coefficients pf” and p* represent the correlation coefficients between ii;; and &; and ii;; and

/ . /
Y

¢, respectively in the new vector €, = [tiy, &L, €]’ also, T 7| denotes an identity matrix of

dimension |T'r] and e.g., 17|, is a [T7] x n matrix of ones. Serial correlation is induced by

|

creating e; = [u, &k, €] according to an ARMA(1,1) specification defined by
€t = PeCit—1 + ét + eeét—l- (34)

We report results for {pF,pX,pe,He} ={-0.4,-0.4,0,0.4} in Tables 1b and 2b
[Insert Tables 1b and 2b here]

Size and power are evaluated at 5% level. For the purpose of size distortion assessment,
we note that the critical values of the 5% level for SupW, AveW, and ExpW are 11.79, 4.61,
and 3.22 respectively, as derived by Andrews (1993) and Andrews and Ploberger (1994). Power
assessment is conducted under the alternative hypothesis of structural change in 6 = [ﬁ’ Y ]/,
where the break is located at the 40% of the sample. To control for the break magnitude, we

set under H,

) Ofort < |T7]
- (14¢)6 fort > |Tr]

where c is a scalar that defines the percentage change in the parameter values. We set ¢ = 0.5.
All our results have been obtained using 10,000 iterations; when generating DGPs, the first
1,000 observations are discarded to avoid dependence on the initial conditions. All routines

have been written using Gauss 6.0.

Table la contains empirical rejection frequencies of the test statistics, SupW, AveW, and
ExzpW , under the null that § and « are stable over time. Overall, all three test statistics
show good size as n and T increase. The three test statistics are undersized if n and T are

small, though size distortion is significantly reduced as 1" increases. Table 1b illustrates the null
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rejection frequencies for tests constructed upon the FMOLS estimator. The test statistics tend
to be slightly undersized for small samples, and using the FMOLS estimator leads to a more
evident improvement in the sizes for all statistics for small samples, starting from 7' = 20. As
samples get larger, results are substantially equivalent as those found when tests are conducted
using the OLS estimator, with the only exception being the cases of (n,7") = (20,120) and
(n,T) = (20,240) where the three statistics become substantially oversized.

Table 2a gives the power of the test statistics. All tests show very good power properties.
The power gain is substantial as T" increases and more moderate for increasing sizes of n. This
result is consistent with the \/nT asymptotics of the three tests, as reported in the paper.
When using the FMOLS estimator (Table 2b), the power improves even for moderate samples
(n > 40), which is consistent with the efficiency gain with respect to OLS. We note that the
power improvement is more pronounced as n increases rather than as T' increases. Even with

T = 20, the power improves substantially as n increases.

7 Conclusions

In this paper, we derived an inferential theory for testing for an unknown common change point in
a cointegrated large panel regression. The model we considered contains unit specific regressors
but it can also accommodate for the presence of common shocks, thereby allowing for strong
cross-sectional dependence. We analyze both the cases of observable and unobservable common
shocks, and we prove an FCLT for the partial sample estimators under various assumptions -
1.1.d. data, strong cross dependence among idiosyncratic regressors, endogeneity.

For the purpose of testing, we study various transformations of Wald-type statistics, showing
that under the null the limiting distributions are nuisance parameters free and depend only
on the number of regressors. The distributions of the Wald-type statistics are functionals of
the tied-down Bessel process, as found in the univariate stationary regression framework in
Andrews (1993). The proposed tests are shown to have nontrivial power versus sequences of local
alternatives of order O, (1/4/nT'); the term 1/y/n shows the usefulness of the panel approach.
Although the tests are designed for the case of one abrupt change common to all units, we show
that the tests have power versus smooth, transition-type alternatives (similarly to Andrews,
1993) and also versus heterogeneous changepoints. Monte Carlo evidence shows that tests have
the correct size and good power properties, the power gain being substantial as 7" increases and
more moderate for increasing sizes of n, consistent with the \/nT asymptotics. However, when
only some units have a break, our results show that the performance of tests actually becomes
worse than in the one-unit-at-a-time case, as tests have power versus local alternatives shrinking
at a rate Op (v/n/T) in the extreme case of a finite number of units having a break.

An interesting development of the framework studied in this paper could be the extension to
the multiple breaks case, following a similar approach as Kejriwal and Perron (2008, 2010). Also,

our test statistics are based on taking the supremum of the Wald-type statistics over a trimmed
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interval. Alternatively, the Wald-type statistics could be normalised to take the supremum over
the whole sample. This approach is discussed in various contributions (we refer to Csorgo and
Horvath, 1997, for a comprehensive review) in a time series setting; it would be interesting to
extend it to a panel setting, analysing the role of n — oo. This is an exciting research agenda

for future work.
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Panel A: Size for SupW
n\T 20 40 60 120 240 480
20 0.0175 0.0375 0.0372 0.0694 0.0587 0.0519
40 0.0145 0.0236 0.0248 0.0462 0.0514 0.0604
60 0.0149 0.0260 0.0340 0.0337 0.0397 0.0550
120 0.0151 0.0287 0.0346 0.0373 0.0470 0.0561
240  0.0172 0.0309 0.0306 0.0360 0.0480 0.0454

480 0.0212 0.0285 0.0351 0.0349 0.0501 0.0560
Panel B: Size for AvelW
n\T 20 40 60 120 240 480

20 0.0267 0.0375 0.0350 0.0534 0.0407 0.0350
40 0.0258 0.0267 0.0242 0.0342 0.0349 0.0403
60 0.0220 0.0273 0.0312 0.0299 0.0265 0.0339
120 0.0238 0.0298 0.0315 0.0325 0.0306 0.0354
240  0.0241 0.0333 0.0330 0.0311 0.0367 0.0314
480 0.0312 0.0300 0.0307 0.0298 0.0375 0.0349
Panel C: Size for ExpW

n\T 20 40 60 120 240 480

20 0.0306 0.0472 0.0455 0.0724 0.0537 0.0458
40 0.0272 0.0325 0.0534 0.0475 0.0461 0.0525
60 0.0241 0.0353 0.0392 0.0337 0.0352 0.0455
120 0.0269 0.0388 0.0428 0.0396 0.0411 0.0473
240  0.0289 0.0427 0.0403 0.0362 0.0453 0.0405

480  0.0370 0.0403 0.0415 0.0377 0.0489 0.0460
Table 1a. Empirical null rejection frequencies at 5% nominal level for tests based

on SupW, AveW and ExzpW. Data are generated as i.i.d.. The estimation method
for 0 is OLS.
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Panel A. Power for SupW
n\T 20 40 60 120 240 480
20 0.0715 0.2085 0.4723 0.7962 0.9972 1.0000
40 0.0850 0.2332 0.5129 0.9467 1.0000 1.0000
60 0.0932 0.3281 0.6545 0.9837 1.0000 1.0000
120 0.1340 0.5551 0.8512 0.9999 1.0000 1.0000
240  0.2545 0.9640 0.9697 1.0000 1.0000 1.0000

480 0.4195 0.9327 0.9996 1.0000 1.0000 1.0000
Panel B. Power for AvelW
n\T 20 40 60 120 240 480

20 0.0859 0.2170 0.4477 0.8364 0.9983 1.0000
40 0.1055 0.2699 0.5523 0.9655 1.0000 1.0000
60 0.1172 0.3693 0.6917 0.9927 1.0000 1.0000
120  0.1686 0.6003 0.8921 1.0000 1.0000 1.0000
240 0.2991 0.8142 0.9877 1.0000 1.0000 1.0000

480 0.4700 0.9637 1.0000 1.0000 1.0000 1.0000
Panel C. Power for ExelW
n\T 20 40 60 120 240 480

20 0.1009 0.2448 0.4993 0.8321 0.9980 1.0000
40 0.1224 0.2838 0.5628 0.9620 1.0000 1.0000
60 0.1329 0.3874 0.7006 0.9910 1.0000 1.0000
120  0.1806 0.6151 0.8899 1.0000 1.0000 1.0000
240  0.3168 0.8131 0.9850 1.0000 1.0000 1.0000

480  0.4894 0.9599 0.9999 1.0000 1.0000 1.0000
Table 2a. Empirical power at 5% nominal level for tests based on SupW, AveWW

and FExpW. Data are generated as i.i.d.. The estimation method for ¢ is OLS.
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Panel A: Size for SupW
n\T 20 40 60 120 240 480
20 0.021 0.030 0.054 0.113 0.180 0.043
40 0.028 0.057 0.042 0.037 0.052 0.066
60 0.061 0.038 0.035 0.080 0.043 0.043
120 0.031 0.038 0.037 0.040 0.054 0.055
240  0.046 0.032 0.042 0.038 0.053 0.043

480 0.032 0.034 0.043 0.043 0.042 0.037
Panel B: Size for AvelW
n\T 20 40 60 120 240 480

20 0.030 0.033 0.045 0.070 0.101 0.024
40 0.039 0.056 0.039 0.027 0.033 0.038
60 0.068 0.037 0.035 0.056 0.028 0.026
120 0.042 0.039 0.035 0.031 0.032 0.033
240 0.056 0.037 0.039 0.033 0.035 0.026
480 0.044 0.037 0.041 0.035 0.029 0.026
Panel C: Size for ExpW

n\T 20 40 60 120 240 480

20 0.035 0.041 0.066 0.114 0.168 0.039
40 0.048 0.071 0.054 0.039 0.057 0.058
60 0.088 0.049 0.043 0.084 0.041 0.038
120  0.052 0.050 0.045 0.041 0.050 0.048
240 0.071 0.047 0.052 0.043 0.052 0.039

480 0.055 0.048 0.051 0.047 0.040 0.034
Table 1b. Empirical null rejection frequencies at 5% nominal level for tests based

on SupW, AveWW and ExzpW. Data are generated according to (34). The estimation
method for 6 is FMOLS.
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Panel A. Power for SupW
n\T 20 40 60 120 240 480
20 0.064 0.144 0.324 0.763 0.974 1.000
40 0.086 0.319 0.555 0.933 0.999 1.000
60 0.156 0.405 0.692 0.983 1.000 1.000
120 0.207 0.618 0.886 1.000 1.000 1.000
240  0.365 0.809 0.987 1.000 1.000 1.000

480 0.536 0.961 1.000 1.000 1.000 1.000
Panel B. Power for AvelW
n\T 20 40 60 120 240 480

20 0.081 0.182 0.372 0.804 0.985 1.000
40 0.107 0.342 0.604 0.959 1.000 1.000
60 0.173 0.442 0.742 0.992 1.000 1.000
120 0.234 0.662 0.925 1.000 1.000 1.000
240  0.398 0.864 0.994 1.000 1.000 1.000

480 0.569 0.982 1.000 1.000 1.000 1.000
Panel C. Power for ExelW
n\T 20 40 60 120 240 480

20 0.097 0.193 0.383 0.807 0.985 1.000
40 0.126 0.373 0.614 0.955 1.000 1.000
60 0.204 0.467 0.745 0.992 1.000 1.000
120 0.265 0.678 0.922 1.000 1.000 1.000
240 0.435 0.864 0.993 1.000 1.000 1.000

480 0.606 0.980 1.000 1.000 1.000 1.000
Table 2b. Empirical power at 5% nominal level for tests based on SupW, AveW

and FzpWW. Data are generated according to (34). The estimation method for 0 is
FMOLS.
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Appendix A: Preliminary Lemmas
Henceforth, we use the following notation: C,r = min {\/n,T}, F° = T~! Zle F;, and
F=T1"1 Zle F\t.
Lemma A.1 Under Assumptions 1 and 2, as (n,T) — oo and for all r € (0,1)
~ 2
(a) 710 ’Ft—FtH =0y (Cot)

(b) TV [l — wil* = O, (C7),

(c) T S w) (i —we) = O, (C1).

Proof. Without loss of generality, we prove the Lemma for » = 1. Part (a) is taken from
Lemma 1 in Bai (2004). Consider part (b):

|(Fi-7)+ (7o)

Nl =
B

T
LS iy — w2 =
e t — t —
TtZI

-
I
—_

IN

M=

% [Hpt FtH +||F - ] =1 +11.
Part (a) yields I = O, (C’;ﬁ), as far as I is concerned, HF — FOHQ = HTfl Zthl (ﬁt - Ft) H2 <

<T_1 ZtT—l Hﬁt_FtH2> =0, (C, ) Therefore I1 = O, (C,, ) and thus 7'~ 1Zt Ll — we||? =
O, (C’nT) To prove part (c), note

| =
]~
e

|
>
—
)
|
|
N—
+
o

|
L

i -

H I
il

1

[M]=

1
T

o
I

F, (ﬁt - Ft> + (% iw,ﬁ) (F — F°)
-#'73 (B- )

t=1
= I+II+11I

Lemma B.4(i) in Bai (2004) ensures that I = O, (C;YJ:) As far as I1 is concerned, we have I1 =
/ ~ / ~

sLn] [P5 ()| = S [rSE A

entails 71 Zle wy = Op <\/T) From Lemma B.4(iii) in Bai (2004), T 121: 1 HFt FtH =

} ; Assumption 1

Op (Tfl/ng%); thus, I = O, (C ) As far as II1 is concerned, note I[11 = [T Zt 1Ft}

[Tfl Zthl <F\t — Ft)}, and therefore I11 = O, (CJT) similarly to I1. m
Lemma A.2 Under Assumptions 1 and 2, as (n,T) — oo and for all v € (0,1).
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(a) T2 Z Wy} -2 ZtTf'{J wwi+ O (T7Y2C, 1), with T2 ZtT;J wiw; = Op (1);
(b) n” V2T YTE, Ztgij g = V2T S i Oy (C);

(c) n~l/27-1 D1 ZtLT;J Wy ( ) VT ZtLT;J wy ( - ﬁt) +Op (\/ﬁqﬁ%% with =271
> e ZF:J wt( - Ft> = 0Op (\/T_ZCJT)?

(d) n~1/27-2 > i Zt@lﬂj Ty =n Y271 Y Zt 1 Titwyt n~1/27-1 > Zt@ it (0 — wy)' =
Op (1) + Oy (Tﬁlcgfl{) .

Proof. We prove the Lemma for » = 1. For part (a), note that

(wt + wt — wt) (wt + wt — wt)'

S~
]
§>
&
I
S~
]~

o~
Il
MR
o
Il

1

1
T2

Il
MH

1 .
twé + ﬁ Z Wt (wt — wt)/
1 t=1

1 & 1 &
+ﬁ (ﬁ)t —wt) ’LU,?—FEZ(’LZ& —wt) (’Lﬂt —wt)/
t=1 t=1

= I+II+I1IT+1V.

Assumption 1 ensures that I = O, (1). As far as II and I1] are concerned, application of the

Cauchy-Schwartz inequality and of Lemma A.1(a) ensures that they are bounded by

. T /2 , o 1/2
T2 (Z Hth2> (Z [ — th2)
t=1 t=1

As far as IV is concerned, using Lemma A.1(b) we have HT*2 Z;le (W — wy) (wy — wt)/H <
T2 iy — we||* = Op (T71C2). Hence, T-2 5[ iy = T2 300 wew)+ O, (T712C01) +
Op (T1C7)-
Turning to part (b), n= /271 S Zthl Wpugy =n~ 1271 S Zthl wyuig4 n 2T S Zthl
(¢ — wi) uie. The Cauchy-Schwartz inequality and Lemma A.1(b) entail

11

IN

1/2

1
-0,(5)-

(35)

1 < ?
=D i
Vi

ZZ by — w) iy < ( ant th|> :

zltl
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To prove (c) consider

T T

n R - n - n R ~

\/T_E !, (Ft—Ff) = % 3w (Ft—Ft> +% " (o — wr) <Ft—Ft) =T +1I.
t=1 t=1 t=1

From Lemma A.1(c) it follows that I = O, (\/EC;%) As far as I is concerned,

11

IN

1 T 2 1 L =112 v
ﬁ(TZHﬁ)t—thz> (fEHFt_FtH )
=1 t=1

= ion () o () = (e)

To prove part (d), let n=/27=25"" ST Fwi+ n= 12702520 ST G (b — wy) = T+
II. Proposition 1 (proved below) ensures that I = Op(1). As far as II is concerned, note
that the sequence T;; (w; — wt)' has zero mean and is conditionally i.i.d. across i; thus, a CLT
yields Y0 | Ty (wy — wy) = O, (y/n); the rest of the proof, to show that Zle Ti (W — wy) =
O, (TC’;Tl), is similar to that of Lemma B.4(i) in Bai (2004), and thus passages are omitted. m

Lemma A.3 Let z; = x;—1 +u], with ui a zero mean, unit variance MDS, and let u; be an

77

MDS independent of u?, with unit variance. Then, as T — oo for a <c<b<d

17

1 [70) 1 [T0) 1 |7d] 1 [7d]
PAT 2 |Bi- g 2 %Xy 2 % gy 2 vl
1=|Ta] 1=|Ta] i=|Tc| 1=|Tc]|
d—a)b—c) |1
- g5 0

Proof. Let Z; be the demeaned version of x; and note

i 1 ] |7d| 1 |Tb] |Td|
L i=|Ta| i=|Tc| i=|Ta| j=|Tc]
[ 1 [Tb] 2_ 1 [Tb]

= E ﬁZ@w) —E EZ@?
L i=|Tc| ] i=|Tc|
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due to the independence of u; and to E (u?) = 1. We have

i=|Tc| i=|Tc]|
1 [Tb] ( [Tb] ) ( 1 |Td] ):|
+FE Z T Z T
T2 _ d—
i=|Tc| ( CL) i=|Ta] ( C) i=|Tc|
[ 1 1 |70) |70)
Elmrpoa | 2w | 2
L i=|Tc| i=|Ta]
[ 1 1 [Tb] |7d)
| i=|Tc| i=|Tc]
= I+1I-1I1-1V.
As far as I is concerned, it holds that, as T — oo, I = ZETIH,C | ( ) ZzLTZH,C | 7 —

fcb udu = % (b2 - 62). Also

|Tb] |Td]

b
I = (b T3 E E :1:1:1:]

1=|Ta] j=|Tc|

. [Te]  |Td)
= —(b— 0 Z Z (xz5)
=|Ta] j=|Tc|
|Tb] |0 |Tb|  |Td]
+ Z (wiz;) Z > Blwig)
1=|Tc| j=|T¢| i1=|Tc| j=|Tb]
[Tc]
b—c 1
B s VR S
b— d—c)T3
EDICEr { 2
|Tb] |Tb] | Tb]
+ > > (AN +Td=b) > i
i=|Tc| j=|Tc]| i=|Tc|

e c b b b
— m(d—c)/ udu+/ / (u/\v)dudv—i—(d—b)/ udu
(b—c)(d—c¢) (02_ 2)+1 (b—c¢) (b3—c3)

3(b—a)(d—c)
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Similar passages yield
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1 1
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2 2
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(xiz5)

E (zjz;) +

[T

Th-c Y i+t > Y (ir))

i=|Ta] i=|Tc] j=|Tc]|

LT

|Tb] |T0]

2 2 F

=|Tc| j=|Tc|
[Tb]

S ([aes [ [ o]
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Putting everything together, (36

§d—c(b

) follows.

— ).

34

|Tb| |Td|
=|Tc| j=|Tb]
|Tb)

SN GAN+TA=b) Y

1=|Tc|

dic [/cb/cb(u/\v)dudv—i-(d—b)/cbudu}

(wiz; ]

E (z;z; ]



Appendix B: Proofs and Lemmas

Proof of Proposition 1. Define ;7. = T2 Z}Z;J wZ,,. Then, the BN decompositions
(7) and (8) in Assumption 1 yield

[Tr]
1 * ok *
t=1

with R; . = Op (T_1/2) due to (11). Let C be the o-field associated with {wt}thl and
consider gfLTr |5 conditioning on C', Assumption 1 ensures that g*LT | is @.i.d. across i. Also,
E [gi‘kLTr | C’} = tLT; wiE (z}) = 0 for all r, since z}; has zero mean by construc-
tion. Letting I; denote the o-field defined as the union of C and {<ip,...,sip}, we have
E [g;"LT” Ii—l} = E[ SilTr C’} = 0. Therefore {g:LTrj’Ii} is a zero mean MDS for all r.

2446
A Liapunov condition can be proved such that for some § > 0, F [

holds because

[ Tr| 240 1 |Tr]

7 D i < Mo 3 I

| Tr| 1/2 [ Tr| 1/2

Ms 2+5)Z” w7 m)ZHT{H =00,

240

Cfmj

IN

where the last equality holds in light of Assumption 1(a) and Theorem 5.2 in Park and Phillips
2+6
(1999). Thus, SiLTr] is bounded by O,, (1) for all i as " — oo, and therefore an MDS CLT

can be applied such that, for all r, n=1/2 S lgz\_TrJ O, (1) as (n,T) — oo. Thus, as far as

Si|Tr) 1s concerned, we have

n

1 1 — 1 &
—ZgiLTrJ = —Zg;‘TT + _ZRZLTTJ = Op (1) —i‘Op( —) .
\/T_ZiZI ﬁi:l e \/T_ZiZI T

Thus, as (n,T) — oo under n/T — 0, n= /231 Zle w @, = Op (1).
Lemma B.1 Under Assumptions 1-2, as (n,T) — oo it holds that, for all r € (0, 1)

(a)

n LTTJ B fT’ D D/ ]
B.B 0
0 —&+e
T2 Z Z Wit 1 ’
nT i=1 t=1 L 0 7% i
(b) .
n |Tr [ 5 B T
B.B’ 0
W/ fO E-e
S |
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Proof. Consider part (a). Proposition 1 implies that the off- diagonal terms of the matrix
converge in probability to zero. Also, —& > 1ZtT;J wiwp = 7 ZtLT; wywy, and a stan-
dard FCLT yields the result. Flnally, standard joint LLN - see Phillips and Moon (1999) -
ylelds T2 Sy ZtT1J Eudl, 2o £r2Q.. To prove part (b), note n 177237 | tL ;J Wy, =

ZLTTJ wiwy+ Op (T 1/ 2CnT), where the last equality holds from Lemma A2.(a). The de-

sired result holds as long as (n,T) — oc.
Lemma B.2 Under Assumptions 1-2, as (n,T) — oo with 7 — 0 it holds that, for all

€ (0,1)

n TTJ T D D 1/2
B.B 0
S>3 T [ 7c(fo BB Oy
t=1 Q

i=1 Opx R Oy

where B (r) and C (r;0) are defined in Theorem 1.
Proof. The Lemma is an FCLT for cointegrated panel data. To prove it, note first that the

covariance matrix is diagonal in light of Proposition 1; thus, we show separately that

n [Tr] r 1/2
Z Z Wy~ o¢ </ BEB;> x B(r), (37)
i=1 t=1 0
1 & [Tr] .
—— Z Z Titviy — 0,02 x C (r;0). (38)

\/ﬁT i=1 t=1

Consider first (37), rewritten as

n |[Tr] |_T7"J n
Z Z Wi = Z Wy [Z % (Uit + B/QB,T)\ieit) +o0p(1);
i=1 t=1 i=1

using the BN decomposition, this is equivalent to

LTTJ

LTTJ n
1 . 1 ~
T ;:1 Wy [—\/T_z ;_1 (uit + 5/QB,T)\i€it)] = 7 E wy

\/—Zme |Tr] +0;D( )
=1

\/72( uy + B'QprA; 6115)]
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Let u}, + B'Q BrAiej; = v}y for all n, conditional on C, Wy (ﬁ oy v;‘t> is a zero mean MDS

with covariance matrix

LTT'J 1 n |Tr| 1 n 2
ra o ()| ~mn e (RS
T

_ PSR
= O'CT2 E Wy Wy

so that, as (n,T) — oo, E { ZLTT ~ (\/_ S Zt) ‘ C} = 0% [y BeBL, in light of Lemma
B.1. Thus, for all r, T~ 1ZtTTJ oy <\/_Zl LU ;“t> —o¢(Jy B B’)1/2><Z, where Z is a standard

normal of dimension R. Tightness follows if

LTTJ T LTTJ 1
sup T Z <% Z;Uz‘t) -7 Z (% Z;Uit) =op(1);

i (G i) - T S o (i o) |+

op (1) = sup, {n‘l/g >oi1 R |17 } Neglecting the o, (1) term and using (11)

however, this is equivalent to sup,. |1’

sup
r

1 O 1 < 1
% ; vai,[TrJ < Slip % ; ‘vai,LTrj ‘ < \/ES;ITP }vai,LTrj ‘ = \/ﬁop <ﬁ> )

which vanishes as (n,7") — oo under % — 0.

As far as (38) is concerned, we have, applying Lemma A.2(d)

n |Tr] n [Tr]
Z Z TitVit = Z Z ajzt“’zt +— Z R:cuz |Tr] +0p ( )
T i=1 t=1 T i=1 t=1 \/_
Let &, = ﬁ Yo Thul; &, is an MDS across ¢. It holds that
| L) 2 \Tr] |Tr]
Z Ent -T2 Z Z B (&niéns)
t=1 s=1
2
1 |Tr] 2 Trj n |Tr]
= EZE nt - uTQZ ZE xit__z
t=1 i=
1T | T 2

- UTQZE it — Tr Z
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: . |Tr] \Tr] 42
Applying Lemma A.3 witha = ¢ = 0and b = d = r, it holds that T2 Y E < x5 — TT im1 xlt>
2

— Qeér That n — oo is only incidental to the main argument of the proof; thus, as
(n,T) — oo, E (T ZLTTJ gnt> = %a%QJQ. In order to prove tightness, similar arguments

as above entail

n I_TT‘J n T’!‘J

*

Sup | ——— E E .I'Ztuzt E E xztuzt
T i=1 t=1 i=1 t=1

n
= Ssup \/— ZRmuz |Tr] +0p (1) < nsluTP ‘R:cui,LTrJ‘ +op (1) = Op <\/;) +0p (1) ;

T

thus, an FCLT holds as (n,T) — oo under 7 — 0. The covariance structure of C (-;-) can be
calculated using (36) in Lemma A.3, recalling that the long run variances of x;; and u; are,

respectively, Q. and o2.
Proof of Theorem 1. The proof follows from Lemmas B.1 and B.2.

Proof of Theorem 2. To prove the theorem, note <éILT7"j _é;LTrJ> = (éILTTJ —0)
- (9;@,, |- 9), and therefore

VAT (Oy7,) — 0

vnT (éImJ - é;LTro - [ L= } VT (D)7, —

where I is (R + p) x (R + p) identity matrix. Theorem 1 and the continuous mapping theorem

entail, for any consistent estimators 62 and (3%

(Jy B-BL) ™ 2
Y50, 2C(r; 0)

(o) "2

V6 Qe 1/20(1;7”)

vnT <9;LT7«J —9;@@) B [ I —I }

L 1- r) J
(Ji B. B/)—1/2 B <f1§ Bé>*1/2 Z o
= =VvIir).
1/2 [C(r0) O
i [ gy
Using Lemma B.1(b) yields
T 1 r e =\ — _ _\—1
<nT2 Zz 1 ZLT J VV’Lth,t> i) (fO BEBQ) ' + (frl BEB;) 0
—1 o
+ <W i1 Zt:LTrj—l—l VVitWiIt> 0 Q T+ (1- r) 60

= G(r).
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Therefore, by the CMT and uniformly in r we have
-1

(7 S S W) VAT (0, - 0

—~ —~ \—1
+ <# Z?:]_ ZEZLTTJ+]_ I/I/’L'tm/i/t)

Lv@) @@ v ()

W(lTr) = Var (8, -0

r2(1—r) 72 (1—7“)2

+[7~1 1 ]1>< [(1—r)20(r;0)—2r20(1;r)] [(1—r)20(r;0)—r20(1;r)]

= I+1I.

Consider I. Conditioning on C, Theorem 1 yields, for fixed r, s(r)|C ~ [( I BEBQ)_l—F

(rmm)]”

result does not depend on C' - i.e. it holds true for all the possible elements in the sigma-field C'.

XN [0, I], so that, conditioning on C, s (r) [M(r)] 's (r)‘ C ~ x%. This

Thus s () [M ()] 's () = Qr(r) ~ X%. As far as I is concerned, normality and independence

of the increments of C (r;0) entail
(1- 1")2 C(r;0) — r’C (L) ~N {O, [(1 — 1“)4 r? 4t (1-— 7")2} Ip} .
Therefore, for every r

pa-n? [V{ofa-nteerta - ni]

7“2—1-(1—7“) (1 —r)* X

Hence, for fixed v, W (|Tr]) 4, Qr(r) + Qp(r); this proves equation (2). Independence of
Qr(r) and Q,(r) follows from the fact that B and 7 are asymptotically independent. This also

proves that both Q,(r) and Qr(r) are nuisance parameters free.

Proof of Proposition 3. Consider & 0 , defined as 0 T Sy Zt 1 <ylt @/Witf.
A2+ 62,
under Hy, 62 = 02 40, (1) and likewise 3 = B+0, (1). Also, it holds that 62 = (% ST u?tu?,’f
[% S (% Ie zt) Aid; } (% S uA}tu“);) From Lemma 2.(a) it holds that 5 3/ b

7 S waw) +op (1). Since A; = \i + O, (T~1) (see Bai, 2004), T~! ST é £> o2. Therefore,

62 =02 (QBEAQ’B> + 0p (1), whence &g 2 Jg.

Consistency of 6 under Hy entails 6 lop 2 2 o2. As far as og is concerned, we have g

=
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Proof of Theorem 3. Under the local alternative Hé”T) the model can be rewritten as

yZ(tn n — o + A»’ Q(nT) + vy

t
= az+m,t9+ \/;_‘thz (T) +UZt

S |
The partial sample OLS estimate for 6 is defined as 9§ A D [Z?:l ZtL:__F;J WitW{t} oy ZLTTJ Wn Yir ),

and therefore

n |[Tr] T on |Tr)
HYIET) _ {Z S /Wl.tﬁ/t] > Z Wi [oaz + 9+ \/_ thl (%) +vit}

i=1 t=1 i=1 t=1
-1
n LTTJ n I_TT‘J
— _ — t
— o+ | W S iji{ﬂ ’<—>+}
[Zl t=1 ' t] {zl t=1 ' mnT tg T o

Hence

var [ - 6]

n_ |Tr] - n_|Tr] ma 17) f N
— ! / —_
- { ) w,twn] T2 3 Wart g 35 W Wi (1)
A(nT)

and similarly for the second partial sample, 05,
A(nT)
ST [9% _ 0}

i £ 7] [ & e e £ P

=1 t=|Tr|+1 =1 t=|Tr|+1 =1 ¢t=|Tr|+1

Combining these two results, it can be shown that

nT)

VnT [em 5

— Oy, )}
n |

X R 1 Tr| P -1 Mn, +
= /nT {GHT@ — 92LTTJ} + (m ; ; Wi W, \/_T Z Z VVzt VVz’t 9i (T)

t =1 t=

1 n T P -1 1 My T /\ t
m Z Z WitWi/t W Z Z Wzt mn thz <T) (39)

i=1t=|Tr|+1 =1 ¢t=|Tr|+1

= I+11.



Consider I and II. It holds that
1 —~ /n —, t
7T & 2 W Wi, (T)

oSS e () s (7w ()

i=1 t=1

m LT my, |17
t
= T2 Z Z Wthztgz < ) T2 Z: Z Wit ( w ) gi <T>

i=1 t=1

mn |T7] my |T7] . / "
o 2o 2 (W= W) Wi () + 1o D 3 (W) (i) (7
= a+b+c+d.

Assumption 4(b) states that a = O, (1). Also, as far as b and ¢ are concerned, it holds that
o [T 1/2 o\ /2
bl < ( EDD Z |7~ ) ( o ZZ sztgz () )
1/2
W (1) )

As (n,T) — oo, Lemma A.1(b) ensures that (Tz ZLTrj oy — wy| ) [ (%)]1/2 _

op (1); also, by Assumption 4(c), \/—T o tLTIJ

c are both o, (1). Finally as far as d is concerned

| Tr| 1/2 mn |T7]
ol CO MR BN D e ol -

i=1 t=1

’ \/_ Lg; ( H = O, (1). Consequently, b and

m, |T7] ma T2\
i < (mnTzzZHW” )(m 7o (7) )
(38t (5 S @)

- o(7)o(a)o(F)em=-aw,
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using Assumption 4(a). Combining these results we get

var [0 - o]
) R n |Tr] -1 mp [T7]
= /nT [elLTrj - 92LT7“J} + T2 Z Z WZth,t m T2 Z Z WZtWZItgz <_>
i=1 t=1 n i=1 t=1

-1

22 Z Wit Wi, TQZ Z Wthtgz<%> + o0, (1)

1=1t=|Tr|+1 =1 ¢t=|Tr|+1

= /nT [leﬂj - QQLTTJ} + Dy +o0p(1).

)

5(nT)

Letting d (r) be the limit of D, r as (n,T) — oo, v/nT [@Yé — Oy,

uniformly in r, with

| & 1) +am)Es

n |Tr] -1 -1
- . E Z / Z 2 : /
=1 t=1 1=1t=|Tr|+1

Upon assuming that both 6+ and &, are consistent for o¢ and o, Theorem 3 follows from the

Continuous Mapping Theorem.

Proof of Proposition 4. We first consider the consistency of 52. Let 7;; = y;; — ; it holds
that

52 = i - XT:[~ _W}é(”T):r
T =1 t=1 ’ o
1 n T N — T, 1 ; 2
Sk g (7))
1 n T N . ; ' ;
= n_T21;<ylt_VI/Zt0> TZ;;:TFI?T}% (T) W/thtgz (T)
1 my T N o \/_ "
- _T;;(yzt GQWZ‘O nTW{tgl (T)
= I+II+1I1.
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As far as term [ is concerned, we have

I = ZXT:[W Wio+ W, (0 9)]2

2

=1 t=1

1 n T .
=T Z““%
i =1

1 T 1 AT [T A
- n_TZZUi—n—TZEWW{t [Z Wit {t] EZWitvit.

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

Lemmas B.1 and B.2 ensure that

1 n T . n T -
ﬁ22wﬂ 2%4
=1

=1 t=1 t=1
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from Lemma B.1 and Assumption 4(c) and 4(d) we have

- t\ t 1
T ZZ mnggz <T) Wthtgz <T> = Op <mnT> )

i=1 t=1
1 && v [t —~ 1
72 (1) Wen = 0 (7):

finally, Lemmas B.1 and B.2 and Assumption 4(b) entail

mn T \/T_Z t I n T o “1pr,. 7T R 1
;;m—ﬂgl (f) Wit z-’t] [ZZWzt i’t] L_thzwitvit] =0, <ﬁ>

=1 t=1 =1

Hence, 52 = & 37 321 w2+ 0, (1). It holds that

N

n T n

nLTZZUft = nLTZZ {0’ (Wit—/Wit> —i—uitr

=1 t=1 =1 t=1

N 9 n T
+TL_TZZGI (wt—zi)t)uit

=1 t=1

I

3 -
]
M
IIMH

Assumption 1 and the LLN yield I = 02 + 0,(1). As far as I and II] are concerned, we
have |[IT]| < [10]> £ S5, [(we —w@)]|> = op (1), using Lemma A.1(b). Also, |[III] < [0]®
L <Zf:1 || (wy — wt)|]2>1/2 (Z? 1 ZtT 1 th> i = op (1), after equation (35). Then under the
local alternatives H(g ™) i holds that &2 2, o2. We are now ready also to prove consistency
of 6’%. By definition, JC = —{—B nT), ﬁ (=T) 52 (nT) (

, and since 62 > o2 under H,"
(nT) . . ~(nT)
depend on H, ~’ being true or not), consistency of [

as it does not
entails 5? L 0'3 + B(”T)/Uiﬁ(nT)/

_ 2
— O—C-
Proof of Proposition 5. Consider él[Tr | — 0; the estimation error is

Bijre) — B
’AY1LT7~J -

-1
> 1Zt 1 Vi o
21:1 Zt:l [iGyvi

n Tr| « ~ Tr
| o s gy, S L TG
DRND Dl A VA Sl 12LT’JFGtG'r'

Consider the denominator The Cauchy-Schwartz inequality entails, for all r, Z}Z{J Gy (W, — wm)' <
- - 1/2 _ . .

( LT ! |G| ) (ZLT ! || — wtrH ) =0, (T) O, (\/TCn%> Thus, using Assumption

6, as (n,T) — oo it holds that (nTQ) S tLTQJ LGy, = (nTQ)f1 S ZLTTJ LGw; .+
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Op (T_I/QC*%) 4T Jo BaB.. Assumptions 5 and 6 and Lemma B.1(a) entail

Jo BB. I [y BeBL.

S i iy, Y NP DG, |
5 Bl T 1 2 1 2
Jy B-BET =% (fy BaBy) =t/

> i tLTIJ AMGT/ > 1ZLTTJFGtGT/

As far as the numerator is concerned, define two non-zero R— and p—dimensional vectors ¢;
and ¢y. Applying Lemma A.1(b), it holds that

n [Tr] n [Tr]

_ 1 _
T Z Z Py + $oTiGr) vig = JiT Z Z (P1wer + 5TGY) vig + 0p (1) .

i=1 t=1 i=1 t=1
An FCLT for \/—T Sy tLTIJ (P we,r + ¢51iGy) vy follows from the proof of Theorem 1. By

definition, the covariance matrix is

n LTT‘J

1
m — > D [Shwnwr, 61+ GTGGITios + 201w Gilido] B (vif)

nT—=oo M =1 t=1
_ o {qﬁ’l /O B.Blo, + dh5)/” ( /0 B@g) SY2, 4 24 / Bgégf’%},

using Lemma B1.(b) and Assumption 6. Thus, the finite-dimensional distributions are

LAY P J; B-B! A A
ZZ r,G o "B.BLT SY? ([T BeBL) Sy? <7
=1 t=1 tVit Jo B-Bg (Jo BaBg) oy

Tightness follows from Assumption 5(c¢), along the same lines as in the proof of Theorem 1.

Proof of Proposition 6. The proof follows similar lines to the proof of Theorem 9 in
Phillips and Moon (1999) and is based on two steps: firstly, we show an FCLT for /nT [9ﬂ¥r |~ 9} ;

secondly, we prove the consistency of the rescaling matrix

Oclp 0

Consider @ﬂj\fr | — 0. We have

n LTTJ

\/FLT [éij\j{d — 9] = T2 Z Z WZtWZIt X

=1 t=1

n T'I‘J n \_TT‘J ~ ’\/ ~ /
1 WA F] WAy, A A
E E U E E I Q" Qcarn
Wt = (:citAFt’ N GO R

i=1 t=1 z:ltzl

—ﬁﬁ(te),u} '
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Consider the denominator of éfé{r | — ¢; Assumption 7 and the application of Lemma B.1(b)

yield
n I_TT‘J /
B.B! 0
Wi Wl' b
T2 2; ; S 0 20

FM
As far as the numerator of \/nT [QlLTr | = 9} is concerned, we can write it as

+op (1) + O, (ﬁ) ., (40)

where we used the fact that €2 is assumed diagonal. In (40), the remainder of order o, (1)
comes from (30) and (31); the term of order O, (/%) comes from the BN decomposition
assumed in Assumption 7(a), following similar lines as in the proof of Proposition 1 and
Lemma B.2. From Assumption 7 and Assumption 1(a), W} <u:‘t —n~12QL O 1AFt> — AL,

g,u~"e

xit( Q0 1szt) AZ,

€U "€

1 & [w;(ut—n 200 O 1AF*>—A§FU

g,u-"e

and a7, (uf — Q0 YAzy,) — A, are (by construction) zero mean MDS with finite second mo-

ments. Using the same approach as in the proof of Lemma B.2, as (n,T") — oo with 7 — 0

wy < Uy — \}—leugs 1AFt>

Zt( QL Q- 1A:U1t)

%>

=1 t=1 €,u" e
o[ c(fy BB ORsp [ B®
Opx i 1(Q, - 0,0710,,)"° C (r;0) |’

uniformly in 7 € [0, 1]. Combining this result with the denominator, the FCLT follows.

As far as the rescaling matrix is concerned, equation (30) and Proposition 3 entail QC 2 Q¢
and (Qu — QU,EQ;1@E,U> 2, (Qu — QMQ;lQQU) - see also Phillips and Moon (1999; p. 1109).
The rest of the proof can be derived following the same lines as the proof of Theorem 2, and is

therefore omitted.
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