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We consider the problem of estimating the common time of a change in the mean
parameters of panel data when dependence is allowed between the cross-sectional
units in the form of a common factor. A CUSUM type estimator is proposed, and
we establish first and second order asymptotics that can be used to derive consistent
confidence intervals for the time of change. Our results improve upon existing theory
in two primary directions. Firstly, the conditions we impose on the model errors only
pertain to the order of their long run moments, and hence our results hold for nearly
all stationary time series models of interest, including nonlinear time series like the
ARCH and GARCH processes. Secondly, we study how the asymptotic distribution
and norming sequences of the estimator depend on the magnitude of the changes
in each cross-section and the common factor loadings. The performance of our
results in finite samples is demonstrated with a Monte Carlo simulation study, and
we consider applications to two real data sets: the exchange rates of 23 currencies
with respect to the US dollar, and the GDP per capita in 113 countries.

1. INTRODUCTION

In this paper, we consider the problem of estimating the time of a change in the
mean present in panel data in which there are N cross-sectional units comprised
of time series data of length 7. A common structural break in panel data is a
quite natural occurrence. For example, if the panel data under consideration is
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comprised of exchange rates of various currencies with respect to US dollars, then
a crisis in the US would be expected to simultaneously affect each cross-sectional
unit. Similar phenomena may be produced by governmental policy changes, the
introduction of a new technology, etc., and in these cases it is of interest to
estimate the time at which such occurrences are manifested in sample data. The
theory of change point analysis has been extensively developed to study problems
of this nature; see Csorgd and Horvath (1997), Brodsky and Darkhovskii (2002),
Aue and Horvath (2012), and Horvath and Rice (2014) for reviews of the field.

Classical methods in change point analysis consider univariate and multivariate
data of a fixed dimension. In many panel data examples, however, the number of
cross-sections N is comparable in size to the length of the series 7. In these cases,
asymptotics as 7 remains fixed and N tends to infinity, or as N and 7 jointly
tend to infinity, are more appropriate. Although in principle one could detect the
common change present in each cross-sectional unit by examining a single series,
an analysis that utilizes all available series should provide improved detection and
estimation.

The literature on structural breaks in panel data has grown considerably in the
last two decades. We refer to Arellano (2003), Hsiao (2003, 2007), and Baltagi
(2013) for surveys of several panel data models and their applications to econo-
metrics and finance. The early foundations for estimating structural changes in
panel data were developed in Joseph and Wolfson (1992, 1993), and many as-
pects of the problem have now seen at least some consideration; Li, Qian, and Su
(2015) and Qian and Su (2015) consider multiple structural breaks in panel data,
and Kao Trapani, and Urga (2015) considers break testing under cointegration.

Bai (2010), Kim (2011, 2014), Baltagi, Kao, and Liu (2012), Baltagi, Feng,
and Kao (2015), and Horvéath and Huskova (2012) are most closely related to the
present paper. Bai (2010) considers the problem of estimating a common break
in the means of panel data that do not exhibit cross sectional dependence. A least
squares estimator is proposed that is shown to be consistent when N tends to
infinity, and its asymptotic properties are derived as N and T jointly tend to
infinity. Kim (2011, 2014) and Baltagi et al. (2012, 2015) extend the methodology
of the least squares estimator of Bai (2010) to panels exhibiting cross-sectional
dependence modeled by common factors, and to detect a change in the time
trend or slope parameters of a panel regression. Horvath and Huskova (2012)
study testing for the presence of a common change in the mean using a CUSUM
estimator under cross-sectional dependence. In each of these papers, asymptotics
are derived assuming the model errors are linear processes, and that the rates of
divergence relative to N and T of the size of the changes and the magnitudes of
the factor loadings are fixed.

In this paper, we extend the existing theory in two primary directions. We derive
second order asymptotics for the CUSUM change point estimator assuming only
an order condition on the long run moments. This extends the asymptotic theory
of change point estimation to a wide variety of error processes, notably many non-
linear time series examples like the ARCH and GARCH processes. We also show
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explicitly how the asymptotic distribution and norming sequences of the estima-
tor depend on the magnitude of the changes in each panel and the common factor
loadings. This allows for the computation of the limit distribution under several
conceivable rates of divergence for the magnitudes of changes and factor loadings.

The remainder of the paper is organized as follows. In Section 2, we present
our assumptions and the main results of the paper. Section 3 contains examples of
error processes that satisfy the assumptions of Section 2. Estimators for the norm-
ing sequences that appear in the results of Section 2 are developed and studied
in Section 4. The implementation of the results of the paper as well as a Monte
Carlo simulation study and data applications are detailed in Section 5. The proofs
of all results are contained in Appendices A and B.

2. ASSUMPTIONS, AND MAIN RESULTS

We consider the panel data model
Xig=ui+6;1{t > o} +yim+ei;, 1<i<N,1<t<T, 2.1)

where the idiosyncratic errors e/ s have mean zero, 7, denotes the common factor
with loadings y;, 1 <i < N, and J; denotes the change in the mean of panel i that
occurs at the common, and unknown, change point 7.

Assumption 2.1.

(i) The sequences {e;;,—00 <t <oo},1 <i < N are independent, and

(i1) {n;,—oo <t < oo} and {e;;,—00 <t <00}, 1 <i < N are stationary.

According to Assumption 2.1(i), the only source of dependence between the
panels is the common factor 7;. The idiosyncratic errors form a stationary time
series, similar to the assumption in Bai (2010) and Kao Trapani, and Urga (2012,
2015). Throughout this paper J; and y;, 1 <i < N, are allowed to depend on N
and T'. For the sake of simplicity, we consider the case when y; € R, but our results
could be extended to the more general case of a vector valued factor loading and
common factor.

Assumption 2.2. The time of change in the mean 7y satisfies
to=|T6O] withsome 0 <6 <1.

Assumption 2.2 is standard in change point analysis, and corresponds with the
assumptions of Bai (2010), Kim (2011, 2014), and Horvéth and Huskova (2012).
It is of interest in some econometric applications to allow for # to depend on N
and T and tend to the end points O or 1 at a certain rate; see Andrews (2003) and,
in the panel data setting, Qian and Su (2015). The consideration of this problem
in generality for our estimator is not a goal of the present paper, and requires a
thorough study.
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The estimator that we use for 7y is defined as the location of the maximum of
the sum of the CUSUM processes over cross—sections:

N 2
~ t
IN,T = argmax,., g Z (Si (t)— 7Si(T)) ,

i=1

where

1
Si(t) =D Xis.
s=1

The estimator of Bai (2010) is

N 2
1
Iy,r =argmax;, g Z (Si (1) — %Si(T)) T =0 2.2)

i=1

which is the maximum likelihood estimator for 7y assuming that the panels are
independent and normally distributed with the same variance. The estimator 7y 7
maximizes the weighted log likelihood; see e.g. Hawkins (1986), Csorgd and
Horvath (1997, Sects. 2.1 and 2.8.1) for the case when N = 1, and Chan et al.
(2013). Due to the weight (¢(T —))~! in the definition of tN 7 the limit distri-
bution of ¢ N.T does not depend on the break fraction 6; see Bai (2010).

We impose only conditions on the long run moments of the error processes for
our asymptotic results. The long run moments of the errors in panel i are defined
by

Ui,t)=E , 1<i<N,

and we assume that they satisfy the following conditions:
Assumption 2.3.

(i) There exists o;,1 <i < N such that

1
max sup —U,-,z(t)—Gi2 =o(1),

I<isNi<i<T

where C1 <o; < Cp forall 1 <i <N withsome 0 <C; < (Cp < o0, and

(ii)

1 1 2
—~ sup z< 2 ,K(t)) = O(1) with some « > 4.

N
1<I<Tl 1
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Additionally, we must assume an analogous condition on the common factors:

Assumption 2.4. With some © > 2.

K

‘
2175 = 0(t*?), ast — .

s=1

2
t
En =0, E(Zns) =t+o(t), and E
s=1

Assumptions 2.3 and 2.4 do not assume any specific structure on the error
terms, in contrast to the structural break literature with panel data to date. We
provide several examples in Section 3, including linear and nonlinear time series,
martingales, and mixing sequences, where Assumptions 2.3 and 2.4 are satisfied.

The size of the changes and the correlation between the panels will play a
crucial role in the asymptotic distribution of the estimator, and these quantities
will be measured by

N N N
Ang=D.0, Tnr=) 7y} and Iyr=> &y
i=1 i=1 i=1

The limit results below are proven when min(N, 7)) — oo.

Assumption 2.5. As min(N,T) — oo,

. TAnT
(1) — 00,
N
and
. Iy,
——— = 0.
i (TAN,1)V/?

Assumption 2.5 means that the sizes of all changes cannot be too small and
that the factor loadings cannot be much larger than the sample size and the size of
the changes. Bai (2010) assumes that Ay /N converges to a positive limit while
under the assumptions of Kim (2011), the common factor dominates. A primary
goal of our paper is to show how the relationship between the loadings and the
sizes of the changes affect the limit distribution of the time of change estimator.

Our first result pertains to the asymptotic distribution of 7y 7 when Ay 7 is
large.

THEOREM 2.1. If Assumptions 2.1-2.5 hold,

AN,T — 0 (2-3)
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and

ZN,T

3wz o(1), (2.4)

as N, T — oo, then we have that
Plivgr =10} — 1. (2.5)

The assumption in (2.4) may seem somewhat restrictive since it rules out the
example of simultaneous fixed break sizes and factor loadings. We note that due to
the result on page 635 of Horvath and HuSkov4 (2012), when the factor loadings
are fixed, the CUSUM test for the presence of a change point will reject with
probability tending to one regardless of if a change exists or not, and so something
along the lines of (2.4) must be assumed for the CUSUM estimator of the time of
change to be consistent.

Remark 2.1. Assume that T is fixed. If Assumptions 2.1-2.4 are satisfied and
FNjT/AN,T — 0, and AN’T/N — 00, then (2.5) holds.

Remark 2.2. In order to establish the consistency of Bai’s (2010) estimator in
(2.2) for fixed T and under our assumptions, we must assume in addition that
for each i, e; ; and #, are uncorrelated random variables, and that {e; ;,0 <t <
00,1 <i < N}and {#,0 <t < oo} are independent. If in addition to Assump-
tions 2.1-2.4, Eng < oo, Ay,7/N'"?* = oo and Ty, 7/An,r — 0 hold, then we
have that

lim P{ty r=to} =1. 2.6
v {th.r =10} (2.6)
We provide a proof of Remark 2.2 in Appendix A.

The main difference between Remarks 2.1 and 2.2 is in the assumption that
Ay, r/N — oo and AN,T/NI/2 — 00. Remark 2.2 allows smaller changes to
establish consistency, but much stronger assumptions on the sequences e;;, 1 <
i < N and #;. If we cannot assume that ¢; ;, 1 <i < N and #, are sequences of
uncorrelated random variables, and the independence of {#;,¢ > 0} and {¢; ;,t >
0,1 <i < N}, then (2.6) can be proven under conditions of Remark 2.1. In this
case (2.5) and (2.6) can hold only if Ay 7/N — co when T is fixed.

‘We now turn to the asymptotic distribution of Ay 7 (tAN,T —1p) when (2.3) does
not hold, i.e. the sizes of the changes are small, or occur in only a few panels:

Assumption 2.6.

(i) Ay =0(),
(i) TAy7(1+10g(T/AN.7))"?/* — oo, where i is defined in Assump-
tion 2.4, and
(i) T1-2/% AN,T/NI/2 — 00, where k is defined in Assumption 2.3(ii).
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By Assumption 2.5, we have that T Ay 7 — 00, so Assumption 2.6(ii) holds
if, Ay 7T (logT)™>* — oco. If N/T** — oo, i.e., the number of the cross-
sections is large, then Assumption 2.6(iii) follows from Assumption 2.5. However,
Assumption 2.5(ii) also holds if the number of cross-sectional units is relatively
small with respect to the length of the panels and the sizes of the changes.

Next we introduce an assumption that is a companion to Assumption 2.3:

Assumption 2.7.

N
1
6 NZ}|Ee,»,oei,,| = 0(t™") with some 7 > 2, and,
1=
(i) max U;z (1) = O(¢"/?) with some 7 > 2.
1<i<N

Assumption 2.7 requires an upper bound for the average autocorrelation of the
idiosyncratic errors, and a uniformity condition that augments Assumption 2.3(ii).

Our first result in this direction covers the case when the sizes of the changes
are small and the effect of the correlation between the panels is negligible or
moderate. We measure the dependence between the panels with respect to the
sizes of the changes by

IN.T

5= lim T
min(N,T)— oo

( ) AN,T

To describe the limit distribution of fN,T we need to introduce a drift function

1 =0)|ul|, if u<0
ge(H)Z[

Ou, ifu>0
and an asymptotic variance term
N
2

c”= lim E 51‘2‘71'2-
N.T—o00 Ay T “ n
i=

We note that by Assumption 2.3(i) we get that C; < o < Cy. Let

t

Dleie, if =123, .

s=1

U(t)=10, if t=0

-1
> ey, if r=—1,-2,-3,...
s=t
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We define the function u(s, 7) as the asymptotic covariance of Z,N=1 ol (1), i.e.
for all integers s and ¢

N N
u(s,1) = lim E > oU(s) (z Sill; (t)). (2.7)
j=l1 i=1

We note that u(s, 1) = limy_ oo ZlNzl 5,.2 EU; (s)U; (¢). It follows from Assumption
2.3(i) that the function u(s, r) is finite for all integers s and 7. This function only
appears in Theorem 2.2 when Ay 7 is above some positive bound for all N and
T. In this case u(t, t) > 0, if t #0.

The next result considers the case when the common factors are negligible.

THEOREM 2.2. We assume that Assumptions 2.1-2.7 hold,

N
AV#Z |6:1" — 0, (2.8)
i=1
where 7 is defined in Assumption 2.7(ii), and
5=0. 2.9
(a) If
Anr— 0, (2.10)

then we have

W B argmax, (W (u) — g ()}, 2.11)
where W (u), —oo < u < oo is a two—sided Wiener process.

(b) If

An,1 — 0€(0,00), (2.12)
then we have

e —to 3 argmax,{&(r) —0gp(r)), 2.13)
where &(t),t = 0,%1,+2,... is Gaussian with E®(t) =0 and EB(s)&(t) =
u(s, 1).

Remark 2.3. Since the proofs of Theorem 2.2 and the results to follow depend
on normal approximations for the sums Z,N: | Z;Z | €i,s and Z,N: | (Zi: | em)z,
the independence of {e;,,t > 0} on i could be relaxed, as pointed out by Bai
(2010) and Kim (2011). This would be an important consideration, for example,
if the cross-sectional units of the panels are indexed by location, i.e. i =1, a vector
describing the location of each cross-section. In this case a spatial structure could
be assumed on the errors. If Assumption 2.1(i) is replaced by a weak dependence
or spatial assumption, the norming constants would change in our limit theorems.
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Remark 2.4. If A?f lN: 116i|F — 0 with some 7 > 2 does not hold, then
the limit in (2.13) might not be the argmax of a normal process with a drift. For
example, if J; = 1 and J; =0 for all i > 2, then the limit in (2.13) is determined
by the error terms e ;, —00 <t < 00.

Remark 2.5. The distribution of argmax, {W () — go ()} is known explicitly.
Its density was derived by Ferger (1994) from Corollary 4 of Bhattacharya and
Brockwell (1976) (cf. Csorgd and Horvéth (1997, p. 177)).

Remark 2.6. If (2.12) holds, y; =0 forall 1 <i < N and Ee; ge;; = 0 for all
1 <i < N and t # 0, then we get the analogue of Theorem 4.2 of Bai (2010).
In this case &(s) is a Wiener process on integers, so the main difference between
the limits in (2.11) and (2.13) is that the argmax is computed on the real line or
on integers.

So far, in this paper, the common factor was treated as a part of the error term
with a negligible contribution to the limiting behavior of the estimator. However,
it has been observed in testing for changes in panel data that the effect of strong
correlation between the cross-sectional units of the panels might make standard
statistical procedures invalid (cf. Horvath and Huskova (2012)). Our next result
covers the case when the order of the common factors and the sizes of the changes
are essentially the same. Since the contribution of the 7;’s to the limit will not be
negligible, we need to specify the relation between the errors and the common
factors:

Assumption 2.8. The sequences {r;,,—00 < t < oo}and{e;;,—00 < t <
00, 1 <i < N} are independent.

Similarly to U; (), we introduce

t
D, it =123,
s=1

V()= 1o, if 1=0

-1
—Zm, if r=—1,-2,-3,...,
s=t

which will be part of the limit distribution when (2.12) holds or Xy 7 is pro-
portional to Ay 7. In all the other cases we assume the asymptotic normality of

V(t):
Assumption 2.9.

[Tu]
DI0,1 . .
T-!/2 Z Ny —[—>I W (u), where W is a Wiener process.
=1
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THEOREM 2.3. We assume that Assumptions 2.1-2.9, and (2.8) hold, and
0 < |s| < o0. (2.14)
(a) If (2.10) holds, then we have

AN 7(iN,T —10)

02492 5 argmax, (W () - go(w)) (2.15)

where W (u), —00 < u < o0 is a two—sided Wiener process.
(b) If (2.12) holds, then we have

v —to 3 argmax, (& (1) +50/2V (1) — g (1)), (2.16)

where &(t),t = 0,x1,42,... is the Gaussian process defined in Theorem 2.2,
independent of V(t),t =0,£1,+£2,...

The effect of correlation between the cross-sectional units of the panels is
demonstrated in Theorem 2.3. The limit distribution in (2.15) remains the same
as in (2.11) but the variance of the estimator increases by s2. The effect of the
common factor is more transparent in (2.16) since an additional term appears in
the limit which depends on the distribution of the common factors.

THEOREM 2.4. If Assumptions 2.1-2.9, and (2.8) hold, and
|s] = oo, 2.17)

then we have

A% .
212” (v, —t0) — argmax, {W(u) — go(u)}, (2.18)
N,T

where W(u), —00 < u < o0 is a two—sided Wiener process.

Theorem 2.4 covers the case when the limit distribution of the estimator for
the time of change is completely determined by the common factors. The limit
distribution in (2.18) is the same as in (2.11) and (2.15) but the rate of convergence
is much slower. The effect of having several panel cross-sections with changes is
overshadowed by the strong influence of the common factor. For further results
when the common factor is dominant in the limit distribution, we refer to Kim
(2011).

3. EXAMPLES

In this section, we study some examples of error processes that satisfy the as-
sumptions of Section 2. We restrict our attention to establishing Assumption 2.3
for examples of possible model error sequences e; ;’s, but the same sequences
could be used for the common factors as well.
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Example 3.1
Let {e; s, —00 <t < oo} be independent, identically distributed random variables
with Ee; o =0, Eel.zo = o'l.2 and Ele; o|* < oo. Due to independence we have that

Uia(t) =to? forallt =0,1,2... (3.1)

i
By the Rosenthal inequality (cf. Petrov (1995, p. 59)) we obtain for all # > 1 that
Ui(0) = C [tElevol* +17f | < CrElesol* +0f),

where C is an absolute constant, depending on x > 2 only. If the error terms in
each panel are independent and identically distributed, then, assuming C; < g; <
Cy forall 1 <i < N, Assumption 2.3(i) holds; Assumption 2.3(ii) is satisfied if

N

1

5 > (Eleiol*)* = 0(1) with some x > 4. (3.2)
i=1

If max;<;<y Ele; 0" < Co with some 7 > 2 and C¢ > 0, then Assumption 2.7(ii)
is also fulfilled.

ARMA processes are very often used in classical time series analysis and our
next example shows that stationary ARMA processes satisfy the basic assump-
tions of the first section. We consider the more general case of linear processes,
which are investigated by Bai (2010), Kim (2011), and Horvath and Huskova
(2012).

Example 3.2

We assume that {¢; ;, —00 < t < oo} are independent and identically distributed
random variables with Ee; o =0 and Elg; o|* < oo with some x > 4. The error
terms e; ; form a linear process given by

o0
€t = Zci,t’gi,t—f,
=0

where sup, {2 Ici.e| < C; with some C; > 0 and a; > 0. By the Phillips and
Solo (1992) representation we get

t t [ee} t
Zei,s_ci E Eis = E ka—j €ij>
s=1 s=1 j=—00 \k=1

where Ci = Z?o:()cl',g 75 0, E,',() =Ci,0 — éi,fi,g =Cit, if £ > 1 and El"g = O, if
¢ < —1. Minkowski’s inequality and the discussion in Example 3.1 indicate that
we need to choose O’iz = C?Ee?o in Assumption 2.3(i) and we also have Uj; ,(t) =

O(t*/?) and |Ee; pei | = O(t727%), as t — oo.
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Example 3.3

Let us assume that {e; ;, —00 <t < 0o} is a stationary orthogonal martingale dif-
ference sequence with respect to some filtration with Ee; o =0, E eio = aiz and
Ele; o|* < 0o. Then (3.1) as well as Assumption 2.7 hold. By Li (2003) we also
have

Ui (t) < Ct*/?E|e; o|* with some constant C depending only on x,

completing the proof of (3.2). Under assumption maxi<;<y E |ei,o|E < Cp with
some 7 > 2 and Cy > 0, we obtain Assumption 2.7.

Since the early 1980’s, ARCH, GARCH processes and their various extensions
have become extremely popular models in the analysis of macroeconomic and
financial data. For a survey and detailed study of volatility models we refer to
Francq and Zakoian (2010). The next example shows that a large class of volatility
processes satisfies the assumptions in Section 2.

Example 3.4
We assume that {g; ;, —00 <t < oo} are independent and identically distributed
random variables with E¢; o =0 and E gizo = 1. The error terms are defined by

eir =hieiy, 3.3)

where the volatility process h;; > 0 is measurable with respect to the o—algebra
generated by &;,5 <t — 1. Usually, h;; is given by a recursion involving
eis,his,s <t—1.Francq and Zakoian (2010) provide conditions for the exis-
tence of a stationary solution of (3.3) in several models and establish their basic
properties. Assuming that Ele; o[ < oo with some x > 4, {e; ;, —00 <t < 00}
is a stationary orthogonal martingale satisfying the conditions in Example 3.3.
In case of the most popular GARCH(p, ¢g) model h;, = w + Zé’:] 0‘6"3,’2,[—5 +
> Bihiy—j, > 0,00 20,8 >0,1 <€ < p,1 <j<gq. The necessary
and sufficient condition for the existence of the higher moments in case of
GARCH(1,1) is given in Nelson (1990). He and Terdsvirta (1999), Ling and
McAleer (2002) and Berkes, Horvéth, and Kokoszka (2003) partially extend his
results to the more general case. The existence of moments of augmented GARCH
sequences is discussed in Carrasco and Chen (2002) and Hérmann (2008).

Linear processes and the volatility models of Example 3.4 are in the class of
m—decomposable processes.

Example 3.5
We say the e; ; is a Bernoulli shift if it can be written as

eir = fi(&ir€i1—1,8i,1-25-.")

with some functional f;, where {g; ;,, —0o0 <t < oo} are independent and identi-
cally distributed random variables. The conditions of Section 2 are satisfied if the
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Bernoulli shift is m—decomposable, i.e. if

R 1/x .
Z( eir—e;, ) < oo with some k > 4,
m=1
(m) _
wheree = fi(€its€ii—1s--» Eit—m+15E€ ” m,slt —m_1--+), and the &/ ’s are

1ndependent copies of ¢; o, independent of ¢; ;, 1 <i < N,—00 <t < 00. Berkes
Hormann, and Schauer (2011) prove that there is constant C; such that U; , (t) <
Cit*/?, |Ee;oei ] < C;t™*/% and Uia(t) = taiz + (t), as t — oo, with some aiz.
They also provide several examples for m—decomposable Bernoulli shifts.

Example 3.6
There is a well developed theory of partial sums of mixing random variables
where the long run moments U; . (¢) play a crucial role. It has been established
under various conditions that U;»(¢) = to’i2 +o(t) and Uj () = 0(t*/?), as
t — 00. For surveys on mixing processes we refer to Bradley (2007) and Dedecker
et al. (2007).

Example 3.7

We assumed in Examples 3.2 and 3.4 that the innovations ¢;;,—00 < t <
oo are independent and identically distributed. However, this assumption can
be replaced with the less restrictive requirement that {g; ;, —00 < t < oo} is
a stationary sequence. Rosenthal-type inequalities for sums of functionals of
stationary processes are developed in Wu (2002) and Merlevéde, Peligrad, and
Utev (2006). These results can be used to establish Assumptions 2.3, and 2.7.

4. ESTIMATION OF NORMING SEQUENCES

Theorems 2.2-2.4 contain the limit distribution of tAN,T with different normal-
izations that reflect the effects of the sizes of changes and the loading factors.
However, in case of finite N and T it is impossible to check which specific con-
dition on the growths of Ay 7 and Xy 7 holds. Therefore it is useful to produce
norming sequences that would work in all possible cases. Let

N
20 | ¥2
T= 2 070+ XN 7
i=1

Under the conditions of Theorems 2.2-2.4 we have that
2
A N,T

=N, T

(tn,r —19) converges in distribution. 4.1)

The limit distribution in (4.1) is argmax, {W (1) — gg (1)} except in the special
cases of (2.13) and (2.16). In these cases, the limit distribution is the argmax
of a process defined on integers. The limits in (2.13) and (2.16) depend on the
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distributions of {X; ;,1 <i <N,1 <t <T}.Ifdisclosetozeroin (2.13) or (2.16),
the limiting distributions can be well approximated with argmax,, (W (1) — gg (1)).
As numerically investigated by Bai (2010) in the context of the least squares esti-
mator, argmax, { W (1) — go(u)} gives a reasonable approximation for the limit in
(2.13) when u(s,¢) = min(¢,s). Hence we recommend that argmax, (W (1) —
go(u)) can be used as the limit in (4.1) in practice.

The limit result in (4.1) can only be used for hypothesis testing or confidence
intervals if the norming factor can be consistently estimated from the sample. We
estimate Ay 7 with

. Yol 1 ’
e ; . 1<§v,r T —ivr fN,r§<TXM
It is more difficult to estimate Zy 7. Let
N f 2
Un (1) = ; (Si OF 7&-@)) , 4.2)
PN (t) = —fw +(t—in) I {t > in7},
and
v =inr (ing) = _fN,T# 4.3)
The estimator for Zy 7 is defined as
Enr = S — Z ;A(UN (v, +v) = Uy (in,7)
2M2=My) A AlF g

2
— Awr (Fr v +0) -f;”)) .

THEOREM 4.1. (i) We assume that the conditions of Theorem 2.2 or 2.3 are
satisfied. If My < My, M1 — oo and M>/T — O, then

A

NTB (4.4)
AN,

and

NTOE 4.5)
EN,T
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(ii) We assume that the conditions of Theorem 2.4 are satisfied. If M < M>, M1 —
oo and

Mo/ min (T, 53 7/83.1) = 0,

then (4.4) and (4.5) hold.

Since (4.4) and (4.5) hold, the limit result in (4.1) remains true when the norm-
ing is replaced with the corresponding estimators, i.e.
Az
AN’T (tv,r —to) converges in distribution. 4.6)
=N,T

If the interaction between the cross-sectional units of the panels is small,
i.e. 212\, T/vazlaizéiz — 0, as N,T — oo, then we need to estimate only

An,r and Zf\;l aizéiz. Using &iz,l < i < N, the long run variance estimators

. . N . N - ~
for al.z, a possible estimator for >";" al.25i2 is >, UiZ[ZISSSfN,T Xis/INT —

- 2
D g <s<r Xiss/(T = ino)] -

5. SIMULATIONS, AND DATA EXAMPLES
5.1. Simulations

Using the estimators defined in Section 4, we computed the empirical percent-
ages when the variable defined in (4.6) was below the asymptotic quantiles for
several N and T. We considered the case when there was no interaction between
the panel’s cross-sections, i.e. y; = 0, and also examples when cross-sectional
correlation was present. We tried various values of the break point 1o = |76,
and we observed that the applicability of the limit results presented in Section 2
did not depend on . Therefore, in Tables 1 and 2, we present the results when
6 = 1/2. We used 1,000 independent repetitions to produce each table entry. The
90th, 95th, and 99th percentiles of the distribution of argmax, (W (1) — g1/2(u))
are 4.70, 7.69, and 15.89, respectively. Table 1 illustrates that Ay 7 must be
small in order to use Theorem 2.2(a), and the approximation improves when T
increases. In case of larger Ay 7, when the conditions of Theorem 2.1 are more
applicable, we observed that the distribution of tANJT was more concentrated than
what we would expect from the asymptotics in Theorem 2.2(a). We observed that
the coverage at the 99% level was inflated in the examples that we considered,
indicating that the 99" percentile of argmax,, (W (1) — g1 s2(u)) may be conserva-
tive in practice to approximate the 99" percentile of the normalized changepoint
estimator.

Our comments also hold when interaction between the cross-sections of the
panel is allowed as illustrated by Table 2, but, due to the dependence, larger T is
needed to use the limit results.
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TABLE 1. Empirical percentages of A% (v —10)/ En.7 below the asymp-
totic quantiles for various values of N, 7,d; when y; =0forall 1 <i < N.

N/T i 90% 95% 99%
25/100 0.150 88.7% 94.7% 100%
25/250 0.100 87.6% 94.4% 99.8%
25/500 0.060 89.9% 96.4% 100%
50/100 0.100 89.1% 97.1% 100%
507250 0.070 88.1% 95.4% 100%
50/500 0.050 86.5% 94.9% 100%
100/100 0.085 86.1% 94.5% 100%
1007250 0.055 86.9% 94.3% 99.9%
100/500 0.035 88.5% 96.5% 100%

TABLE 2. Empirical percentages of A%\, r(inr —10)/ En.7 below the asymp-
totic quantiles for various values of N, T,d; when y; =0.03 forall 1 <i < N.

N/T 0; 90% 95% 99%
25/100 0.150 86.9% 94.9% 100%
25/250 0.100 90.7% 95.6% 100%
25/500 0.060 89.2% 97.2% 100%
50/100 0.100 87.6% 95.6% 100%
507250 0.070 91.0% 96.4% 100%
50/500 0.050 88.3% 96.3% 100%
100/100 0.085 89.4% 95.9% 100%
100/250 0.055 85.1% 94.0% 99.9%
100/500 0.035 90.1% 96.5% 100%

Figure 1 shows that the density function of the limit follows the shape of the
histogram of 7y 7 closely.

w
=3

05

0.4

-
=

0.3
0.3

02
02

01

o0

FIGURE 1. The histogram of f100’500 with 9; =0.07,y; =0,1 <i < 100 (left panel) and
the histogram of f50,100 with 6; = 0.1, y; =0.03,1 <i < 50 (right panel) and the density
of the limiting random variable
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5.2. Applications

In the first example we consider the exchange rates between the US dollar and 23
other currencies. The data can be found at the website www.federalreserve.
gov/releases/h10/hist/. Figure 2 contains the graphs of the exchange rates
between the United Kingdom (UK), Canada (CA), Singapore (SI), Switzerland
(SW), Denmark (DN), Norway (NO) and Sweden (SD). In our study we used the
time period 03/13/2001-03/11/2003 so we have N = 23 panels and each panel has
T = 500 observations. Using the testing method in Horvath and Huskova (2013)
the no change in the mean of the panels null hypothesis is rejected. The estimated
time of change is f23,500 =297 so the change is indicated on 05/16/2002. We also
constructed confidence intervals using (4.6). Since Az3, 500 1s very large, the 90%,
95%, and 99% confidence intervals contain only a single element, fzg, 500 = 297,
i.e. the conditions of Theorem 2.1 hold in this case. It is clear from Figure 2 that
the exchange rates are between 1.3 and 11, so if the same proportional change
occurs in a panel with high values, this change will give a very large 5> compared
to the other panels. Hence a single panel can disproportionately contribute to
A ~,7. To overcome this problem we rescaled the observations in each panel with
the first observation, i.e. with the exchange rate on 03/13/2001. Figure 3 contains
the graphs of the relative changes in exchange rates with respect to the US dollar
for the same countries as in Figure 2. We repeated our analysis for the relative
changes (rescaled) in the exchange rates with respect to the US dollar, resulting
in f23,500 = 303 which corresponds to 05/24/2002. In the definition of §23,500 we
used My, — M| ~ \_Tl/z/Azy,,s()oJ. The 90%, 95%, and 99% confidence intervals
are [292,330], [287,341], and [274,371]. Note that all these confidence intervals
contain 297 which was obtained for the non—scaled exchange rates. Some of the
graphs show a linear trend after the time of change instead of changing to another
constant mean. The limit distribution of the time of change is local, i.e. it is
determined by the observations in the neighborhood of #y. Replacing the linear
trend with an average value close to 7o can justify the asymptotic validity of the
confidence intervals. Also, after the change point was found and the means of the
corresponding segments were removed, the stationarity of the residuals could not
be rejected.

The exchange rates data and the scaled exchange rates contain further level shifts.
Using the binary segmentation method one can divide the data into homogenous

[ANEET DEAR000 [EUgrTY R [T at120m

FIGURE 2. The graphs exchange rates, 1=UK, 2=SI, 3=CA, 4=SW (left panel); 1=DN,
2=NO, 3=SD (right panel) with respect to the US dollar.
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FIGURE 3. The graphs of relative exchange rates, 1=UK, 2=SI, 3=CA, 4=SW (left panel);
1=DN, 2=NO, 3=SD (right panel) with respect to the US dollar.

segments and provide confidence intervals for the time of changes. Sato (2013)
investigates the number and the location of the changes in daily log returns in
30 currency pairs between 04/01/2001 and 30/12/2011 and points out that the
study of the individual pairs might not find all the changes in the exchange rates
mechanism.

In the second example we compare the growth rates of the GDP/capita
for N =113 countries. The data can be found at the website www://data.
worldbank.org/indicator/NY.GDP.MKTP.CD. The data are recorded in
current US dollars. We removed some countries from the data set due to a large
number of missing values, so we used N = 113 panels with T = 51 covering
the time period 1961-2012. To achieve stationarity of the errors we transformed
the data by taking log differences. The graphs of the log transformed GDP’s
are exhibited in Figure 4. We used the CUSUM test of Horvath and HuSkova
(2013) to test the stability of the means of the panels which was rejected at a
very high significance level. The estimator for the time of change is 711351 = 19

a
—

0.5

0.0
|

-1.0

| |
1961 1980 2012

FIGURE 4. The graphs of the log differences of the GDP/capita for 113 countries between
1961 and 2012.
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which corresponds to 1979/1980. Applying the limit result in (4.6), [16,21] is the
asymptotic 90% and 95% confidence interval, while the 99% confidence interval
is [12,22].

6. CONCLUSION

We established the first and second order asymptotic properties of a CUSUM
estimator of the time of change in the mean of panel data. Our results are derived
under long run moment conditions, which serve to extend the asymptotic theory
to a broader family of error processes than had been previously considered in the
literature, and we provided an in depth study on how the rates of divergence of the
sizes of changes and the common factor loadings are manifested in the asymptotic
behavior of the test statistic. Our results were demonstrated with a Monte Carlo
simulation study, and we considered application to two real data sets.
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APPENDIX A. Proofs of Theorems 2.1-2.4 and
Remarks 2.1 and 2.2

Throughout the proofs ¢ denotes unimportant constants whose values might change from
line to line. Using (2.1) we have

5/ = Z5;(T) = QO+ 7V (D) +6ir (1),
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where
t ‘ T t ; T
Qi) = eis—7 D eiss VO=D n—75 D s (A1)
s=1 s=1 s=1 s=1
and
T —t
() = —t —2 + (t — 1) I {t > 10). (A.2)

Hence we have

2
(5:0- £5:0) = G0+ 72V20+ 30+ 2V 01 00+ 2100, 0,0)
F2V()r ()70 (A3)
Let0 < a <0 < 1 —a and define

N

2
- t
lN,T(O!) = argmaxLTa]StsT_LTaJ Z (S,(l’) — ?Sl (T)) .
i=1

LEMMA A.1. If Assumptions 2.1-2.5 are satisfied, then we have

lim Pf :lT =1 Il 0 < <0 <1— A4
min(Nl,T)_>OO {ine =in (@)} fora a o (Ad)
and
i
NT,T £ 0 as min(T, N) - oo. (A.5)

Proof. It is easy to see that forevery 0 <a <0 <1—a

1

2 2 2
— t 0°(1-0)~,
T2 \Ta)<ioT—|Ta) 0 = 6°1=6)

1 2 2 2
— max r°(t) —» a“(1-6)",
T2 1<t<|Ta) © (1-6)

1

— max r2(t) - a%6>.
T2 T—|Ta|<t<T
We prove that
N
sup D Q)= O0p(NT). (A.6)

1<t<T ;2
Elementary arguments give

EQX(t) < Ui 2 (1) +2{U; 2 (1)U o (T} > + U 2(T)
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and therefore by Assumption 2.3(i) we have

N
max > EQX() = O(NT).

<<
l_z_Tl_=1

Let g; (u) = (Q?(T)— EQ*(uT))/T. Using Assumption 2.1(i), for every 0 < u <v < 1
by the Rosenthal inequality (cf. Petrov (1995, p. 59)) we have with v =« /2

N
E|D (qi(0) —qi )

i=1

v N N v/2
<c{ D Elgi®) =gl + <Z E(gi(0)—qi (u))z)

i=1 i=1

By the Cauchy—Schwarz inequality we conclude forall 1 <s <t < T that

E(Q}(0) = 0 (6)? < E{(Qi(1) = Qi) (10; (0] +10;(5)D?}
1/2 1/2
<4(E@i0-0:60*) " (B0t +EQ}®) .
Using the definition of Q; (#) and Assumption 2.1(ii) we get that

N4
E(Qi(t)— Qi (s)* < 23 {Ui,4(t_s)+ (th) Ui,4(T)} .

and similarly
EQ}(1) < 2° (Uj (1) + Ui 4(T)).

Also,
2
(EQI)-EQ}®)) <2E(Qi() - Qi) (EQ} () +EQ ()
2
< S(Ui,z(f —s)+ (tTv) Ui,2(T)) (Uin(0)+ Uip(s) +2Uio(T)).

Thus applying Assumption 2.3(ii) we get that with some 0 < ¢ < 0o

N v/2
1
(NZE(q,-(v)—qi(u))2> <clu—v]"/? forall 0<u <v < 1.

i=1

Repeating the arguments used above we obtain that

E|0}0) - 0}6)| < E{10:i(0) - Qi) (10i )] +10:())")

1/2 1/2
<2’ (100 - 0P (E10i P + E10i o)) .

o\ 2v
EIQi() = 0;(5)* <2 {Ui,zv(r —5)+ (%) Uiy (T)},
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E|Qi (% < 2% (U 20 (1) + Uj 2,(T))

and
2v
EQI0-EQ}6)| < EIQi()— Qi) (EIQiI" + EIQi(0)I")
< 221) (Ui,v (t _S) + (l%s)vUi,v (T)) (Ui,v (t) + Ui,u(s) +2Ui,v (T))

resulting in

N

I

~ > Elgi(w)—gq; ()] < clu—v]"/? forall0 <u,v <1
i=l1

with some c. Using Billingsley (1968, pp. 95 and 127) we conclude that the process
ZzN=1 q; (u)/N is tight in D[0, 1] and therefore (A.6) holds.

The moment assumption in Assumption 2.4 with the maximal inequality of Mdricz,
Serfling, and Stout (1982) yields that E(maxj<,<7 |V (t)|) = O(T*) and therefore by
Markov’s inequality we conclude

_ 12
max V)] OP(T ) (A7)

By (A.7) we get immediately that
N
sup nyvz(z) =0p(TTy 7). (A8)

1<1<T;
Following the proof of (A.6) we get

al 1/2
sup |3 5i0i0| =0p (T'2TY%)
1<i<T |; 5
and therefore by (A.7)

sup Zvo)y, 0:i(0| =0p (TTV%). (A9)

1<t<T |2

Similarly to (A.9) we have that

N

sup |3 (06 Qi ()] = 0p (T32847%). (A.10)
1<t<T i=1

Using again Assumption 2.4 and the definition of »(¢), one can easily verify that

N

max, Z}V(r)r(t)y,-éi —0p (T3/2|2N,T|). (A.11)
1=
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It follows from (A.6)—(A.11) that
1 al t 2 p
max Z (Sl- ) — ?Sl- (T)) - 492(1 —9)2,

TZAN’T lStﬁTl,_l

al 2
1 ; . i
R max S:(t)— —S: (T £ 20-0
TZAN,T1<1<L0¢TJ§( i (1) T i( )) ( )
and
al 2

\ ! P 242
P max S:(1)— —S: (T B o202,
TZAN,T T—LaTJStSTiZ:( l() T l( ))
which immediately implies Lemma A.1. .

According to (A.4), it is enough to consider the asymptotic behavior of
iy, 7 = argmax 47| </ <|(1-a)7) {UN () = Un (t0)},
withany 0 <a <6 <1—a < 1, where Uy (¢) is defined in (4.2). It is easy to see that

Un (1) —Un(1p)

N
- Z[a? (0 =r20) + 0}0) = 0} 0+ (V2 () = V2 (1))

i=1

+2yi(Qi(1)V () — Qi (1) V (tg)) +20; (r (1) Qi (t) — r (10) Qi (tp))

+27i6; (V(1)r (1) = V (i0)r (10)) } (A.12)

LEMMA A.2. If Assumption 2.2 holds, then for all 0 < a <6 < 1—a there are 0 <
c1,Cp < 00 such that

—cilto —tIT < r2(1) —r*(tg) < —ealto —1|T

foralll <t <T.

Proof. The result follows from Assumption 2.2 and the definition of r(¢). n
Throughout Lemmas A.3—-A.7 we assume that 1 <M < T.

LEMMA A.3. If Assumptions 2.1-2.3 hold, then

i [Q?(t) - Q,-z(to)] =0p (N+ THEN2 4 (NT/M)]/Z). (A.13)
i=1

max
lt—to|=M |t — 1]

Proof. We write

0% (1) — 07 (10) = 20; (10)(Q; (1) — Q; (10)) + (Q; () — Q; (10))*.
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Using Assumption 2.3(i) we get that

N |EQ}0) - EQ2 )
sup = O(N). (A.14)
1<1<T i |z =10l

Let y; (1) = (Q; (1) — Q; (10))> — E(Q; (t) — Q; (1))*. Elementary arguments give

1
P { max (1) > x
12127 [t — 1o ;X:() =

N
=P Z){i(t) > x|t —tg| foratleastone 1 <r<T
i=1

N
< > P kO] = xle -1l
1<t<T i=1
v

N
< > @li—n)TVED x| (A.15)

1<t<T i=1

where in the last step we used Markov’s inequality. Let v = x /2, where «x is given in
Assumption 2.3(ii). The processes y;(¢) are independent in i, so using the Rosenthal in-
equality (cf. Petrov (1995, p. 59)) we conclude with some ¢ > 0, not depending on 7,

v N N v/2

N
ED 70| <c 1D Eluml+[ D ExF (0

i=1 i=1 i=1

Assumptions 2.1(i) and 2.3(ii) yield

%Em(r)l” <cNt =19l (A.16)
i=1
and
v/2
SEFO|  <eNi-rl (A17)
i=1

Thus we conclude via (A.15)—(A.17)

V/ 21 _ v
S 0|z xb <o u STN
(x|t —19l) x

Choosing x = e« NV2T1V with a large enough ¢, we get that

ZX; ®)|=0p (Tl/vN1/2)

1<1<T |t—l()|
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Let
t
Sit)y=eis. (A18)

It follows from the definition of Q;(¢) that

N
D (Qi(t)(Qi (1) — Qi (19)) — E1Q; (t0)(Q; (1) — Q; (t0))])

i=1

N
< Z (Qi (10)(Si (1) — Si (1)) — E [ Qi (10)(Si (10) — Si (1))]) |

|t — 1ol
T

N
> (Qi(t)Si(T) - E[ Qi (t0)Si (T)]) ‘ :

i=1

Using Assumptions 2.1(i), and 2.3(ii) with the Cauchy—Schwarz inequality we get that

N N N
var <ZQ[(IO)51‘ (T)) = Svar(@iti)si (1) < 3 (EQtwn Estr)) = 0 (v1?)

i=1 i=1 i=1
and therefore

N

> (Qi)S{(T)—E [Qi(fo)Si(T)])| =0p (N'1).

i=1

With ¢; (1) = O, (to)e; s — E[Q; (tp)e; ;] we can write for 1 <t < ¢, that

N
Z Qi (1)(S; (t9) — S; (1)) — E[ Qi (10)(S; (t9) — S; (1)) ]) Z Za(s)

s=t+1 i=1

By the Markov inequality we have

4] N
P max 9l > x(NT/M 12
[l<z<zo —Mty—t Z Zfz() (NT/M)
s=t+1i=1
T N
<P max max — (s >xNTM1/2
=< log M <k<logtg ek <p<ek+1 € s§[§(l() >x(NT/M)
1 0] N
<P max — Gils ZXNTM1/2
L"st’SekH ¢ S:tzo—m';-l() (NT/M)

for at least one log M < k < logto}
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log o 1 N

Z d max Z ZCI(S) > x(NT/M)V/%ek

k k+1
k=log M etsl=e s=to—Lli=1

INA

logty

- 0
g(x(NT/M)l/Z) S oeFE max | D DG . (A.19)

k k+1
k=log M ersl=e s=to—Ci=1

Next we need a maximal inequality for the double sum in the last term above. With ¢ (s) =
Gi(tg— s+ 1) we get that

Z Za(s)—ZZam

s=to—{+1i=1 s=1i=1

By the independence of the processes ¢; (s) in i, Rosenthal’s inequality (cf. Petrov (1995,
p-59)) implies that

v/2

ZE(Z G (s)) . (A.20)

S=u

> Gils)

S=u

N oo N
E|D.D.G0)| <c1DE

i=1S=u i=1

We have via the Cauchy—Schwarz inequality

) 2 v 2 v 4
E(ZQ:i(S)) SE(Qi(fo)zei,s) S(EQ?(I()))I/2 E(Zei,s)

and therefore

iE(ig:, (S))2 < %‘ (EQ?(tO))l/Z <E<§tem)4)l/2

i=1 S=u i=1

1/2

1/2

N N v 4
zEQ;*oo)zE(zei,s)

i=1 i=1 S=u

Using that the e; ;’s have mean zero and Assumption 2.3, we conclude

N v 2
ZE(Z&,-(S)) <eNTlu—vl.

i=1 S=u

Similarly, by the definition of 7; we get

E|> &) <2 {E Qi(t) D eis E |:Qi(t0)zei,si|

and by applications of the Cauchy—Schwarz inequality we have

E |:Qi(t0) Zei,s:|

v}
1/2

v 2
<1 EQ*(1)E [Z ei,s:| .
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v w) /2

< 1EIQi(t0)|"E

v
E Zei’s

S=u

D
Qi (1) Z Ci,s
S=u
resulting in

SE

i=1

v

v
D G6)| < eNTPlu—o/,

S=u

Using the inequalities above, we get the upper bound for the moment in (A.20):

v

v N
E ZZE,-(S) < eNY2TV 21y —o)V/2,

s=uj=1

Applying the maximal inequality in Mdritz et al. (1982) to (A.21) we conclude

¢ N v

E  max F(s)| < eNV/2TV/20kv/2,
L X <

Hence (A.19) implies that
I0) N

Pl max > G| 2 x(NT/M)!

I<t<tp—M to—1

s=t+1i=1
c 9]

[ —kv/2 \v/200/2
< e N/ =T
~ 4V v/2 Z

xV(NT/M) k=log M

C
<7a
=

resulting in
10 N

max |3 S )| = 0p(NT/M) ),

<t<tg—M to—1t
Isisto=M 1o s=t+1i=1

Similar arguments yield
to N

max | 3> G0)| = 0p(NT/M)),

M Tty—t
forM=r=tio=H Zhin
which completes the proof of the lemma.

LEMMA A.4. If Assumptions 2.1-2.3 hold, then

1

max 1/2
lt—tol>M |t — 1]
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N
D50 Qi (1) =r(10) Q1)) = Op (T 2A 5 +T (A /M) ).
i=1
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Proof. First we write
0i (r(1) Qi (1) — r (1) Qi (o)) = r (1)6; (Q; (1) — Qi (10)) + J; Q; (1) (r (1) — r (20))-
Applying the definition of r(¢) with Assumptions 2.1(i) and 2.3(i), we get

N
[r(t) —r (o)l z5iQi(fO) —0p (T]/ZA}V/,ZT)-
i=1

m
lt—to|<T |t —1p]

It follows from the definition of Q;(¢) that for all i

T
to—t .
Qi(to) = 0 (1) = Zi(1,10) = ——— Z%ei,s, if1<1<T,
S=

where

1o
D e if 1<t <1y

s=t+1
Zi(t,t9) =1 0, if t =19
t

Z ejs, if1g<t<T.
s=ty+1

Clearly, (ZlNzl J; ZST=1 ei,s)z = O(TAI/2 ) on account of Assumptions 2.1(i) and 2.3(i)
and therefore

[r()] |1—19 Yo < Yol 172
max — 0; ol < o; isl=0 (T1/2A )
li—to|<T [t =19 | T g;‘ ’;;e”s < |20 2 e g T

i=1 s=1

Repeating the arguments used in (A.19), by Markov’s inequality we have

N
d 1522} Mtol—z Z‘) Zi(t.1)| = x(Ay /M)
N
=P 10gM</<logTe/<g<ej+1[ Z]‘SZ ito—1C,10)| = x(Ap, T/M)l/2
0 N
< 2 P max Zéizi(to—f,zo) erj(AN,T/M)l/z

ej £ ej 1
j_—log M st= i=1
v

(o) N
> e VE max (D 5Zitg—t.19)| (A.22)
i=1

j=logM el <t<eit!

(M/AN )"/?

With ¢; s = e; ;g1 We get
{+1 N

N
max . Zﬁizi(t()—f,l‘()) = max Zz&iéi,s .

el <t<eitl |4 el <t<eitl :
sl=eli o st=el™ oli=1
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Using Assumptions 2.1(i), 2.3(ii) and 2.5(ii) with Rosenthal’s inequality we conclude for
all v > 2 that

v

v N N
ED > giis| <co-w I3 161+ AV <20 -w"2AY%,  (A23)

S=uj—=1 i=l1

since by the multinomial theorem

Z|5| <A”/2

i=1

The maximal inequality of Moricz et al. (1982) and (A.23) imply that

N v

E  max ZéiZi(to—t’,tg) SCAUN/ZTej”ﬂ,

el <l<eit! i1

and therefore by (A.23) we have

N

1 12
Pl ma 5 Zi(t,10)| = x(Ay 7/M)V
1§t§toXMlo—l Z (t,10)| = x(An,7/M)

M/Ay 7)/? & '
SC( /ANT) Z e_”/zA;Uv/,zT

XV
j=logM

c

< (A.24)

XV’
Thus we conclude that
N

1 12
252 t,10)| = 0p ((AN 7/M)Y
15tH<12)XMto—t (t,10) P(( N, T/M) )

and by similar arguments we have
N

1 172
5 Zi(t,10)|=0p ((A Mt/
s Biar T | 20 = Or (Awr/m0'7).

which also completes the proof of the lemma. n

LEMMA A.S. If Assumptions 2.1-2.4 hold, then

Z P2 (V20 = V2(10))| = Op (T (14 Qog(T/ M) 4+ M~ 2T112))

|t— [0|>M |t
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Proof. We write |V2(1) — V2(19)| < (V(1) — V(i) + 2|1V (i) |V (1) — Vi)l If 1 <
t < tg, then

0 |

VO -Vl <| D ns|+

t—1ol |
T Zns

s=t+1 s=1
and therefore
o 2 (t t)2 2
— 1y
VO =Va)? 4| D ns | +4——3—
s=t+1 s=1

Thus we get from Assumption 2.4 that

2
V(1) = V(1g))? 1 2
a M:OP(I)"'Q, max ———— Z Ns
lt—to|>M tg—t V—MEM(M—0U2Sﬁ+1

Repeating the arguments used in (A.19) we get that

P >x
fo— t>M (to—t)l/2 _IZH”Y

)
<P max max = z fs| 2 X
log M <k<log T ¢k k+1
ogM<k<logT ek<y<ekt! u s=to—u+1
logT ‘o

< Z P max Z s erk/z

k k+1
k=log M etsuse s=to—u+1

=1

logT fo

Z e M/2E  max z s

k k+1
k=logM etsuse s=to—u+1

IN
RRI‘ —

Following the arguments used in the proofs of Lemmas A.3 and A.4 one can verify that

K
1o
kic/2
E  max | <ce
ek <u<ek+1 Z "Is -
s=to—u+1
which implies that
log(T /M
P 7 z ns| > X SCM.
fo— ! (to—t)/ i) x¥

Similar computations can be performed for t — 7 > M and thus we conclude

i) ~
Ll S0 | = 0p (aosr/any F).

max e

_ —_nl/2
>

lto—t|>M (tg —1t) s—t1
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As in the proof of Lemma A.3 we have that

sup Z s —OP( 1/2) and

fo—t>M tO st
1 t
sup ——| > ns|=0p (M_1/2) . (A.25)
t—tg>M L — 10 st 1
The proof of the lemma is now complete. n

LEMMA A.6. If Assumptions 2.1-2.4 hold, then

ZMQZ OV () = 0it0)V (1)) = 0p (T T2M~1/2).

[t— t0|>M |t

Proof. We write

Qi(MV (1) = Qi) V(to) = V(1)(Qi (1) = Qi(10)) + (V (1) = V(1)) Qi (10)-

Assumption 2.4 implies that
max |V (1) = Op (Tl/z)
1<t<T

and by the arguments used in the proof of Lemma A.4 one can show that

ZV!(QI ) — Q)| =0p ( —I/ZF]I\]/’ZT)'

|r— to|>M It—tol

Similar arguments yield

[V () =V (o)l 12 " 1/2
- T =1l to)|=0p\T "M~
|t toa|l>M |t—t()| lzl th(O) P( | )

LEMMA A.7. If Assumptions 2.1-2.4 hold, then

N

.S, _ _ 1/2 —-1/2
e Ey,é,(va)r(r) Vo)r(to))| = 0p (T2 +TM7"2)|2x 7).

Proof. Since V (t)r(t) — V (t9)r (tg) = V (19) (r (1) — r (t9)) +r () (V (1) — V (1p)), Lemma
A.7 follows from

max ‘V(r y 0 1) (A.26)

r() — ”(fo) ‘ T1/2)
[t=t9|>M
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and
max  |r )w TM-I/ 2) (A27)
[t—to|>M r—

The claim in (A.26) is an immediate consequence of the definition of r(#) and Assump-
tion 2.4 while (A.27) is proven in (A.25). |

Proof of Theorem 2.1. Under assumptions (2.3) and (2.4) we use Lemmas A.2-A.7
with M = 1. |

Proof of Remark 2.1. The proof of this remark follows Bai (2010) closely. We use
(A.3). Since T is fixed,

max Zﬂvz(z)—op(r)

and by Assumption 2.3(i) and Markov’s inequality we have

max ZQ (1) = 0p(N).

1<t<T

By the Cauchy—Schwarz inequality and Assumption 2.3(i) we conclude

E i‘/(t)m 0:i(n|=0(r'?)

i=1

and therefore

N
max ZV(I)ViQi(t) =O0p (rl/z)-

1<1<T |#
i=1

Similar arguments give

N
max_|r(1)>6;0; ()| = Op (Al/z)

<t<
1<t<T ol

and

N
max_[r()V (1) D_divi| = Op(IZ)).

1<t<T :
i=1

The final term coming from (A.3) to consider is ZN 1;’2(t)52 Arz(t) Under the condi-
tions of the remark, this is the asymptotically dommatmg term which has a unique maxi-
mum at #). Hence Remark 2.1 is proven. u
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Proof of Remark 2.2. Let
1
fi(t)= T =2 Qi)+ V(),

where Q; (¢) and V (¢) are defined in (A.1). We note that due to the assumption that the e;
and #; are sequences of uncorrelated random variables we get that

Ef(t) =o? 47} (A.28)
and
var(f20) < €y (Eefo+7}") (A29)

with some constant Cj. We write

N 2
1
> (S,» - %S, (z)) [Ty = MO+ HN O+ H N ).

with
o;r(t)
(T —o)l/2

2
M0 =870 Mo =3 520) and H3n<t)—22ﬁ()
i=1

where r(1),t =1,2,..., T is defined in (A.2). We show that for all ¢ # 1
lim P{H; n(to) —Hin (@) <Ho N ()
N—o00
—Ha N (t0) +Ho, N () —Ha N (10)} =0, (A.30)

which immediately implies Remark 2.2. We note that with some C, > 0 we have that
Hi,n(to) —Hi n(t) = CoA for all ¢ # ty. By the independence of the processes Q; (t),
1 <i < N and V(t) we conclude

N

2 _ 1 2
E (Ha,n (t) — Ha,n (10)) _;E(t(T—t)Qi(t) t(T )Q (0))
2
+42E( 5 QOnVO = )Q(fo)VzV(l)>
Vi) V20) )
+E(t(T—t) _to(T—to)) :

=0(N+T+17)
and therefore
max_|Ha n (1) — Moy (10))| = Op (N1/2 yri2g r) .
1<t<T
Similarly,

— _ 1/2 _ 1/2 1/2+1/2
max [Ha v () = Han )] = 0p (A2 4121) = 0p (A1 4 412012),

since |2| < AV/2T1/2, completing the proof of (A.30). u
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LEMMA A.8. We assume that Assumptions 2.1-2.6 hold, and |s| < oo. Then, as
N,T — oo we have that

An,rlin,T =19l = Op(1). (A31)
Proof. By Lemma A.1 it is enough to prove that forall 0 < a <@

Alin,r(a) = to] = Op(1). (A.32)

Under Assumption 2.6(i) we choose M = C/Ay 7, where C > 0 is a constant. Using

Lemmas A.2, A.3, A.5-A.7 and Assumption 2.5(ii) we obtain that

N
AN 720 =)+ Y (0F0 = 02)) + w1 (VO = V2(10)) (A33)

i=1

N N
+2> 7i(Qi (V1) = Qi (1) V (10)) +2 D 7i i (V(1)r (1) = V (10)r (19))

i=1 i=1

=ANT (rz(t) —r2(lo)) (1+0p(1)) uniformly on |z — o] > M

for all M. Also, by Lemmas A.2 and A.4 we obtain that

N
lim liminf P{ sup > [a‘? (rz(t) —rz(to)) 26 (r(1) Qi () — r(10) O: (zo))] < o} —1.

C—ooN,T>x lt—=tol>C/AN.T =

Hence Lemma A.8 is established under Assumption 2.6(i) and |s| < oo. n

LEMMA A.9. We assume that Assumptions 2.1-2.6 hold, and |s| < oo. Then, as
N,T — oo we have that

N
sup %zgiz (r2(10)—r2(z)) —20(1—0)Agy(t —10)| = o(1), (A.34)

—tol<c/a | T {5

N
1
sup | > 5;(Qi () (1) = Qi (t0)r (10)

lt—to|=C/A i=1

N
+0(1-60) D 5(Si (1) = Si (1))

i=1

=op(l), (A.35)
1 N
sup | > 2idi (V(O)r () =V (t0)r (1) +0(1=0) Ty 7 (V (1) = V (10)
lt=to|=C/A | F ;24
:OP(1)5 (A.36)
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|
sup T (le(f) - Q,z(l()))‘ =op(1),
li—nol<C/a |1 5

| N

— 2 V2l _Vzt _ )
—ol2C/A Téy’ ( @ (0)) op(1)
and

=op(l),

N
1
sup | > 7i(Qi )V () = Qilto)V (10)

—nol<c/a | T =

forall C > 0, where A = Ay 1 and S; (-) is defined in (A.18).

Proof. First we note

1 & (a 2 2r(p) o 1<, 2
7 2.0 (Po-r (to))=725,- (r(®) = r () + 7 D07 (r(1) = r(1))*.
i=1 i=1

i=1

Using the definition of (¢) and Assumption 2.5(i) we conclude

N
1
sup | D70 (0) = r(19)*| = 0(1/(T A)) = (1)

l—tol<c/a | T {5

and

2r (19) < 2 _
B Té‘* (r(1) = r(19)) =20(1 = 0) Aga (1 = 10) | = o(1),

completing the proof of (A.34).
Similarly,

N N N
D 0i(Qi()r (1) — Qi (t9)r (1)) = r(to) D_0; (Qi (1) = Qi (t0)) + D _3; Qi () (r (1) = r (1))

i=1 i=1 i=1
and

N N P
2_0i(Qi(1) = Qi (1)) = D _0i(S; () = Si(to) + —— D6 Si(T).
i=1 i=1 i=1
Computing the variance of Z,N: 10iS; (T) we get

sup
lt=t9|<C/A

N
r(tg) t —toy C o
T T Zalsl (T)

i=1

=0p (1/@8)?) =0p(1)
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by Assumption 2.5(i), so (A.35) is proven.
Clearly,

V(0)r () = V(to)r(19) = (V (1) = V(10))r (1) + V(10) (r (1) = r(19))-

By Assumption 2.4 we get that V (1) = Op (T''/?) and therefore

sup V(1) (r(0) = (1)) = Op (T172/A).
lt=19]<C/A
We note that forall 1y <t <1+ C/A

t

V-Vl <] Y |+ Z

s=to+1

and by Assumption 2.4 we have that |Z§:t0+1 nsl = Op (I/Al/z) and the process

AL/2 ZSLL/IAJ 715, 0 < u < 1is tight in D[O, C]. Thus by stationarity we get

t
sip | > | =0p (1/4172)

ns1=C/A | S

and similar arguments can be used on #y — C/A <t < ty. We conclude that

sup V()= V(i) = Op (1/A1/2+T—1/2/A) —0p (1/A1/2) (A.40)
[t—to|<C/A

completing the proof of (A.36) on account |s| < co.
With y; (1) = Q7 (1) = Q7 (10) — E(Q; (1) — Q7 (1)) we can write

1 N
N (HORYA)

s 2 2
< |t—t§|u§pC/A — E (EQi (t)y— EQ; (to)) - t(?|u<pC/A T g wi(0)].
We obtain from the proof of Lemma A.1 that
sup & i (EQ?(z) —EQ-Z(tO)) —0 (i) —o(1).
i—nl<c/a T ISV ’ TA
Forevery t € [tg—C/A, 19+ C/A] we have that

2 N

N
1 1
T E wi (1) Scﬁ E El//iz(t)

i=1 i=1
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and
sip  EyE =9 sup  [0H0)(0i(0) = 0i10)* + 0F10) (i (1) — Qi (19))?
lt—=to]<C/A lt—=to|<C/A
1/2 1/2
- 0(1){ wp  (£0¢0)" s (E@i0-0it0)*)” }
lt=t0]<C/A lt=t0]<C/A
= O(T/A).

Next we show that «/A/(NT) 1N=1 wi(u/A) is tight in D[—C, C]. Using Rosenthal’s
inequality (cf. Petrov (1995, p. 59)) we obtain that

N K/2
E|D (yi(t) = yi(s)

i=1

N N x/4
<c D Elyi() -y + (ZE(%(I)— Wi(S))Z)

i=1

i=1
with some constant c. It is easy to see that

130 =y = {101(0)(Qi () = Qi (NI +1Qi()(Qi (1) = Qi s |+ EQ}1) — EQFs)1
and

|EQ} (1)~ EQ} () < cli —sl.

By the Cauchy-Schwarz inequality and Assumption 2.3(ii) we have for all 7,5 € [1y —

C/A, 19+ C/A]

1/2
E(0:i0)(0:(0) ~ ;) < (EQ 0 Ei()— 0:(s)*) ' < eTle —s|
and therefore

E(yi() = yi(9))* < Tt —s|
where ¢ is a constant. Also, for x of Assumption 2.3(ii) we have

12 1/2

E|Qi(1)(Qi (1) = Qi (NI < {EIQi DI*EI Qi (1) = Qi &)} ™ < e {Uin () Ui (It =5}
with some constant ¢. Thus we get via Assumption 2.3(ii) that
K/2

ANI2ZN
(ﬁ) Z(V/i(u/A)— wi(v/A)) < c|u—u|"/4,

i=1

establishing tightness by Billingsley (1968, pp. 95 and 127). This also completes the proof
of (A.37).
Following the arguments in the proof of (A.36) one can show that

sip V20 =V2)| =2 s VO-V)l  swp VO
lt=t0]<C/A lt=t0]<C/A lt=t0]<C/A

—0p (TI/Z/AI/Z)’
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and therefore (A.38) follows from Assumption 2.5(ii). To prove (A.39) we first write

Qi(MV (1) = Qi) V(to) = V(1)(Q; (1) = Qi (1)) + Qi (10) (V (1) = V (10)).

Repeating the arguments used in the proof of (A.37) we obtain that

N
1
= s (VO 7i(Qi0) = 0ito))| = Op (T, 7 /(T 4) %) =0p(1)

T \i—gyl<c/A i=1
via applying Assumption 2.5(ii) and T A — oo. n
Let
N

Ry,7W) =Y 68iW/Ay1), u>0,

i=1
where S; (+) is defined in (A.18).
LEMMA A.10. If Assumptions 2.1, 2.3, 2.7, (2.8) and (2.10) hold, then we have

DIo
Ry 7 (u) 0.5 o W(u),

for all C > 0, where W (u) stands for a Wiener process.

Proof. For the sake of notational simplicity we write A = Ay 7. Let 0 =ug <uj <
uy <--- <up <Canday,an,...,a. Under (2.10) we write

k N &
> ar(Ry, () = Ry,7(e—1) = D> ardi(Si(ue/A) = Si(ug—1/A)).

=1 i=1(=1
Using Assumptions 2.1, 2.3, 2.7(i), and (2.10), we get that

2

N k k
DUE D apdi(Situg/A) = Silue—/D) | =07 D ajug—ue—p)(1+o(1)).
i=1 (=1 (=1
Also, Assumptions 2.1(ii) and 2.7(ii) imply
N k 7
D E; D ap(Silug/A) = Si(ue—1/A))
i=1 =1
N -
< CZ; 16717 max, Upz(lue —ue-11/4)
1=
- N —
<ec A—T/ZZWT (A.41)
i=l1
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So using Lyapunov’s theorem (cf. Petrov (1995, p. 154)) we conclude via (2.8) that

k k
> ae(Ry, 1 (ue) = Ry, 1 (1)) B > ar(We) = Wue—y)),
=1 =1

where W stands for a Wiener process. Applying the Cramér—Wold theorem (cf. Billingsley
(1968, p. 49)) we obtain that the finite dimensional distributions of Ry 7 (u) converge to
that of o W (u). Next we show that Ry 7 (u) is tight in D[0, C]. Following the arguments
in (A.41), Rosenthal’s inequality yields forall 0 < u,v < C

E|Ry,7(u) — Ry, 7 ()|
7/2

N N
<cAT? Z|5,~|fE|s,~(u/A>—s,-(u/A)ﬁ+(26?E(S,-<u/A)—s,-(v/A)>2)

i=1 i=1

N N 7/2
<c Zm—vu,-,f(m—v|/A)+(Za,-2Uf,z(|u—v|/A))

i=1 i=1

N
gc[A—fﬂZw,-VH} lu—o|7/?

i=1
<clu —1)|f/2

on account of Assumption 2.7(ii) and (2.8). The tightness now follows from Billingsley
(1968, p. 127). |

LEMMA A.11. If Assumptions 2.1, 2.3, 2.7 and (2.8) hold, then for all integers 0 < t] <
t) <...<tg we have that

N
> 0iSit). 1<t <K L @10k,

i=1
where the Gaussian process &(t),t =0,+1,£2.... is defined in Theorem 2.2.

Proof. We repeat the first half of the proof of Lemma A.10. The result of Lemma A.11
follows from (A.41) and Lyapunov’s central limit theorem due to assumption (2.8). n

Proof of Theorem 2.2. Let A = Ay 7. It follows from Assumption 2.1(ii) and Lemma
A.10 thatforall C > 0

N
D[-C,C

S0 Sto+u/M) =St =S eww), (A42)

i=1

where W (1), —0o < u < oo is a two sided Wiener process. Also, Agy(u/A) = gg(u) and

since 5§ = 0 by (A.40) we have that

Iy, sup V() =V(g)l=op(l). (A43)
[t=1o|<A
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By Lemma A.9 we conclude that for all C > 0

1 _
= Un(to+1/8) = Uy (1)) PGS 201 -0) (0 W) — o). (A.44)

By the continuous mapping theorem we conclude from (A.44) that for all C
argmax),_1<c/A (Un(tg+u/A) = Un(19))

—g argmaxy,|<c (o W(u) — gg(u)). (A45)
According to the law of iterated logarithm, we have that

lim argmax,<c(oW(u)—gg(u)) — argmax,(cWu)—go(u)) as. (A.46)
C—o0 -

Now (2.11) follows from Lemma A.8, (A.45) and (A.46).
It follows from Assumption 2.1(ii), (A.43) and Lemmas A.9, A.11 that for every integer
CcC>0

1
= (WUnGo+0) =Uy(g)). 1 =0,£1,%2,....%£C

Ly 0(1—0)(® () =089 (1)), 1 =0, 41,42, ..., +C}). (A.47)

Observing that u(z, 7) = O(¢), the normality of &(¢) with the Borel-Cantelli lemma yields
that lim);| o &(¢)/t = 0, and therefore

lim argmax;|<c(&(t) —0gp(t)) = argmax, (&(1) —0gp (1)) as.
C—o0
The proof of (2.13) is now completed via Lemma A.8. n

Proof of Theorem 2.3. It follows from Assumption 2.8 that the Wiener processes in
Assumption 2.9 and (A.42) are independent. Hence Lemma A.9 yields for all C > 0 that

1 — 1/2
C WG +u/8) ~UyGe) ST 200 -0) (o2 457) T Wi - g9 ),

where W (1), —00 < u < 0o is a two—sided Wiener process. Arguments used in (A.45) and
(A.46) could be repeated to finish the proof of (2.15).

Referring again to Assumption 2.8 it is immediate that the Gaussian process & () and V(r)
are independent. So applying Lemma A.9 we replace (A.47) with

{%(UN(Z()-FI‘)—UN(I,‘())), t=0,il,i2,...,iC}
2, {20(1—0)(@5(t)+501/2V(t)—Dgg(t)),t:O,il,iZ,...,iC]

for any C > 0. Observing that V(¢)/t — 0 a.s. we need only minor modifications of the
proof of (2.13) to complete the proof of (2.16). |
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LEMMA A.12. We assume that Assumptions 2.1-2.6 hold, and |s| = co. Then, as
N,T — oo we have that

lin.T —tol = Op(Mn 1), (A.48)

where My T = (ZN,T/AN,T)Z-

Proof. By Lemma A.1 it is enough to prove that for all 0 < a <8
lin,7 (@) =19l = Op(My T). (A.49)

The result follows from Lemmas A.2—-A.7 with M = (ZN’T/AN’T)Z. u

Proof of Theorem 2.4. Let M = (EN,T/AN’T)Z. Since A 1 is bounded, by (2.17)
we have
b
NI . (A.50)
AN,T

Following the proof of Lemma A.9 one can show that for all C > 0

N
1
— 0;(Q;(t — 0 (1 = 1), A.51
|t_,i‘|’§’CM'T§ (Qi () (1) = Qi(t0)r (19))| = 0p (1) (A.51)
(AR 2
— 2(1) — Q3 (19))| = op (1), (A.52
e TZ}(Q, (1) = Q7 (t0))| = 0p (1) )
1 N
=570 2(v2(0) = V2(1p)) | = 0p (1 (A.53)
|,_t§‘|‘£’CMT§y'( (0= V)| =op(1)
and
N
1
sup | D> 7i(Qi(OV (1) = Qi) V (t0)) | = 0p (1), (A.54)
[t—to|<CM i=1

It follows from Assumptions 2.4 and 2.9 that for all C > 0

1
= (A7 (Po+ud) =r2(10)) + 22,1 (V (g + ub)r(to +u) = V (10)r (1))

DI=¢,C] 20(1 —0)(W (u) — g (u)),

where W(u),—00 < u < oo denotes a two—sided Wiener process. Using now (A.51)—
(A.54)

1 -
= UG +ud) = Un () " =5 200 -0) (WG - gy ().

Arguments used in (A.45) and (A.46) could be repeated to complete the proof of Theo-
rem 2.4. u
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APPENDIX B. Proof of Theorem 4.1

For the sake of brevity we use , A and X for fN’T, Ay, 7 and Xy 7, respectively . We
start with the proof of (4.4). Let M = M (N, T) be a sequence satisfying

M— oo, M/T—O0, (B.1)
if the conditions of Theorem 2.2 or 2.3 hold and
M = 0o, M/min (T, ZZ/AZ) -0 (B.2)

under the assumptions of Theorem 2.4. First we show that for all M satisfying M/T — 0
we have that

2
1 N

1 1
— Xjj——— X; —1|= 1). (B3
sup |— > o > Xig TP > Xig op(l). (B.3)

A
lulsM| = ;2 1<t <ty+u to+u<t<T

Using (2.1) we have forall0 <u < M

1 1 u Vi
Xig——— Xig=———-1)5+
e X Xumrmarn 2 X ()it X

1<t<to+u totu<t<T 1<t<ty+u
1 Vi 1
+t +u z ei’t_T—(t +u) z m_T—(Z +u) z e
0 1<t<ty+u 0 T—(to4u)<t<T 0 T—(to4u)<t<T

Since M/ T — 0, we have

2
1
(75) -
to+u
Applying Assumption 2.4 with Markov’s inequality and the maximal inequality of Mdritz
et al. (1982) we obtained for all z > 0

sup — 0. (B4)
O<usM

2 K

r _
5~ sup Z m| >zy=P1] sup Z m| = @r*A/ D)2
T-A gcu<m 1<t <ot O<usM \ |5t

IA

r K/2
(m) E sup Z I

O<usM \ | </<to4u
=o(wr/@ay?) >0 ®9)

on account of Assumption 2.5. Following the proof of (B.5) but now using Assump-
tions 2.1(i) and 2.3, we conclude

2 2
1 .
7T2AZ > e =zp < TZAZE > eis
i=1 \1<r<ty < i=1  \l<i<t
1
=-0O(N/(TA)—=0 (B.6)
Z
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by Assumption 2.5(i). The stationarity in Assumption 2.1(ii) yields

N 2

1
P 725, 5P > > e =z
O<usM;_i \ yy+1<r<to+u

N 2

ﬁosup SIS e =-

<usM;_1 \1<t<y

N

M
<> O DI IEE

i=1 \I<t<u

1 NM
=-0(——])—>0 B.7
z (TZA) ®.7)

by Assumption 2.5(i) and the assumption that M /T — 0. Putting together (B.6) and (B.7)
we obtain that

N 2

sup lz 1 > e ]| =op). (B.8)

A I u
O<u<M o+ | <i<totu

i=1

Following the proofs of (B.5) and (B.8) one can prove that

1 N 2
i
ofngKg' mr_(m%<,gm =op(1) (B.9)
and
| | 2
RO b e SO MRS LU B0

i=1 T—(to+u)<t<T

The result in (B.3) now follows from (B.4), (B.5), and (B.8)—(B.10). Since under our con-
ditions

|7 —10l/M =o0p(1), (B.11)

the proof of (4.4) is complete.

By (A.3) we have

Uy (i+0) -0y () =0P0)+...+ U0 ),
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where

N N
Uy ) => 6 (rz(f+v) —rz(a) WOESY (Ql-z(f—H)) - Ql?@) ,

i=1 i=1
N

U ) =02 (Vi+0) - Vi),
i=1

N
U 0) =29 (QiG+0)V G +0) - Qi (HV (D)),

i=1
N

UY ) =26 (r(+0) Qi (+0) — ()i ().
i=1

and

N
U ) =2 67i (rG+0)V G +0) = rE)V(@)).
i=1

It follows from the proofs of Lemmas A.3, A.5, A.6, and A.9 that for all M satisfying (B.1)
we have

sup

|n|<M|v|rNT”U(2)( )‘ ’UO)(”)‘ ‘UM)(D)H op (EN.T)

where 7y 1 is defined in (4.3). Applying now Lemmas A.4, A.7, and A.9 we conclude

sup = 0P(~N T)

‘U(S)()) U(7) (1))
lo|<M Iver T

and

2
‘U](VQ v)— Uj(\f) v)

su - =op(EN,T),
lol<M I0IFN, T ’

where
7 al 8 al
U ) =2rt0) > 6 A (0:6) and U ) =2r(t0) > 678 (v:1).
i=1 i=1

t+o

Z eig, v>0
s=t+1
Ai(w;t)=10, =0
t—1
Z ei,s, v < 0’

s=t+0v
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and
t+o
Z ns, v>0
s=t+1

B;t) =10, v=0
t—1
Z ns, 0 <0.
s=t+v

Using (B.1) and (B.11) one can verify that
1

su —
l<m IIFN, T

2
‘UZ(J)(D)—U](VQ)(D)’ =op(En,T)

and
1
su —
ol<m 1PN T

2
UJ(VS)(D) _U](\}O)(D)} =op(EN,T),

where

N N
Uy ) =2r(t0) > 6 Ai(witg) and UY" () =2r(19) D> 67:Bw: 19).

i=1 i=l1

Letm =m(N,T) < M and m — 00, as min(N, T') — oo. Using Assumptions 2.3 and 2.4

we get
sup ‘LE(U@)@HU(‘O)(u))Z—ENT =0(En, 7).
m<|vo|<M 4|D|72(t0) N N ’ ’
and
©) 10, )
sup ———— (U0 +0{Vw) = 0p0). (B.12)
[o]<m 4ID|r2(f0):N,T( N N )
We claim that
©) 10y, 1\
sup |———— (U 0)+U V) —1]=0p(1). (B.13)
m<lo|<M 4lvlr2(fo):N,T( N N )

The statement in (B.13) is a uniform weak law of large numbers, so we can repeat the proof
of (B.4) to prove it. Namely, due to stationarity, it follows from Assumptions 2.3 and 2.4
that for every v € [-M,...,—m,m, ..., M] that

1

©) 10 )\? B

Now (B.13) follows from (B.14) if (U(9)(v)+U(10)(D))2/(|v|r2(t )= <lol<M
. . N N 0)EN,T).m <[] <
is tight. The tightness can be proven along the lines of the proofs of Lemmas A.4 and A.7.
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Our arguments show that
1 . . 207 24>
sup | ——— (Un(+0) = Un () = Ay 1 (G +0) = r2(D)))
lo]l<M 4|D|rN’T
1
[vlr(10)

2
(V@ +uy"m) ‘:OP(EN,T)- (B.15)

Putting together (B.12), (B.13), and (B.15), the result in (4.5) follows.
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