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Abstract
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gression models where both regressors and residuals may exhibit long
range dependence. The limiting distribution of the test statistic de-
pends on unknown parameters. While the unknown parameters can
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1 Introduction

Parameter instability and structural change have been a subject of a large
body of statistical and econometric literature. The maintained hypothesis
of parameter stability has been tested both against specified and unspecified
forms of alternative hypothesis. When employed as a model-diagnostic tool,
stability tests are constructed against all possible functions describing the
evolution of parameters over time. Such tests are based on the behaviour of
regression residuals, as in CUSUM tests of Brown et al. (1975) and Ploberger
and Krdamer (1990, 1992), or on the behaviour of parameter estimates, as in
the fluctuation tests of Sen (1980) or Ploberger et al. (1989).

Alternatively, parameter stability tests can be designed against a specific
alternative. Example of specific alternatives are one-time change in parame-
ters as in the papers by Quandt (1960) or Andrews (1993), or parameters
following random walk (Nyblom (1989)). Though constructed to detect spe-
cific parameter behaviour, these tests are usually shown to have power against
a broader range of departures from the null of parameter constancy.

This paper considers tests for stability in slope coefficients in linear re-
gression model where both regressors and errors are allowed to be long range
dependent. The main contribution of the paper is twofold. First, the limit-
ing distribution of the test statistics considered in the literature is typically
a functional of Brownian motion. It is shown that this remains true for test
statistics based on the slope coefficient estimator in linear model with sta-
tionary long memory series. Secondly, as an alternative to computing the
critical values for the test statistic, a first-order bootstrap approximation
of the distribution of the test statistic is proposed and the validity of the
bootstrap procedure is shown.

The paper is organized as follows. Section 2 describes the model and the
hypotheses of interest and states distributional results for the test statistic.
Section 3 proposes a bootstrap approximation of the testing procedure and
shows its validity. Section 4 offers a Monte Carlo study of the small sample
performance of the bootstrap testing procedure. Section 5 concludes. The
proofs of the results stated in the text are gathered in Section 6.

Throughout the paper, B denotes a p-dimensional vector of independent
standard Brownian motions on [0, 1] or on a set A C (0, 1), [-] signifies integer
part, Z means the conjugate of a complex number z, ||-|| denotes the Euclid-
ean norm of a matrix, I(-) is the indicator function of a set, ”=-" denotes
weak convergence in the space D(A)” of p-vectors of right-continuous func-
tions with left-hand limits, endowed with the uniform topology. For any real
numbers a, b, a V b = max {a, b} and a A b = min {a, b}. Starred notation in
E*, var*, cov* and similar refers to quantities conditional on data, taken with



respect to the corresponding bootstrap probability measure. The statement
yr ~ xr is equivalent to the statement z—; — 1 as T' — oo. For generic
functions f and g, f; = f()\;) where \; = 27j/T, j = 1,...,T are Fourier
frequencies, and g; = (%) fort =1,...,T. For o-algebras F, G, F VG is
their union, that is the smallest o-algebra containing all elements of F and
G. Finally, C' and D stand for generic constants.

2 Model and asymptotic results

We are interested in testing for structural change in regression models with
processes that may possess long memory. We consider the model

Y = a + By + ug, (1)

where ¥, is the observed dependent variable, o is an unknown intercept, 3, is
a p-dimensional vector of unknown parameters, x; is a p-dimensional vector of
observations on the explanatory variables and u, is an unobserved stochastic
disturbance. Our hypothesis of interest is whether the parameter vector 3,
stays constant,

Hy: B,=p forsome g, forallt=1,...,T.
The alternative is that of general parameter instability,
Hy: pB,#pB, forsomel <t s<T.

Test procedures for the hypothesis of structural stability of general models
are based on test statistics that can be written as

Zr = ¢ (Er)

where Fr is a stochastic process on [0,1] or its subset with values in the
space of right-continuous functions with left-hand limits and ¢ is a contin-
uous functional. The process Er is based on an estimator of parameters of
a given model and its form reflects the choice of the testing principle. For
example, if {e;,p <t < T} is the sequence of cumulative recursive residuals
from the OLS estimates of the model (1) under the null as in the CUSUM test
procedure of Brown et al. (1975), the stochastic process Er can be defined
as BEr = {ET (1) =epmp/T <7< 1}. Further examples of processes con-
sidered in the literature are Wald-, LM- and LR-like test statistic processes
of Andrews (1993), CUSUM of squares process of Brown et al. (1975), OLS
CUSUM process of Ploberger and Krémer (1992), OLS parameter estimates
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process of Ploberger et al. (1989) and Sen (1980) or MOSUM process of Chu
et al. (1994).

The functional ¢ measures the excess fluctuation of the process Fr with
respect to its hypothesised fluctuation. Depending on the belief about the
form of the alternative, the functional ¢ can be chosen to obtain good power
of the test. A functional widely used in literature is the supremum functional.
The test statistic can also be based on the L,-distance like Cramér-von Mises
test statistic with ¢ = 2. The range functional can have power advantage over
the sup functional in detecting smaller fluctuations of a process which changes
its sign, as argued by Kuan and Hornik (1995). The average exponential
functional of Andrews and Ploberger (1994) is shown to enjoy asymptotic
optimality with respect to a weighted average power criterion.

In this paper, we base the test procedure on the OLS estimators of the
coefficient 9 in the model

yp=a+ v+ +u @
where [ T]
B B Ty t<|t1],
2=z (1) = { 0  otherwise, ¥

where ¢ is a p-dimensional vector of parameters and where 7 lies in a subset
A of (0,1). In the interest of clarity, the explicit notation of dependence of
z; on T is sometimes dropped in what follows. The choice A = (0, 1) appears
natural but for technical reasons the set A needs to be restricted to have
closure in (0,1). The grounds for the restriction are discussed after stating
Theorem 2 and its Corollary 1. In addition to technical reasons, there may be
other motives for restricting the set A away from (0, 1). It may be suspected
that the instability in question occurred in a specific subperiod of a given
period. For example, if data for postwar productivity growth are examined,
the attention might be focused on testing for an abrupt or gradual change in
a period around the 1973 oil price shock.

For any fixed 7 € A, the OLS estimator of the parameters § and ¢ in (2)
is given by

~ _ _ -1 _
C e > N e>
o(7) D (e =2y Y (2 —7) 4 > i (2t — %) yt( )
4
where 7 = T7' 527 2, and 7 = T2 2™ 2. Alternatively, model (2) can
be translated into the frequency domain, becoming

wy(N)) = Bwe (V) + 0w (N) +wu(N), j=1,...,T -1, (5)
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where

T
1 .
wq(A) = dye™
) V21T tz:l: '

is the discrete Fourier transform of a sequence of p-dimensional vectors
di,...,dpr and \; = 27j/T are the Fourier frequencies. Identifying w,(\;)
and w,(A;) as regressors and w,(\;) as an error term, the OLS estimate of
the parameters 5 and § in (5) for 7 € A is given by

( @(7') ) - 25;11 ]ﬂcr()‘j) Zr;ll ]xZ()‘j) B Zr;ll [Iy()‘j) (6)
Zj;ll I, ()‘j> Zj;ll I, ()‘j) Zj;ll I, ()‘j> 7

where for any vector processes u;, vy,

is the cross-periodogram matrix. Leaving out the zero frequency from the
frequency domain regression is equivalent to mean-correcting data before
running the regression in the time domain. The estimators defined in (4) and
(6) are therefore identical. Omission of the zero frequency permits inference
on the slope parameters when the intercept is unknown. It is worth noting
that due to the symmetry of the periodograms, (6) is equal to

: T2 oy ST o0y ) /2 (),

(@(7) ) — [ Re ZfT:12 z(A7) zf;12 2=(Aj) Re ZFE (A7)

o(7) Zj:/l] La(A)) Zj:/l] L. (A)) Zj:/l] Ly(A))

(7)

for T' odd while when T is even, (7) differs from (6) only by the order of
O, (1/T).

For each 7 from a set A C (0,1), an estimator 0 (1) of § can be obtained

from (6) and a process & can be defined as § = {5 (1),7 € A}. For any T

and any realization of processes {z;} and {u,} the function ¢ is bounded and
constant on the subintervals [j/T, (j +1) /T) N A, j € N, and the process 0
is a random element of the space D (A)? of p X 1 vectors of right-continuous
functions on A with left-hand limits endowed with uniform metric.

The test statistic based on the process § is then Zp = ¢ (\/T 5) for

any continuous functional ¢: D (A)” — R. For example, the Kolmogorov-
Smirnov (or Bartlett) test statistic is defined as

KSr = sup VT

TEA

o)



and the Cramér-von Mises statistic is given by

CVMT = /T

A

. 2
5(7‘)H dr

where |-|| is the Euclidean norm. Under the null hypothesis, the additional
regressor z; has no explanatory power and the process ¢ is uniformly close to
zero, whereas under the alternative, & can be expected to differ significantly
from zero on a set A; C A of Lebesgue measure greater than zero. The norm
functionals like KS and CvM constitute one-tailed tests, rejecting Hy for large
values of the test statistic. In principle, two-tailed tests can be constructed
for functionals whose range includes both positive and negative values.

It can be expected that the test procedure based on model (2) has power
mainly against one-time break alternatives of the form

' B+ s t=1,...,[7T]
Hi: ﬁt—{ 5 t—[rl)tL....T (®)

for some 79 € A and some constants § # 0, 5, but we show that our test
procedure has power under a broader range of alternatives.

Our analysis proceeds under the following assumptions. It is assumed
that {z;} and {u;} are covariance stationary linear processes that satisfy
Conditions 1-5:

Condition 1

00 00
xt:za’jgt—ﬁ Z||aj||2<OO, aOZI;
=0 =0

o0 o0
2
ut:ijet,j, ij <00, by=1.
Jj=0 Jj=0

Let F; and G; be the o-algebras of events generated by £, s < ¢, and &4,
s < t, respectively.
Condition 2 {¢,} is a stochastic process that satisfies

1. E(&|Fi1VG) =0 as,

2. E(§&|FiaVG) =E (&) =E as., and



3. the joint fourth cumulants of &, ., ji = 1,...p and i = 1,...4, where
§;; denotes the j-th component of the vector &;, satisfy

_ ) Regigagsgs @S-t =1y =13 =14,
cum (Stljla§t2j27€t3j37€t4j4‘gT) B { 0 a.s. otherwise,

geee

Condition 3 {e;} is a stochastic process that satisfies
1. E(e)FiVGi_1) =0 a.s.,
E(e}|F,V G 1) = E(e?) = 02 a.s., and
3. the joint fourth cumulant of e;,, 1 = 1,...4 satisfies

K a.S. t1:t2:t3:t4
cum (€, ; €1, €, €t Fr) = { 0 a.s otherwise ’
.S. ,
with |k| < co.

Condition 4 The functions

A) = Zajew‘ and B (\) = ijeij’\
=0 =0
satisfy the following assumptions:

1. there exist constants 0 < C,y,C, < 00 and dyy,d, € [0,2) k =
1,2,...,p, such that |Ap (N)| ~ Cos A% |B(N)] ~ C A" as A —
0+,

2. A(N) and B (\) are differentiable on (0, 7] and H H = (”A ),
‘ dB(Y) O( BQ)| ) uniformly over (0, 7] and

3 1JAW| > 0 and | B ()| > 0 for A € (0,7].

Condition 5
/ fee N MVl dA < 00, E(ad!) > 0,

where f:(N\) and fu,(\) are spectral densities of processes x; and uy, respec-
tively.



The conditions are similar to those used by Robinson (1995a,b, 1998)
and Hidalgo (2003). A further remark is that while the fourth moments are
assumed constant, the third moments are free to vary and so only second
order stationarity is required.

Conditions 1-3 imply homoskedasticity of regressors and errors. This
assumption could presumably be relaxed to allow for a certain degree of het-
erogeneity. Conditions 1-3 also imply that z; and u, are uncorrelated for all ¢
and s and that E (vuzsus) = E (v25) E (ugus) for all ¢ and s and therefore
that the spectral density of z;u; at frequency zero is 27 f:r foz A) fuw (A) dX if
Condition 5 holds. One of the reasons for imposing the condition F (xiuzsus) =
E (x4x5) E (upus) is that it allows us to use

IR
j=1

of Robinson (1998) to consistently estimate 27 [7_ foo (A) fuu (A) dX without
having to select a bandwidth. If the condition F (zyuzsus) = E (xxs) E (ugus)
is not valid, the long run variance of x;u; has an additional component which
is a function of the fourth cumulants and which is not estimated by Q. When
x; and u; are short memory processes, the results of Taniguchi (1982) and
Keenan (1987) can be used to estimate the additional component of variance,
but no estimation methods are available for long memory time series. Relax-
ing condition F (ryuxsus) = F (x4xs) E (uus) would thus come at a price of
a considerable amount of technical work. Therefore, though assumption of
no correlation between regressors and errors is admittedly somewhat restric-
tive and excludes for example some cases of interest studied by cointegration
literature, we do not attempt to relax this assumption.

Condition 4 allows for a possible singularity at the zero frequency but
the results of this paper could be generalized to the case of a singularity at a
nonzero frequency or of more than one singularity. The validity of the bound
[dB (A) /dA] = O(|B(A)|/A) implies that |dfu, (A) /dA] = O (fuu (A) /A)
since fu, = % |IB(N))?. Similar implication holds for the spectral den-
sity matrix f,,. Examples of scalar processes that satisfy Condition 4 are
FARIMA model of Granger and Joyeux (1980) or Hosking (1981), and frac-
tional Gaussian noise of Mandelbrot and van Ness (1968). These models
satisfy f(\) ~ CA 2% as A\ — 0+ for some memory parameter d € [O, %)

Condition 5 has been used by Robinson (1994) and Robinson and Hi-
dalgo (1997). The condition restricts the collective memory of regressors and
errors. For regressors with long memory parameter d, and errors with long
memory parameter d,, Condition 5 imposes restriction d, + d, < %. This

2
condition ensures that the standard least squares estimation procedure of the
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slope coefficients is v/T-consistent and leads to a Gaussian limit distribution
(Robinson (1994)). As Hidalgo (2003) remarks, the first part of Condition
5 seems to be very mild and appears to be necessary and minimal for the
central limit theorem for OLS estimates of slope coefficient to hold. In a
related proposition of Giraitis and Surgailis (1990) an analogous condition is
required for convergence of quadratic forms in linear processes. The validity
of the CLT carries over to a functional CLT in the present paper.

The main result of this section can now be stated. Let B be a vector of p
independent standard Brownian motions restricted to A where A is a subset
of [0, 1] with closure in (0, 1).

Theorem 1 Under Conditions 1-5 and under the null hypothesis,

~

p(r)—p ! £7105 (rB (1) - 7B (7))
ﬁ( 5(r) ) — -1 ( 27107 (B(7) — 7B (1)) >

on A, where Q@ =21 ["_ fou(N) fuu(N)dX and ¥ = E(z,x}).

Theorem 1 implies in particular that

1 1

VTH(r) = . 7103 (B (1) — 7B (1))

(1=7)

so that for each fixed 7 € A,
VTé(r) % N(0,V (7)) (9)

where 1
V(r) = ——xtoxn 1.
(7) T(1—7)
It is interesting to note that when x; or u; are long memory processes, the
limiting distribution remains to be a function of a Brownian motion rather
than of a fractional Brownian motion that often arises in asymptotic results
in long memory environment. A result that is crucial for validity of Theorem
1 is that T-1/2 Z;F:_ll L., ();), which is asymptotically proportional to the

partial sum 71/ ZET:TI} xu, converges weakly to a Brownian motion. To

achieve weak convergence of the partial sum ZTET:TI] x; for strongly dependent
process x;, normalisation by T’ 34 ig required and the limiting process is a
fractional Brownian motion. However, the case of the partial sum ZET:TI] Ty
is different. Intuitively, while the memory of the processes z; and u; is of a
long range, their product z,u; displays short memory behaviour. This phe-
nomenon may be regarded as analogous to that of Robinson (1998) where the

9



sample autocovariances of processes x; and u; are stochastically dampening
each other in his estimator of 2.
To assess the power of the test procedure, we examine limiting behaviour
N ~ !/
of the process (B (7)',0 (T)/> under alternatives. We restrict ourselves to
the local alternatives

B, =P+ %h (%) for some S, (10)
where h is a p-dimensional vector of bounded variation functions on [0, 1].
This class of alternatives comprises many types of structural change that
may be of interest. For instance, a function h (7) = 0l (7 < 7) describes the
alternative of an abrupt break of size § at time 7. A step function h defines
multiple structural breaks. A function h consisting of two constant segments
connected by a smooth curve depicts smooth transition between two steady
levels of a parameter. A general smooth function h captures continual change
of the parameter.

For the limiting distribution under local alternatives the following result
is obtained.

Theorem 2 Under Conditions 1-5 and under the local alternative hypothesis

(10),

(U0 = s (e ) )

(
1 f h (u) du
<f0 (u) u—Tfolh(u)du>

forT e A.

By the continuous mapping theorem, an immediate consequence of The-
orem 2 is the following corollary.

Corollary 1 Let ¢ be a continuous functional on D (A)’. Let Zr = ¢ (ﬁES (T))
and

1 “102 T)—T
Z = o (= et B - B ) +

T

ﬁ /h(u)du—Tflh(u)du

0
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Under the conditions of Theorem 2,
Zr % 7,

The limiting random variable 7}, is indexed by functions h specifying local
alternatives. Under the null, when h = 0, the test statistic Z; converges in
distribution to Zj,

¢ (ﬁ?s (7)) LY (;zm% (B(r)-7B (1))) .
7(1—7)

The asymptotic test at a significance level « is based on a critical region C|,

constructed from the asymptotic null distribution, P (Zy € C,) = «. The

asymptotic test rejects the null when Z; € C,,.

The form of the limiting distributions in Theorems 1 and 2 explains the
reason for the necessity of bounding the set A away from 0 and 1. The
restriction on A guarantees that the convergence of the estimator 6, which
is the basis of the test statistic, is uniform. Moreover, it can be shown that
for A = (0,1) many functionals, including the sup- and L,-norms, diverge to
infinity in probability.

The trimming restriction on A can be avoided by allowing the limiting
distribution of the test statistic to be of a different form than a functional
of the Brownian bridge. The results of Jaeschke (1979) and Eicker (1979)
suggest that the supremum of & () taken over subsets of (0,1) increasing
towards (0, 1) at an appropriate speed and normalized by a suitable centering
and rescaling sequences should converge to an extreme value distribution.
However, relaxing the restriction on A in such a way comes at a cost. The
rate of convergence of the test statistics to the extreme value distribution can
be expected to be very slow. The asymptotic critical values would not be
appropriate for tests in samples of moderate size and an elaborate bootstrap
procedure would be required to improve on the performance of the asymptotic
test. We do not pursue this possibility in the current paper.

The variance of the process (B (1) —7B(1)) /(7 (1—1)),

B(r)—1B(1) 1

var 7_(1_7_) :7_<1_7_)7

varies across A. This means that under the null, the probability that the

process ‘ 8(7)“ crosses any vertical line above the real axis is smallest at

T = % This may lead us to inquire whether the power of the test based on
supremum and other functionals can be improved by levelling the variance
of the estimated process 0 across A. Given the restriction of A away from
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(0,1), we may normalise the process & by multiplying it by [7 (1 — 7)]"/%. By
Theorem 1, under the null,

v
[r(1=7)]

whose variance is equal to X7'QX~! across A. The rejection probabilities
of the test based on the levelled process § in samples of moderate size is
examined in a Monte Carlo experiment in Section 4.

Our test procedure is based on the behaviour of the OLS estimator of
[ coefficients. At the core of the limit behaviour of the test statistics lies
the fact that 7-'/2 Zf;l Wy (ry (A;) Wa (A;) converges weakly to a Brownian
motion process. Using this fact, the asymptotic behaviour of other tests based
on the behaviour of OLS slope coefficient estimators can be obtained. For

[ (1 —7)]2 VTo(r) = S0 (B (1) — 7B (1))

=

example, if BZ is the OLS estimator of 3 in the regression vy, = o + 'z + uy
for t =t,...,ts, then under the local alternative (10)

T

T (S[JT] — ) =70 (B (1) - TB ()+ /h () du — T/h (u) du

0

in correspondence with the results of Ploberger et al. (1989). If & and €
are consistent estimates of ¥ and 2, then the Wald-statistic process based
on partial sample slope estimators has limiting distribution

A[rT] AT PSS\ o ,
T (A" - By (—) (B = Bpryn) = (1) T (1)

T(1—1)
where
1
J(r) = - (B(r)—7B(1
I R !
1 1 T 1
+ -2 h(u)ydu—7 [ h(u)du
ra—n) / /

as in Andrews (1993).

On the other hand, the limiting distribution of tests based on behaviour of
the OLS residuals depends crucially on the weak convergence of 7~ 1/2 ZtT:l Uy
to a limiting process. Under long memory, the asymptotic properties of this
sum can be expected to be different than under short memory.

12



3 Bootstrap procedure
The limiting distribution of the process § in (9) depends on unknown para-

meters {2 and Y. The process d can be normalized by consistent estimates
Q, ¥ of these parameters. Such consistent estimates are for example

L7
7 thx; (11)
=1

and

~

—1

4 2

Q= 7 2 Lee () Laa (). (12)

1

<.
Il

Consistency of 3 follows from ergodicity of z; in the variance implied by
Conditions 1 and 2. The estimator €2 is based on results of Robinson (1998)
and its consistency is asserted in the following theorem.

Theorem 3 Under Conditions 1-5 and under the local alternative,

The normalized process d (1) = Q7254 (7) has a limiting distribution
which is free of nuisance parameters,
B(r)—71B(1)

T(1—7)

VTo (1) =

In special cases, distributions of functionals of Brownian motion are known
analytically and quantiles of the distributions can be easily computed. Ex-
amples are supremum of a Brownian motion and supremum of a Brownian
bridge. In other instances, critical values have been computed by simulation
and tabulated, as in case of the supremum of a standardized tied-down Bessel
process in Andrews (1993). However, in majority of cases, the critical values
of the test statistic need to be simulated by the researcher.

One alternative to computing asymptotical critical values by simulation
is to employ a bootstrap procedure. The core idea of bootstrap is to replace
the unknown distribution of a random variable by the empirical distribu-
tion of a random sample drawn from that distribution. However, when the
data are not independent and identically distributed, the basic bootstrap
of Efron (1979) is not valid. In the time series context, an early adapta-
tion of the basic bootstrap method rests on the assumption that the data
are generated by a finite-order stationary ARMA process with independent

13



identically distributed innovations (Efron and Tibshirani (1986)). In a direc-
tion towards nonparametric methods, Biihlmann (1997, 1998) approximates
the linear infinite-dimensional process by a sieve of finite-dimensional au-
toregressive processes whose order is growing with the sample size. Diebold,
Ohanian and Berkowitz (1998) propose a purely nonparametric bootstrap
method. Their Cholesky factor bootstrap replaces estimates of parametric
models with nonparametric estimation of the dynamics.

A different way of approximately preserving the temporal dependence
structure of the data is to resample blocks of data. Carlstein (1986) and
Kiinsch (1989) propose to resample from nonoverlapping and overlapping
blocks of data, respectively, and to concatenate the blocks to generate a
bootstrap sample. Politis and Romano (1992) introduce an idea of subsam-
pling, regarding blocks of data — subseries — as new pseudo-samples.

A problem shared by nonparametric bootstrap methods is that they re-
quire an intervention by the researcher in choosing a dimension parameter
of the procedure, be it lag length, bandwidth or block length. The perfor-
mance of time-series bootstrap can be highly sensitive to the choice of the
dimension parameter, particularly in samples of moderate size. Although
automatic procedures for choosing the dimension have been devised for some
methods, they can be computationally expensive.

Nonparametric bootstrap procedures can alternatively be carried out in
the frequency domain where either frequency domain data or their squares,
that is the discrete Fourier coefficients or periodograms, can be bootstrapped.
This approach is motivated by the observation that converting a stochastic
process from time domain to frequency domain reduces serial correlation of
the process though it induces heteroskedasticity. Bootstrap method of Ramos
(1984) for Fourier coefficients or Friinke and Hérdle (1992) and Dahlhaus and
Janas (1996) for periodograms require a consistent estimate of the spectral
density and therefore a choice of a bandwidth. Local periodogram bootstrap
of Paparoditis and Politis (2000) avoids the need for estimating the spectrum
but again demands a bandwidth choice.

Hidalgo (2003) proposes a method that eliminates the dimension choice.
He suggests to bootstrap OLS residuals in frequency domain. His bootstrap
procedure is easy to implement and computationally inexpensive. Moreover,
it is one the first bootstrap procedures shown to be valid for long memory
time series in a fairly general context, adding to a still thin body of the
literature on long memory time series bootstrap.

In this paper we propose to approximate the critical values of the testing
procedure described in Section 2 by a bootstrap procedure based on the ideas
of Hidalgo (2003). The procedure consists of the following steps.
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Step 1 Compute OLS estimates 3 (7) and 6 (7) from (4) or (6) for 7 € A.
) the OLS estimates 3 = 3 (7) and

Compute 7 = argmax,ca HS (1)

0 = & (#) and the OLS residuals

Step 2 Compute

and ) .
wy (Aj) — 77 D h=1 Wa (Ak)

12 wq (Aj) — leklwuo‘k)

Step 3 Draw a random sample nj, ..., Nir /2 from the distribution P (77;‘ = wa()\k))

Wy (Aj) = ’2.

for k = ., [T/2] and generate a bootstrap sample

w (\) = B;wj) +lwa)lnt, =1, [T/2]

where j3, is the estimate of § from the null regression of w, ();) on
w,(A;) alone.

[T/2]

%k

Step 4 Compute (B* (7)',0 (7)) as
o _ B -1
T ) _( S Tael) Sy 1) ) g ([ Sy L)
5'() Yot L) X5 () S s ()
where the right-hand side depends on 7 through the definition z;, =
(¢t < [rT]) in (3).
Step 5 Compute the functional used for the original data, Z}. = ¢ (x/T 5*)

The distribution of the bootstrap test statistic Z;. can be used to approx-
imate the asymptotic null distribution of Zr, that is to construct a bootstrap
test. To show the validity of the bootstrap procedure, we need to prove that
the bootstrap process

F-b ) _ (T ) T 00
Zj;ll ]zz()‘j> Zj;ll ]ZZ()\j)

(T/2] e | a*
%2 Re ;%/2]1 Wy, j [wa,] 77]* (13)
D5 War)g wagl 1
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A~ ~ /
consistently estimates the null behaviour of the process (ﬁ (1) —p,0 (7')/> .

It must be shown that under the null and under the local alternative the
process 2 Re T—1/2 252/12] W (r),; |wa,;| 17}, conditionally on data, converges weakly

in probability to the same process as T~*/2 Z)T;ll L. (\)), that is to 2Q3 B (1),

(7/2

]
]_ p ]_ 1
2Re — o [ was |t = —Q2B (1),
o 2 vl 2> 04 ()

where 7= stands for the weak convergence in probability as defined by
Giné and Zinn (1990).
The consistency of the bootstrap is asserted in the following theorem.

Theorem 4 Under Conditions 1-5 and under both the null and the local
alternative hypotheses,

FO-B) L (S0t B
¢T( 5 (r) )iju—f)<219ﬂ30ﬂ—73“” )

wn probability.

A straightforward consequence of Theorem 4 and the continuous mapping
theorem is the following corollary.

Corollary 2 Let ¢ be a continuous functional on D (A). Let
Zy =6 (VT3 (7))

and let Zy be Zy, of Corollary 1 with h =0, i.e.

Zy=6((r(1=m)"' 2708 (B(r) ~7B(1))).
Under the conditions of Theorem 4,

Zr — Zy
in probability, that is
P(Z < a|Fr Vv Gr) 5 P(Zy < )

for each continuity point x of the right-hand side.
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The bootstrap test is constructed using a critical region C? based on the
bootstrap distribution in such a way that P (Z; € C*) = «, where « is a
level of significance. The bootstrap test rejects when Zp € C%. Let F} (x) =
P (Z3 < x|Fr V Gr) denote the distribution function of Z conditional on
data and F'(x) = P (Zy < z) the null asymptotic distribution function. The
bootstrap p-value for a one-tailed test is pr = 1 — F; (Z7). The bootstrap
test rejects Hy when Zp is large, that is when pr is small. By Corollaries
1 and 2, Zp <, Zy and F} = F in probability. The continuous mapping
theorem implies that pr = 1 — F (Z7) L1-F (Zy) in probability. The
p-values based on the bootstrap distribution F}: are therefore asymptotically
equivalent to the p-values based on the distribution F.

It should be noted that the proposed bootstrap is not the only possibil-
ity. The variables 7} in Step 3 are drawn from the empirical distribution of
normalized discrete Fourier transform of the OLS residuals. Alternatively,
external bootstrap can be carried out by drawing 7} from any complex dis-
tribution with zero mean, unit variance and En;f2 = 0. A natural choice is a
complex normal distribution. The proof of validity of the external bootstrap
procedure remains identical to the current proof. Another valid modification
is to multiply 77 in Step 3 by the value of w; ();) instead of its modulus.
The proof of validity in this case goes through with only minor alterations
as noted at the end of the proof of Proposition 7 in Section 6 below. A sim-
ulation study suggests that none of the methods above dominates the others
in performance.

Hidalgo (2003) interchanges the resampling with the Fourier transforma-
tion, resampling first from the normalized time-domain residuals and then
transforming the resampled data into the frequency domain. His simulation
results seem to suggest that there is no substantial advantage in exchanging
the order of the operations. In the simulation experiments in this paper we
use the procedure given in Steps 1-5.

4 Monte Carlo

In order to assess the performance of the bootstrap procedure in finite sam-
ples, a small Monte Carlo study is conducted. Data are generated according
to a simple linear model

Y = o+ By + uy

where scalar series {z;} and {u;} follow a FARIMA(O0, d, 0) process and where
a = 0. The long memory parameters d, and d, for the regressor x; and errors
u; are either 0 (short memory) or 0.2 (stationary long memory). The series
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x; and u; are generated using the Davies-Harte (1987) algorithm. The set
A of feasible break dates is taken to be the interval [T, (1 —¢) 7] where
e = 0.05, so that approximately 5% of potential break dates are discarded
from each side of the 1,...,T range. The sample sizes considered are 32, 64,
128, 256. While a sample of length 32 may be too short to yield satisfactory
results in the long memory case, the Monte Carlo simulation can still offer
useful insights into the performance of the method for the short memory
case. Two functionals are chosen on which to base the test procedure: a
Kolmogorov-Smirnov- (or Bartlett-) type statistic, whose discrete version is

s(%)

and a Cramér-von Mises-type statistic based on Ls-distance, with a discrete

version
CvM = Z 5 ( )

=[eT]

KS = sup VT

eT1<j<[(1-&)T]

Y

The bootstrap test is based on the estimated process 5 obtained from (4) or
(6). Since the limiting variance of the process 0 (7) varies with 7, we also

consider a normalised version [7 (1 — 7)]% 6 (1), whose variance is level across
A.

The asymptotic test is based on the process 5(r) = Q2% (1), where
3 and Q are computed as in (11) and (12), respectively. A levelled version

7 (1— 7')] 6 (1) is also considered. The values of the Kolmogorov-Smirnov
and Cramér-von Mises test statistics are compared with quantiles of their
asymptotic distribution. These quantiles are estimated by approximating
the limiting processes by their discrete versions over a grid of 10 000 points
spaced equally across the interval [0, 1] and by simulating the distribution of
functionals of these processes by Monte Carlo. The number of Monte Carlo
replications is 10°.

The results in each of the tables are all obtained conditionally on a set
of 5000 replications of a 256 x 2 matrix of independent identically distrib-
uted N (0,1) elements. Within each replication, 1000 bootstrap samples are
generated. The rejection probabilities are based on 5% nominal significance
level.

For the examination of the level of the bootstrap and asymptotic tests, the
results are given in Table 1. In this table and in Table 2, the heading "raw”
denotes the size of the test based on the original process é (7) defined in (4)
or (6) whereas the heading "norm” refers to the size of the test based on the

levelled process [7(1 — 7')]% 5 (7). The bootstrap test is non-conservative,
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with level approaching the nominal value from above as the sample size
increases. Overall, neither KS nor CvM test statistic can be said to generate
better test as far as level is concerned. The actual level tends to be closer to
the nominal value when the memory of the error is of short range. Levelling
the variance of the process d does not seem to bring substantial changes in
the rejection probabilities under the null.

The asymptotic test performs poorly for the range of sample sizes under
consideration. Again, neither of the Kolmogorov-Smirnov and Cramér-von
Mises tests dominates the other. Levelling the variance of the process d
actually seems to slightly damage the null rejection probabilities for a range
of sample sizes.

In order to explore the power of the test, the alternative is set up as
a break in the middle of the sample, 79 = 1/2, with unit size of the jump,
0 = 1. In the experiment the alternative is fixed, that is the size of break does
not change with the sample size. The outcome of the simulation of power is
reported in Table 2. In terms of power, the CvM test appears to be strictly
preferable to the KS test for both the bootstrap and the asymptotic test.
This is in agreement with expectation of Ploberger and Krémer (1992) who
suspected that Lo-norm CvM test might perform better than sup-norm KS
test in case of the one-time structural break. The rejection probabilities of
the asymptotic test are larger than those of the bootstrap test in a majority
of parameter combinations. However, such a comparison is not informative
since the actual critical values have not been corrected to yield 5% level of the
tests. An important observation is that levelling the variance of the process
0 unambiguously and substantially improves the power of all forms of the
test.

Overall, the outcome of the simulation exercise provides evidence that the
bootstrap procedure proposed in the paper performs reasonably well already
for samples of moderate size. The results of the exercise further seem to
suggest that (a) the bootstrap test is preferable to the asymptotic test, at
least for small to moderately sized samples, (b) Cramér-von Mises-type of
test statistic is preferable to the Kolmogorov-Smirnov-type, at least for one-
time change alternatives, and (c) levelling the variance of the test process
& across A may be recommended at least for some forms of the alternative
hypothesis.

5 Conclusion

The paper examines a test for parameter instability in a linear model where
memory of both regressors and errors is allowed to be of a long range. The
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Bootstrap test

Asymptotic test

KS CvM KS CvM

d, | d, | raw | norm | raw ‘ norm | raw ‘ norm | raw ‘ norm
T=32

0 0 9.9 9.9 94 9.3 46.7 | 41.5 | 52.3 | 34.6
0 [0.2]123]| 122 | 119 | 10.5 | 488 | 43.1 | 54.6 | 36.1
02| 0 9.9 10.4 | 10.2 9.4 49.7 | 44.6 | 56.9 | 41.0
0.2(0.2|122| 126 | 123 | 11.0 | 50.5| 45.5 | 588 | 42.9
T=64

0 0 9.1 9.2 8.8 7.7 179 | 15.0 | 15.7 9.4
0 |0.2]10.2 9.6 8.3 7.5 18.7 | 158 | 17.1 | 10.1
02| 0 8.8 8.6 8.7 8.1 207 | 182 [21.6| 13.5
0.2 0.2 10.1 94 9.3 8.5 19.9 | 182 | 226 | 155
T=128

0 0 6.5 6.3 6.7 6.5 7.6 4.6 6.4 4.7
0 [0.2] 6.9 6.4 6.7 6.5 8.2 5.0 6.8 4.5
0.2 0 6.4 6.5 6.9 6.7 9.5 6.2 8.5 6.1
0.20.2| 74 7.3 7.2 7.1 8.7 6.4 9.6 7.4
T=256

0 0 5.3 5.7 5.9 5.9 3.7 1.7 4.0 3.3
0 [0.2] 58 5.9 5.9 5.9 4.0 1.9 4.2 3.4
0.2 0 5.4 5.3 6.1 6.1 4.8 2.4 5.2 4.1
0.2|10.2] 6.3 6.0 6.1 6.0 4.0 2.2 5.5 4.7

Table 1: Level of test at 5% nominal level
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Bootstrap test Asymptotic test

KS CvM KS CvM

du raw | nori | raw ‘ norim | raw | norimm | raw ‘ norm

0.2 13.0| 209 | 265 | 384 | 499 | 53.0 | 76.8 | 71.0

0 |11.9] 21.0 | 26.2 | 379 | 523 | 589 | 81.1 | 76.2

dy

T=3

0 0 [11.0| 198 | 249 | 369 | 480 | 52.1 | 75.8 | 70.0
0

0.2

0.2

0.2 143 | 225 | 279 | 384 | 526 | 589 | 80.5 | 75.8

0 0 | 155 5831 | 683 | 80.9 | 17.5 | 54.7 | 789 | 82.4

0 [0.2]156| 514 | 66.6 | 79.6 | 11.7 | 544 | 784 | 81.8

0.2 0 | 168 | 534 | 689 | 81.5 | 224 | 65.0 | 84.3 | 87.5

0.20.2|175| 50.8 | 66.0 | 77.1 | 21.5 | 60.5 | 81.0 | 83.8

T=128

0 0 | 323 919 | 975 | 99.1 | 16.0 | 91.5 | 97.1 | 985

0 |{0.2|310] 903 | 96.5 | 98.7 | 16.0 | 899 | 96.3 | 98.0

0.2 0 |347| 925 | 981 | 994 | 245 | 948 | 98.3 | 99.2

0.20.2|323| 89.2 | 95.0 | 979 | 19.9 | 8.8 | 95.7 | 99.2

T=256

0 0 | 79.4 | 100.0 | 100.0 | 100.0 | 61.7 | 100.0 | 100.0 | 100.0

0 {0.2|746| 99.9 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0

0.2 0 | 815 | 100.0 | 100.0 | 100.0 | 73.7 | 100.0 | 100.0 | 100.0

0.2 0.2 | 71.6 | 100.0 | 100.0 | 100.0 | 49.3 | 99.9 | 99.8 | 100.0

Table 2: Power against the alternative of one break at 5% nominal level
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testing procedure is based on a process of OLS slope coefficient estimators.
The choice of a continuous functional of this process for constructing the test
statistic can reflect beliefs about the form of alternative and can improve the
power of the test procedure.

A bootstrap procedure is proposed to approximate the distribution of the
test statistic to the first order. The procedure is carried out in frequency
domain and does not require choice of any tuning parameter such as block
length in block bootstrap methods. A Monte Carlo study suggests that the
bootstrap produces good results and is superior over the asymptotic test for
moderate size samples.

There are several natural directions in which the current work can be
extended. First, the condition that 2 < oo could be relaxed to allow for
greater degree of collective memory of regressors and errors. In this case,
the OLS estimation procedure could be replaced by a GLS-type procedure.
Second, partial structural change could be considered and gains in efficiency
from allowing partial change evaluated. Third, a bootstrap procedure might
be shown to approximate the distribution of the test statistics to an order
higher than first.

Further, under the assumption that the alternative hypothesis holds and
is of the one-time structural break form, the date of break could be esti-
mated and, based on the distribution of the break date estimator, inference
conducted.

6 Proofs

For notational simplicity, the process {z;} in Theorems 1-4 is taken to be
scalar. Asymptotic results for vector processes can be obtained using Cramér-
Wold device for stochastic processes as defined for example in Lemma A4 of
Andrews (1993).

Validity of Theorems 1, 2 and 4 rests on the fact that under Conditions

1-5, as T' — o0,
T—1

1 -
—= D Lu(N) = —Q2B(7), 14
ﬁ; W)= 5B () (14)
1 T-1 1
T 2 WieiThas = 2 / ha () hy (1) dt 15)
j=1 )
and
[T/2] .
x P 1
2Re = Z Wa(7),j | Wa | 1 = %QQB (r) (16)

\/T j=1
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over [0,1], where for any function h, {wp,;,j =1,...,T} is the discrete
Fourier transform of the sequence {h (%) r,t=1,... ,T} and where the
random variables 7} are defined in Step 3 of the bootstrap procedure. In
all three cases, the convergence is shown in two steps. First, convergence is
proved for weighted innovation processes {{,} and {e;}. The result for the
processes {z;}, {u;} is then established by showing that the difference be-
tween the left-hand side of (14)-(16) and their weighted-innovation analogues
converges to zero in probability uniformly over [0, 1]. Auxiliary results are
given in Lemmas 1-5 and Propositions 1-7 establish convergence in (14)-(16).
The validity of Theorems 1-4 is then argued employing Propositions 1-7.

Lemma 1 Let h be a bounded variation function on [0,1]. Let H (\) =
Zt 1 (—) A, Then for some 0 < C' < oo independent of T,
(a) |H (A )|< my Jor A € (0,7,

(b) fOJ |H (N)|dX = O (log j) uniformly over 1 < j < [T'/2].
Proof. (a) Letting D; (\) = 3¢ _, ¢’ noting that

RPN
9 S1n T

2 —
sing | 7 [A|

iA(1+t)/

Dy (A)] = |e

for 0 < A <7, and using summation by parts, we have
T-1

HOL < Tl fn(5) -0 (5| + el

(R () wo)

T-1
<
< 5 (Zh
due to the boundednesls of the total Varlatlon of the functlon h.
b)fo’\j|H(/\)|d/\:f07|H |d/\+f’|H |d)\<Tf0Td/\+f’Cd)\
=0 (logj). m

<

>~|a

Lemma 2 Let h be a bounded variation function on [0,1]. Let {z:} be a
covariance stationary process satisfying Conditions 1, 2 and 4. Let Hr (\) =

Zt . (—) A and Ky (\) = 27rT|HT( )|2 Then

-

uniformly over integers 1 < j < [T/2].

, ()\—)\j)d/\:O(l> as T — o0
J
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Proof. The function A satisfies assumptions A1, A2’ of Robinson (1995b).
Furthermore, the kernel Hy has the property

T
|HT ()\)| S TN
Al

by Lemma 1. Therefore the lemma is valid by the arguments of Robinson
(1995b) in the proof of his Lemma 3. m

O<A\<m T2>1,

Lemma 3 Let {x;}, {xo} be scalar covariance stationary processes satis-
fying Conditions 1, 2 and 4. Let hy, hy be bounded variation functions on
[0,1]. Denote by Ay, the transfer functions of the processes {xy}, k = 1,2.
Let vy (\;) = V2mwy;/ (08Ak;) where {wy;,j=1,...,T} is the discrete

Fourier transform of the sequence {hk ( ) T, t=1,. T} Then

(a) E{vr, (A\j) 01 (Ag)} = T — 1hk( )hl( )+O<1°gj> and
(b) E{vr (A\j) v (A)} =0(1)

uniformly over integers 1 < j < [T/2], for k, 1 =1,2.
Proof. (a) We have

where
1

Hk ()\) = th (%) Giw\, k= 1,2.
t=1

Condition 4 implies that we can choose n > 0 such that for A € (-7,0) U
(0,m), for some dy, d; € [0,3) and for some 0 < C' < oo, |Ak (N) 4 ()\)} <

12
C |)\|_(d’“+dl) and }%Ak (N A ()\)‘ <C |)\|_(d’“+dl)_1. Furthermore by Lemma
1 the kernels Kj; and Hy, display properties required in the proof of Theorem

Of Robinson (1995a), namely K (A) = O (55z) for 0 < |A| < 7 and
f DA, - |Hi (M) dA = O (logj), k = 1,2. The proof of part (a) therefore follows
as in the first part of case (a) of Theorem 2 of Robinson (1995a). We obtain

t lo
Bt = (T Z ( ) ( )) AijlJ =0 ( ;g]/\ (d“_dl))
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from which it can be deduced that
T :
_ 1 t t log j
oy =7 32w (1) (7) +0 (%)
as required.

Part (b) follows from part (a) by the Schwarz inequality. =

Lemma 4 Let g be a complex-valued function on [0, 7] which satisfies (a)
lg|? is integrable on [0,7], (b) g(\) = O (A" for X — 0+ for some d < %
and (c) g is bounded on any subinterval of (0,x|. Then for any o >0, 3 >0
such that 2da+ < 1, as T — o0,

[T/ 2]

| 2a / |g 2a
————dA.
T Z )\B 27T

Proof. Fix ¢ > 0. For any small 7,

[T/2 | ) 2a ’g 2a
———d\

725 %/

[nT) | 2a |g 2a

= TZ )\B gﬂ/ —F dA
7=1
[T/2] 2a 2a

1 lg (M)l 1 [lg(M)]

— | == (). 1
T 2 N 2%/ 2 (17)

]:[WT]J’_I J n

By assumption, for small enough n > 0 and 0 < A < 7,

2a
|g ())\\Ig| S C)\*Zdafﬁ < C)\71+5

for some § > 0. Therefore

[T 2a [nT] .\ —146
1 lg(\) C j 5
- JEANA VA L < X
Lo STxl\r) =@

Jj=1

%O/"gw

The third term in (17) converges to zero as T — oo by integrability of |g|°.
For small enough 7 and large enough T', the left-hand side of (17) is smaller
thane. m

Similarly

d\ < Oyl
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Lemma 5 Let g be a function satisfying assumptions of the previous lemma.
Then for any a > 0,8>0,0 >0 andy>1, as T — o0,
5
1 N~(T/2] 2a log _ 0 (IOg T) o+ 6 =1,
@+ E a0y = { CURT) e it
1
T/2] o —= o) (o)
() 7= TSI g () 5 () () iy = 0 ()

J
if a + B > 1, where |j — k|, = max{1,|j — k|}.

Proof. (a) We have

[17/2] 5
Z | 2a 108; J < Olog T | ( >|
Ta Ta+8 — )\jﬁ

[7/2]

First, for a small positive n as in the previous lemma,

[77 ] [nT] [nT]
2do— a 16
WWZ ._WwZA P= TRt logh Ty | jre
Jj=1 Jj=1

O (T°*D1og’ T) 2da > 1 — B,
=< O(TPlog’ ' T)  2da=1-8,
O (T*Plog’ T) 2do < 1 - B.

Second,
(T/2] o 7 o
LR S LC e Ay TTEN S
T A\ 2w AP
J=[nT]+1 J 27

by integrability of |g|> and 1 over any interval [27e, 7], £ € (0,1). Therefore

T/2 o
log® T [22/] lg ()\j)|2 _0 log? T B O(logéT) a+p=1,
To+B N T\ Tets-1 ) o(1) a+>1
j=nT]+1 J

and part (a) is established.
(b) By the Schwarz inequality, the sum in question is bounded by

(T/2] 2 o (T/2) [T/2 log’ j /2 4
« < -
Taz| ]/3 ZU k|7 - TaZ' VG ;k
log‘;T
= CTaJrﬁ -0 (logT) = o(1)

from part (a). m

26



Proposition 1 Let g be a complex-valued function on |0, 7] which satisfies

(a) g(=\) = G(\) for all X € (0,7, (b) |g|* is integrable on [0,7], (c)
g(A\) =0 ()\_d) for X — 0+ for some d < 5 and (d) g is bounded on any
subinterval of (0,7]. Under Conditions 1-3, as T — oo,

1
2

7”—2 ) wgn ). () = | oo / gy | B s)

n [0,1], where B is a standard Brownian motion and where the sequence

0
{Ci (1)} is defined as {¢, (7)} = {&L(t < [7T]), t=1,....,T}.
Proof. The left-hand side of (18) can be written as

[ffgt (z )

where

S

1
g(Aj) e
1

N =

Ct =

<.
Il

Denoting d; = ﬁ ZSTZI £4Ct_s, the process G can be written as

[+T]

Zé}dt

The realisations of the process G belong to the space D [0, 1] of real functions
which are right continuous with left hand limits. The sequence {&,d;, F;—1 V Gr,
1 <t < T} is amartingale difference sequence. The first two moments of the
process G are

EGT (T> = 07

E|Gr (1) = 020250 325 g (W) = FE |G (V.

The variance of the process G therefore increases asymptotically linearly in
7 and the weak convergence of the process G'r in (18) holds if the following
two conditions of Scott (1973) are satisfied:

(a) Y B (|dt£t|2 | Fi1 V Gr) = ozols= [T g NP d\x as T — oo
and

() it E (& T(ldi&| > 0)|Fa v Gr) 0 as T — oo, for any
positive 4.
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These two conditions have been checked by Hidalgo (2003) under simi-
lar assumptions on the weight function g and identical assumptions on the
processes {,}, {&:}. After making appropriate adjustments for complex
weight functions and replacing Lemma 1 there with our Lemma 4, the proof
remains valid in our case. m

Proposition 2 Under Conditions 1-5,

> e Leu(X) LOzB(1)
VT 2
(fz 'L\ >>:>(iﬂ%B<T))
over [0,1] as T — oo, where Q=27 [*_ for (A) fuu (A) dX

Proof. It suffices to show that \/—Z L.(}\j) = %Q%B@') over
[0,1]. The function
1 —
A)=—AN)B(\
9= - AN B

satisfies the conditions of Proposition 1. The present proposition is then
proved if

Z VB0, (U)Z(T)(()\;%w( (;‘]) — wer (\) - ()\j)) = 0. (19)

Denoting f; = f();) for any function f, the left-hand side of (19) can be
written as

Yi(r)+Ya(7) +Y5(7)

where
1 - Wy(r),j w
Yi(1) = —= AB; | 222 —wery. .. ),
= Wair)
Yy (r) = —S"AB, (L8 ) wL
2 (7—) \/T; 70 < Aj w(( ),J) w »J
and
= T
Y;(1)=—= ) A;Bjw T7~<#—@€7'>. (20)
\/szl J 2 WC(T),5 Bj J
Processes Y7, Y5 and Y3 are of the form
=
Yi(1) = — g]VJ(T)Wj, 1=1,2,3,
\/Tj::l



where D is a generic constant and V; (1) and W stand for the third and the
fourth factor, respectively, of the summands of the processes Y;. To prove that
Y; = 0 for 7 € [0, 1] it suffices to show that finite dimensional distributions
of the process Y; converge to zero in probability and that the process Y; is
tight. Take any n € N, any numbers 71, ..., 7, from the interval [0, 1] and
any finite complex constants s, . .., a,. The first moment of ;" , oY; (1))
is zero for ¢ = 1,2, 3. The second moment is

T-1T- o A (T/2] [T/2] o
ZZ 9iGuEsjc EW; Wi, < T Z Z 1959%] | Es il ‘EVVJW’C}
=1 k=1 j=1 k=1

where
ZZalam Tl Vk<7_m)
=1 m=1

For i = 1,2 the factor V; (7) is equal to w.(s); /A; —w¢(r),;- The total variation
of functions h, (z) =1(0<z <7T), T € (0 1] is equal to one, therefore by
Lemma 3 part (a)

Dlogj
J

sup BN\ — — wer (21)
T€[0,1] j

‘ Ear
J

as T — oo uniformly over integers 1 < j < [T'/2]. Using the Schwarz
inequality,

logjlogk; - log j log k 2

=1 m=1

When ¢ = 3 the factor V; (1) equals we(r) ;. For any 7, o € [0, 1],

[7T] [oT] U? 1 [(TAo)T]
U § E IAVESEDN Pt —\
Ew((‘r),jw((a),k T Eft it k= %? E e (A k)
t=1 s=1 =1

For j = k, the last expression is equal to 5 [(TA 2=l while for j # k,

[(TAa)T] 1 sin ([(T AN 0) T] )\];2/%) 1 1

Z elt()\ k) -
T sin (Aj g)"“ )

1 T 1
< = SR -
TN =Xl 2[5 =K
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In sum,

B 1
Bw¢(r) jweoyr = O ( . ) (22)

|J _k|+

uniformly over (7,0) € [0,1]* and 1 < j,k < [T/2], where J—kl, =
max {1, |j — k|}. Therefore when i = 3,

D
|Esjk|<DZZ|az||am|| el

I=1 m=1 T ikl

Turning to the factor W, for i = 1, 3 it is equal to w,, ;/B; —w, j. By Lemma
3 part (a),
Dlogj

J

wu 7j

B

J

— wm (23)

d

as T' — oo and by the Schwarz inequality

|EW,W,| <D (10&7 k’gk)
7k

In case i = 2, W; = w.; and

_ 1 o UgT;_i o
.o = 5om D0 ) Berese ™ = 20 B et = SEL(j = ).

t=1 s=1 t=1

Collecting the bounds obtained for moments of the factors V; (7) and W, and
using Lemma 5, the following results are obtained:

u * plmAra log j logk
E ovi(m)| <=3 > lool—= o(1),
=1 =1 k=1
n 2 [T/Q] (7/2] log j log k
E ZOézYz(Tz) S 7 ZZL%% <— - ) L(j=Fk)
=1 j=1 k=1
[T/Q]

logj
- 72 Il —oq).

2

N
—_

7=1
D e Qe logjlogk g
] <25 laol (L8
k=1

=1

.
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An application of the Cramér-Wold device together with the Markov inequal-
ity establishes convergence of finite dimensional distributions of processes Y;,
1 =1,2,3, to zero in probability.

Tightness of the processes Y; is implied by the moment condition of
Billingsley (1999), Theorem 13.5, page 142,

EY;(p) = Yi(o) [Yi (1) = Yi ()] < (F (1) = F(0))™, i=1,2,3, (24)

where o > %, o0 < p < 7 and F is a nondecreasing, continuous function on
0,1]. The fourth moment of the difference Y; (1) — Y; (o) is given by

EY; (1) =Y (o)["
16 (T/2][T/2] [T/2][T/2]
Y > 195969 Tm| |EViV VIV | | EW, W W, |

glklllml

where V; = V(1) — V(o). For i = 1,2, V; = (wz(f) — Wz(o), )/A -
(we(r)j — We(o),5) and

cum (V Vi, Vi, Vi )

- () () (50 (=2 )

H(MA (1= M) H (C+N) H (=\ = 1 = € = A) dAdpudC

where ke = cum (&,,€,,&,,€,), H(\) = 31, h()e™andh(z) =1(c <z < 7).
Proceeding as in the proof of (4.8) in Robinson (1995b), we get

|cum (V;, V3, Vi, V)| < DP?PZP? P}

where
— |H NEFY
27TT‘ (A4 )7 dA

Denoting K, 7 (A\) = (22T) ™" |H (M)|?, it can be seen that

P - 7_0/
- ”“”O(z)

KlTU)T(/\Jr)\)d)\
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uniformly over (7,0) € [0,1]” and 1 < j < [T//2] by Lemma 2.

Likewise
o2 [1A) P 1
ElV;? = = [ |=2 1] = |[HO+))[dA
i = 5 [ -] i)
1
= DP]=<T—O')O<—,>
J
By the Schwarz inequality,
|EV;ViViV |
< Jeum (V;, Vi, Vi,V )\+3(E|V| E Vi EWVI[ E|Va)?
1 1 _
< C(r—o)’j %k 21 Em E. (25)
For i = 3, V; = we(r)—¢(0),; and
cum(V],Vk,Vl,V // HA\+ )

xH(u—AmH(uAj) <—A—u—<—Ak>dAdud<

which by using periodicity of H and the Schwarz inequality can be shown
to be (1 — 0)* O (1) uniformly over (7,0) € [0,1)* and 1 < j, k,1,m < [T/2].
Similarly,

2 U? 2
BV = oo [ HO+ WP <C =0,

and so for i = 3, |[EV;V,Vi\V,,| = (7 — a)?0(1).
Regarding the factor W;, for i = 1,3 we have W; = w, ;/B; — w.; and
reasoning as in case of V; (i = 1,2) we obtain

lcum (W, Wi, Wi, W,0)| < DP3. PR, Ph.PE,,

and
E|W;|* = DPyg,
where _
B\ P 1 )
Pp.= [ |22 1| — |H ,
ni = [ |25 1] o 1 O AR
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with H(\) = S|, h(%)e™ and h = 1. By Lemma 2, Pg; = O (j7),
therefore L o
EW, W Wi, = O (j—ak;—az—am—a)
uniformly over 1 < j, k,I,m < [T/2].
Finally, when ¢ = 2, W; = w, j,

T
re 1 (N —ArFA _ 1
cum (W;, Wy, Wi, W. 47T2T226t A )_O(T>
and
EW,Ty = —1(j = k) = O (1)
Ik VT =

uniformly over 1 < j, k,I,m < [T/2].
Due to the bounds obtained above for moments of V; and W, the follow-
ing inequalities hold:

(T/2]

D 11—
EM@)-Yi@)' £ = 3 lggagnl (r— o) k1 m?
7.k, lm=1
(T/2]
= D(r—0) T2 L] —D(r—0)0(1)
— ]
]_
uniformly over (7,0) € [0,1]* by Lemma 4,
4 p & 9 1, 1.1 _1
EY2(1)=Y2(0)' < = D logeagm| (r—0)*j 2k 20 3m ™2
7.k, l,m=1
4
T/2]
= D(r—o) T > = loil ) (r—0)*0(1)
=

by the Schwarz inequality and Lemma 4. The same bound applies to E |V3 (1) — Y3 (o).
By the Schwarz inequality,

EY:(p) =Y (@) Vi (1) = YVi(0)2 < D ((p—0) (r— 0)’)? < D(r —0)?

for i = 1,2,3 and the moment condition (24) is verified with o = 2 and
F (1) = D72. This proves the uniform convergence in (19) and the proposi-
tion is established. m
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Proposition 3 Let g be a function satisfying the assumptions of Proposition
1. Let hy, hy be bounded variation functions on [0, 1]. Let {whgj,j =1,...,T}
be the discrete Fourier transform of the sequence {h( )§t,t =1,. T}.
Under Conditions 1-2, as T — oo,

1

T—
2T
?Z |wh1§ywh2§;—>—/|g |d>\/h1()h2()d

0

Proof. Denote g; = g (\)), hit = hy ( ) and

T—
ﬂ- Z w
= — ; Um iWp, i,
T — 1§,J Wha&,j

Then
9r T | I.T
EZ = 5D ol 55 D D B&E hihaee
j=1 = =
02 T-1
= 3 lgP Zhuhw—/m |d>\/h1()h2()d
j=1
by Lemma 4. Further,
= T
BIZP = = 3 lgial Y B(66&E) huhah e =P 0=
7,k=1 t,s,r, =1
o, [2171 gt T-1T— T 2
S H D SLERIC) B SUTAY ) ST
j=1 k=1 =1 k=1 t=1
gd T-17-1
+_§1 Z|gjgk| Zh2 it(Nj—Ax) Zh2 —it(A\j—Ak)
=1 k=1
gt T-17-1 2
+_i |gjgk|2 Zhlth2tezt(>\j+>\k)
j=1 k=1 t=1

The first term is O (%) by Lemma 4. Proceeding as in the computations

leading to (22), it can be seen that
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Zh2€zt)\ )\k)g cT [=1,2,
|j _k|+

where |j — k|, = max{1,|j — k|}. Therefore the third term is bounded in

absolute value by
p LA/

=) Z Z |gjgk|
_ k|+

7j=1 k=1

which is o (1) by Lemma 5.
Similarly, the fourth term is o(1). The second term is dominant and

converges to
—/|g |dA/ (6 ha (1)

by Lemma 4. In sum,

2

1

BZ — ;—;/]g()\ﬂzd)\/hl (£) ha (1) dt

0

and E|Z)* — |EZ|*. An application of the Markov inequality completes the

proof of convergence of Z in probability to ;—;r " g (N ? dX fol hy (t) he (t) dt.
n

Proposition 4 Let hy, hy be bounded variation functions on [0,1]. Let
{wne,j, 7 =1,...,T} be the discrete Fourier transform of the sequence {h ( ) &
tzl,...,T} Under Conditions 1-5, as T — o0,

N

iil
T

™

IIM

1
1
WniagTs 2 525 [ 1o () ha (1)
0

where ¥ = Ex?.

Proof. The function g (\) = A ()\) /v/27 satisfies the conditions of Propo-
sition 1. It is sufficient to prove that

T-1

1 2 [ Whyz, 'mh z,j —

T > 14 (% - ’whls,jwhzé,j> =0 (26)
j=1 | j|
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where A; = A();). The left-hand side is equal to

T— —
Why 5 Whyz,j —
Z ( — = whlﬁ,j> < ZZ - whzs,j>
j

T—
whlx]
?Z |4, ( A, —wh15]> Whae 5
=1
—1 il '
_Z A" whye ( e —@hm) :
T 2 A,

VR
=
g
|
8

|

g

g

N[=

2\ 3
) (B |whye i)

By the Schwarz inequality, the expectation of the modulus of the first term
[T/2
absolute value of the second term is
<L Z| AP (10“) —o(1)

is bounded by
o 1172 o 2\ 2
Z Al ( ‘ W )
log J
< = Z |4 =o(1)
by Lemma 3 part (a) and Lemma 5. A bound for the expectation of the
/2]
Why
_Z|A| ( ‘ S — e s
[T/2
by Lemma 3 part (a) and Lemma 5. The third term can be bounded in the
same way as the second term. Therefore (26) holds and by Proposition 3

T—1 9 m 1
1 o
7 2 Wiz iWha,j - —i/% |A(>\)!2d/\/h1 (t) ho (t) dt
J=1 0 0
1 1
_ %E/hl () ho (1) dt
0
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Proposition 5 Under Conditions 1-5, with a function g satisfying the con-
ditions of Proposition 1,

T— 262 1
Z |wCT)JwC J|w€J| = (T A\ o) 4622 /‘ ’ dA

uniformly over (t,0) € [0,1]°.

Proof. Denote g (\;) = g;. First moment of the expression on the left-
hand side is

-— [(T/\cr |ogo? 1
3
Z|gj| Ewe(r),jW0¢(0) E’wfj| = A2 TZ| ]‘

]1
| Ufal/; N2 dA

by Lemma 4 because

(7T [oT) 9
I 1 it—sp, _ (T A0)T] 0%
Ewen) j0¢(o)i = 5 DY EgL eI = — (27)
t=1 s=1

Second moment of that expression is

N

-1

N

-1

1

2 _ _ 2 2
T2 2 195 9k|” Bw(r) j0¢(0) 1 0¢(r) kW (o) 1B [We 7 [we k|

1

1y

<.
Il

~
L
~
L

|9j9k!2 cum (we(r) 5 We(o).j» We(r) b We(oyk) B Jwe | [we ]

|
3
g
||M

T—1T—
2 _ _ 2 2
ZZ 1959k |” Ewe(r),jWe(0),j EWc(r) kwe (o) k B [we | [we i

T_
7j=1 j5=1
1 T-1T-1
2 2
+r 193981” Bwe(r) j0c(r) 1 BDg(0) jweo) i [we s [we sl
7j=1 j5=1
T-1T-1
1 _ _ 2 2
T 19398” Ewe(r) j10eo) kB0 etlig(o) 4 B |we s [wes]” . (28)
7j=1 j5=1
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Now

cuin (wC(T)m We(a),5> We(r) ks w((g),k) =
[(TA0)T]

R ke L[(tAo)T] 1
_W Z Cum(§t>€ta€t7£t) 47 2T T _O<f>

t=1

uniformly over (7,0) € [0,1]%. The fourth moments of ¢, are finite, therefore
the first term of (28) is bounded by 2 ZT/Q] ZTM \g;9|° which is O (7)
by Lemma 4. Further, from (22),

C

‘EwC(T)JwC k’—lj k‘|+

uniformly over (7,0) € [0,1]* and 1 < j,k < [T/2], where j— k[, =
max {1,[j — k|}, and the third term of (28) is bounded by & Z[T/z Z[T/Q] |9;59n]

which is o (1) by Lemma 5. Similarly, the fourth term is o (1). Therefore we
are left with the dominant second term,

li— k\2

T-1
1 2 - 2
E f2|gj| We (7). 0¢(0). [We 41
j=1
T-1T-1
(TANo)T 2ot 1
- () B el Bl el +o ().

Jj=1 j=1

Since

1 K
4r2T? ; e (€1, €1:€1:€1) = oy

cuml (w&ja U_)s,ja We L ws,k) =

and Ew, ;0. ) = %]I (j = k), we have

T-1T7-1

T2 ZZ |919k| E |w5]| |we, kl

Jj=1 j=1

T-1T7-1

T—-1T-
= 7T2TT2 Z ZZ gjgk’

Jj=1 j=1 =1

04 1 4 =
+4 27 ’gT/2| I(T even) Z
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T-1T-1

— O;QTQ ZZ|ngk| +0 )

7j=1 j=1
by Lemmas 4 and 5. That means that

2 2

T-1
1 2 _ 2 0.0
B | S a5l w0 el — Ww4§2ﬁ NP A

i=1

The second moment of the process 7 Z;‘.tll 195 1% Wer) 50¢(0).5 | wej|° therefore
converges to the square of the limit of its first moment. By Markov inequality,

~

-1

1
T«

M

2 O'O'g
o s el 2 (A 0) /W NP A

for each (7,0) € [0,1]°. Since the limiting function is continuous and increas-
ing in 7 and o, the convergence is uniform. m

Proposition 6 Let hy, ..., hy be bounded variation functions on [0,1]. Let
{z;} be a covariance stationary process satisfying Conditions 1, 2 and 4. Let
{whrw, j=1,...,T} be the discrete Fourier transform of the scalar sequence
{h ( ) r,t=1,... ,T}, r=1,...4. Let Iy, » h.2,j = Wh,0,jWha;- LThen
=
T > Inw e jInge iz = 0p (T)
j=1

Proof. We have

Z Ihlm h2fE,JIh3=’E haz,j — T Z zx,j aJ + bj +¢+ d]) (29)

0 = [ Imeheei o Imehsti | [ Ihsvhizi o Ihsthat
! Jawj oF: Jawj o )’

b — (Ihlx,m,j _ Zthlﬁ,mf,j) o That hat g

where

2 2 )
Jor T¢ T¢

I (T . I .
¢ = 2r hi1&,h28,j ( hsz,haz,j _or h3£7h4573> and

e faa e
472
dj = —IhienaejInge hac.j-
O¢
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The second moment of the first factor of a; is

_ — 2
B ugjTa; — 01509|" = a15 + a;

where
w V2T W,z - \/27Tw
rg — 1 r) T hr&,j
J oe A, ) J o €09
ayj = cum (uj, Ugj, Uy, ugy) — cum (uj, Uzj, iy, v2;)

— cum (Ulj, ﬂgj, ﬂlj? Ugj) + cum (’Ulj, ng, Flj, Ugj)
and, denoting h,., = %Zthl hy (%) hs (%) for r,s = 1,2,

Aoy =
(Ewrjliz; — hiz) (Btjuz; — hiz) + (Buyjlay — hnz) + (Bljug; — hiz) + hi
+ (Euljﬂlj — hn) (Eﬂgjﬂgj — hgz) + (Euljﬂlj — hll) + (EﬂngQj — h22) + h11h22

—|—Eu1ju2jEﬂ2jﬂ1j

— (Buajla; — hig) (ET1jv95 — hiz) — (Bualiy; — hig) — (EU1v5 — hag) — hiy
— (Buy,01j — hi) (Bgjvaj — hog) — (EuyU1; — hi1) — (ETgjva; — hag) — haihao

—Euljvngﬂgjvlj

— (BvyTa; — haz) (Ejug; — hiz) — (BuijTy; — hag) — (ETjug; — hig) — hiy
— (Buijuy; — hi1) (EUgjugj — hog) — (Evit; — har) — (EVgjugj — hag) — haihas

_Evljuszwzjﬂlj

+ (B T — hag) (BT 025 — haa) 4+ (EvijTa; — haa) + (ET1va; — ha) + hig
+ (BvyjU1; — hap) (ET2jvej — haa) + (Ev;U1; — ha1) + (EUajv9; — hag) + hiihao

+EU1j'U2jE62j§1j.

The term a,; is equal to

w11 [ (ANAGW ) (AQACA-—p-Q)
of (2m)* T2 /[/( 1A (\)] 1)( 1A\ 1)

X Hy (A4 Aj) Hy (0= Aj) Hi (C+ Aj) Ha (A — i — ¢ = Aj) dAdpd(
(30)
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where H, (\) =3/, hy (%) €™, r = 1,2. Proceeding as in the proof of (4.8)
in Robinson (1995b), expression (30) can be written as a sum of components
of three types. The first component is

Sr [l (R (42)
(A9 ) (A0 )

X Hy (A A7) He (0 — Ag) Hi (C+ ) Ha (<A — = ¢ — Ay) dAdpd(

where A; = A();). Using the Schwarz inequality, periodicity of the integrand
and the fact that ["_|H, (A)]?d\ = O (T), this component can be shown to
be bounded in absolute Value by

where

1

K, (A= \;) dA

"'J

and K, (\) = 52 |H, (A )| :
A typical representative of the second type of component of (30) is

e () (4 ()

X Hy (A4 A7) Hy (= X5) Hy (C+ ) Ha (=X — i = ¢ = Aj) dAdpd(

whose absolute value can be similarly shown to be bounded by

The last type of component is exemplified by

Sr Il () (5 )

XHy (A4 Aj) Hy (= Aj) Hi (C+ Aj) Ha (=X — pp— ¢ = Aj) dAdpd(

- (R (0

X Hy (A + Aj) Hy (A= C— 0 — \;) Hy (C+ Aj) Ha (0 — ;) dAdOdC
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= ICEDIC
) Hy (A + X)) Hy (C+ X)) HS (=X — ¢ —2);) dAdC (31)

since

/Hr (u+ ) H, (v —X)d\ = 2rH® (u +v)

where H® (A) = Y1 h2 (L) e, Since [™ ‘H,@) (/\)‘ d\ = O (T), the mod-
ulus of (31) is bounded by
CT 2P

By Lemma 2 the term a;; is O (j‘Q +j_% —i—j_lT_%). Applying Lemma 3
gives ag; = O (1). Therefore the first factor of a; is O (1). Likewise, the
second factor of a;, and therefore a; itself, is O (1).
Denoting h,¢ = h, (%), the second moment of Iy, ¢ pye ; is
T T T T
E |Ih1€,h2€,j|2 - 47T2T2 Z Z Z Z hlthlshQTthEgtgsgrgv ilt=str=v)k
t=1 s=1 r=1 v=1
T

T T
1
= 17 Eel Y hih3, + o> ) hihi,
t=1

t=1 s=1
s#t

T T T T
_’_Ug Z Z hlthlsthhQSQi(t_s)2>\j + 0'3 Z Z hlthlshQSth

t=1 s=1 t=1 s=1
s#t s#t

- 0(1)

because the fourth moments of ¢, are finite. In the same way, the factor
Inae naej is O (1). Using the Schwarz inequality, the sum a;+b,+c;+d; in (29)
is O (1) uniformly over integers 1 < j < [T'/2]. The proof of the proposition
is then completed by applying Lemma 5 part (a) with g (A) = A()\). =

Proposition 7 Under Conditions 1-5, as T — oo,

T/2] » 1
2Re \/_Z[T; Wy, j |w12,j|77j :p> ( %Q%B(l) )
77 2j1 W) [wag| 1 Q2B

over T € [0,1].
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Proof. Define nj._; = for j = [T'/2] +1,...,T — 1. Then

[T/2]

1
2R6—2w2(7)3|w“.7|nj fzwzrﬂwwmg +7(7)

where 7 (1) = T_1/2U)Z(7—)7T/2 ‘wa7T/2| 771}/211 (T even) = O, (T‘l/Z) uniformly
over 7 € [0,1], where E* denotes expectation conditional on data. It is
therefore sufficient to show that 7°~'/2 Zj L W) g |wa| s == LQ3B(r)
over 7 € [0,1]. We need to prove that

(a)

T—
1
Z 970¢(r) 5 |we | 1} > Q3B (7). (32)
(b)
1 T—-1
* p
ﬁz 95We(r).j [We g M5 = Waryj [wa| ;) == 0 and (33)
j=1
(c)
1 * * p
= (e [Was | 1] = Wer 5 [wis| 1) =0 (34)

uniformly over 7 € [0,1] for any € > 0 where g (\) = A(\) B(\) and g; =
g (A).

To prove the convergence in part (a), we need to show that finite dimen-
sional distributions of the process Yy = T-1/2 31— i1 gng ).j W= 3|} converge
in probability to the finite dimensional distributions of a centered Gaussian
process with covariance function K (7,0) = (7 A 0) 75 and that the process
Y7 is tight. First, £*Y7r (1) = 0 and

T—
var* Yr (7 Z gj|2 ‘wg(r),j‘2 ‘ws,j‘2

where var® denotes variance taken conditionally on data. By Proposition 5,
the last expression converges in probability to

]_0-5
"o an? /' |d)\_

43



Second, we need to show that the Lindeberg condition is satisfied,

T—1

2 p
Z E* (T > 5) 20
j=1

(35)

2
_1 *
2 AjBjwer) g |we ;| mj

_1 *
I (‘T 2Aijw§(T),j |w87j| T;

for each ¢ > 0.
We examine sup, & |A;B;|* [Ie¢ jIec ;|- From An et al. (1983), we have

and

1
sup |Aij|2|I<C,jIEE7j| < Dsup |A;B;[*1og® T a.s.
< DT2d 1log T as.

where d = (d, V 0) + (d, V0) < 1. As 1}, given the data, are independent
identically distributed variables, the sum in (35) is bounded by

[T/ 2]

* |2 - -
E*\n; ]I(}nj| > T2 og 2T> Z|AB| Tecjlecj-

The first factor converges to zero as T' — oo since 1) has finite moments and
1 —2d > 0. The second factor is O, (1) by Proposition 5 with g; = A;B;.
Therefore the left-hand side of (35) is o0, (1) and by the Lindeberg-Feller
central limit theorem the pointwise convergence

T-1
1 T
\/_ZngC J|w83|n] _’N<O e QQ>

in probability is proved.
Further,

T-1
. 1
cov* (Yr (1), Y7 (0)) = T D 19 weie) (o) lwe
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which converges in probability to (7 A o) 4—;29 by Proposition 5. The proof
of convergence of the finite dimensional distributions in part (a) is completed
by using Cramér-Wold device.

We now prove tightness of the process Y7 (7). By Theorem 13.5 of
Billingsley (1999) it is sufficient to check the moment condition

E*|Yr (p) = Yr (o) Yz (7) = Yr (p)|” < (1 + 0, (1)) (F (7) = F (0))" (36)

where o > %, o < p <7, F is a nondecreasing, continuous function on A and
0p (1) is uniform over (7,0) € A%. Denoting w; = we(r),; — We(o),j, We have

T-1

* 1 x| x4
E*|Yr(r) = Yr(o)]" = ﬁ2|gj|4\wj\4|we,j|45 |75

T-1T7-1

ZZ|9]91~:| |wj| |wk| ’w€J| ’wak’ £

7j=1 k=1
k#j

T-1T-1

Tg ZZ ginwi |waa| ’w€k| E*U;2ﬁ22

]1k51

77]

o T 71 2
T_ZZ 9J9k| |wj| |wk‘| |w€J| |wsk| =C <T Z |9J |wJ| |we, ] )
=1 k=1

7=1

By Proposition 5,

T-1 2
1 2 2 2
C<TZ|%| |w;] |we,j|> — C(1—0) _47T2Q

uniformly over (7,0) € [0,1]>. Tt follows that by Schwarz inequality the left-
hand side of (36) is bounded by D? (1 — &)* (1 + 0, (1)) since (1 — p) (p — ) <
(r — 0)>. The moment condition (36) is thus verified with F (7) = D7 and
« = 2. This establishes tightness in probability of the process Y and com-
pletes the proof of the uniform convergence in part (a).
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For the convergence in part (b), we have

E* % j:ll (A]ijc(r),j |We j| — W), |ww~|) ;i
< %z |A; Bj] w;(l;)’j — W¢(r),i %uj — Weyj

+£T jé |A;Bj] w;z)’] — w¢

+%§|AJBJ| }wC(T)J| %ujj 2

and proceeding as in the proof of Proposition 2 above it can be shown that
the last expression is o, (1) uniformly over 7 € [0, 1].

To verify the convergence in part (c), we write the difference between
errors and residuals under the local alternative as

. . ~ " 1
ut—ut:(a—a)+(5—ﬁ)xt+52t—ﬁxtht

where 2, = 2 (7) = 2,1 (t < [7T]) and hy = h (%). Therefore

A A 1
Wyj — Waj = (5 - 5) Wy j + 0W,(3) 5 — ﬁwhx,ja
Jj=1,...,T—1, where wy, ; is the discrete Fourier transform of the sequence

{htxt,lgth} Since ||wj| — |wa,|* < [wa; — wa,|?

2

1 T-1 . T_1 ) 2
- * 2 e |
E \/—T 2 wz(T)J (|wu,j| - |wa,j|)7]j = T — {wz(r),j‘ ||wu,j| — |w11,j|| E T/j
1 T—1
2 2
< =D |l wug — wayl (37)
j=1
91 T—1
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~1/2) | Also, by Proposition

By Theorem 2, 3— 6 = O, (T-'/2) and 6= O, (T
=I10<z< )andhg(x):h4(x):

6 with functions hy (z) = heo (2)
10 < <7),

= ,
T Z }wz(f)’j| ‘wz(?)d| =0, (T)
j=1

uniformly over 7 € [0, 1] and similarly for the other sums. Therefore the right-
hand side of the last displayed inequality is 0,(1) uniformly over [0, 1]. The
uniform convergence in (34) is established by using the Markov inequality.
|

Replacing |w, ;|, |wy, ;| and |wg ;| in (32)-(34) by w. j, w, ; and w; ;, and
drawing n; from any complex distribution with mean zero, unit variance,
finite fourth moment and with En;“-2 = 0, it can be seen that the proof
remains valid with only small modifications. In particular, expressions for
var* Yr (1) and cov* (Yr (1), Yr (0)) do not change, inequalities in part (a) for
suprema in the Lindeberg condition and for E*|Yy (1) — Y (0)|*, in part (b)
for the conditional first moment and in part (c) for the conditional second
moment continue to hold with minor changes in intermediate steps where
required. This observation shows that there are several valid modifications
of the basic bootstrap procedure described in Section 3.

Proof of Theorems 1 and 2.

Under the local alternative,

By =B\ _ [ #X5 Lea(N) 72,50 Lo () = 20 Leu(Xy)
ﬁ( 5(7) ) (;z’?fwm %zjszzm)) <ﬁzjlfzu<Aj>

%ZT, Ix(j) TZT 1[:cz( ) -
+<%Z:Iz ()‘j) TZ% 1Izz( ))



over [0, 1] as T — oo. Since matrix inverse is a continuous function for 7 € A,

I SCHIES yrie SOV LN
(Tz%ljzm(/\]) Tz%lfzz( )> :><T T) @251

over A. Under the null, that is when h = 0, the second term on the right-hand
side of (38) vanishes. By Proposition 2,

B(r) -8 1 S0z (1B (1) — 7B (7))
ﬁ( o(7) ) - T(1—71) ( S5 (B () — 7B (1)) )

and Theorem 1 is proved.
Under the alternative, h # 0 and by Proposition 4

T

T—-1
1 1
ﬁ Zwm@hm e %E / h (t) dt
j=1

0

over [0, 1]. Therefore the second term in (38) converges to

=  {encorm )
7(1—-7) (fo udu—Tfo du)

and Theorem 2 is established.

Proof of Theorem 3.
By Theorem 1 of Robinson (1998),

Proceeding as in part (c) of the proof of Proposition 7, write

1

Wy j — Wyj = (5 - 5) Wy j + OWy(3)j — ﬁwhm,j-

Therefore

Ia'zl,j — quﬂ' = |wu,j — wﬁ7j|2 — 2Re (wa’j — wuyj)ﬁw»
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and

T—-1
1 2 2
T Z |Wa | [y — wal
1

b
A

Lw (N) Taag — Luuy)

N =

<.
Il
—

Tf
1 2
= Jwa I ;= wa Jwa)

The first term is o, (1) as shown for (37) in Proposition 7, part (c). By the
Schwarz inequality, the second term is bounded by

T-1 % T—-1 %
1 2 2 1 2 2
T D Nwe il |waj — wa| T Dl e

j=1 j=1

whose second factor is O, (1) because of (39). Therefore indeed 2 — 2

Proof of Theorem 4.
Write
E(FO-BY _ (T 0 ZJT (1) o
% Z IZI()\J) T zz( )
E[T/z Wy j ’wﬂj|77j
><2 R,e T/2] .
\/— Z We( |ww| n;

Applying Propositions 4 and 7, it can be seen that Theorem 4 holds.
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