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We develop a testing procedure for distinguishing between a long-range
dependent time series and a weakly dependent time series with change-points
in the mean. In the simplest case, under the null hypothesis the time series
is weakly dependent with one change in mean at an unknown point, and
under the alternative it is long-range dependent. We compute the CUSUM
statistic 7;,, which allows us to construct an estimator kofa change-point.
We then compute the statistic 7, ; based on the observations up to time k
and the statistic 7, » based on the observations after time k. The statistic
My, =max[T, 1, T, 2] converges to a well-known distribution under the null,
but diverges to infinity if the observations exhibit long-range dependence.
The theory is illustrated by examples and an application to the returns of the
Dow Jones index.

1. Introduction. The present paper develops a testing procedure for distin-
guishing between a long-range dependent time series and a weakly dependent time
series with change-points in the mean.

Many geophysical time series records have long been known to exhibit long
nonperiodic cycles or persistent deviations from the mean. In the mid-1960s
Mandelbrot and his collaborators proposed the use of self-similar processes, most
notably fractional Brownian motion, to model such records; see, for example, [33].
Over a decade later, Granger and Joyeux [21] and Hosking [25] (see also [1]) in-
troduced fractional ARIMA processes, which are approximately self-similar and
offer a much greater modeling flexibility. If their fractional differencing parame-
ter d satisfies 0 < d < 1/2, these processes are stationary and possess long-range
dependence, or long memory, in the sense that the autocovariance function is not
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absolutely summable (decays like k2?~!, as the lag k — o0). In the 1980s there
was substantial interest in using long memory processes to model macroeconomic
time series, whereas, in the 1990s, the focus shifted to modeling the volatility of
returns on speculative assets by such processes; an in depth discussion and rele-
vant references are provided in [23]. Following the pioneering work of Leland et
al. [30] and Paxson and Floyd [38], self-similar processes have also increasingly
been used to model certain aspects of computer network traffic; see [36]. There
are many other fields where models exhibiting long-range dependence have been
used; see [14] for a recent extensive review.

Even though modeling certain time series in the aforementioned fields by means
of long-range dependent processes has become quite widespread, especially in
geophysics, it is clear that a series with long periods where the observations are
away from the mean can also naturally be modeled by a nonstationary process
whose mean changes. Bhattacharya, Gupta and Waymire [9] used mathematical
arguments to show that the so-called Hurst effect, which motivated Mandelbrot
and his collaborators to advocate the use of self-similar processes, can also be ex-
plained if the observations Xy are assumed to follow the model Xy = Yx + f(k),
where Y is a weakly dependent stationary process and f is a deterministic func-
tion. That research was elaborated on by Giraitis, Kokoszka and Leipus [16] who
showed that several statistics akin to the modified R/S statistic of Lo [31] di-
verge to infinity under either long-range dependence or weak dependence with
change-points. In a similar spirit, Diebold and Inoue [13] argued that the appear-
ance of long memory can be explained by some econometric models which in-
volve changes in their defining parameters. Mikosch and Stérica [34, 35] asserted
that what had been seen by many as long memory in the volatility of returns is, in
fact, a manifestation of changes in the parameters of the underlying GARCH-type
models. In the context of network traffic, similar findings are reported in [26]. The
above list of references is not exhaustive, but it emphasizes that it is difficult to
distinguish a truly long-range dependent process from a process with some form
of nonstationarity, including shifts in mean. Standard tools like ACF plots and
periodogram-based spectral estimates behave in a very similar way under these
two alternatives. There are also a number of long memory tests designed to test
the null hypothesis of weak dependence against an alternative of long-range de-
pendence and change-point tests developed to test the same null hypothesis but
against a change-point alternative. Most long memory tests reject in the presence
of change-points and many change-point tests reject in the presence of long mem-
ory.

The answer to the question of which approach to use will often depend on a spe-
cific application at hand. A long-range dependent process may, for example, pro-
vide a parsimonious description of a long, possibly nonstationary, time series. On
the other hand, to construct short term forecasts of a possibly self-similar process,
it might be advisable to fit an ARMA model to the most recent stretch of data after
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the last estimated change-point. In many applications, however, such as, for ex-
ample, constructing long term forecasts, it does matter which model better fits the
data. We refer to [10] and [28] for some relevant financial applications. Formal sta-
tistical tests which would help decide if a particular time series is better described
as a realization of a long-range dependent process or as a realization of a weakly
dependent process with change-points are therefore of value. There has, however,
not been much research in this direction. Kiinsch [29] proposed a periodogram
based procedure to discriminate between a long-range dependent process and the
process Xy = Yy + f (k) with a monotonic function f and Gaussian weakly depen-
dent Y;. Heyde and Dai [24] showed that procedures for detecting long memory
which are based on a smoothed periodogram are robust in the presence of small
trends. These ideas were recently developed by Sibbertsen and Venetis [42] who
proposed a test based on a difference between the Geweke and Porter-Hudak [15]
estimator of d and its version based on the tapered periodogram.

A main objective of the present paper is to develop the theory underlying a
test procedure for discriminating between long-range dependence and weak de-
pendence with change-points in mean. The proposed test is a simple time domain
procedure based on a CUSUM statistic for the partial sums, which is perhaps the
most extensively used statistic for detecting and estimating change-points in mean.
To describe the idea, suppose that, under the null hypothesis, the time series is
weakly dependent with one change in mean and under the alternative, it is long-
range dependent. Consider the CUSUM statistic 7,, defined by (3.1). Using 7,
we can construct an estimator & of the change-point (no matter if a change-point
exists or not). We then compute the statistic 7,,.1 based on the observations up to
time k and the statistic T,.» based on the observations after time k. The statistic
M, = max|[T, 1, T, 2] converges to a well-known distribution under the null (cf.
Corollary 2.1), but diverges to infinity under the alternative.

Our theory uses the almost sure asymptotics for the Bartlett variance estima-
tor s,% stated in Theorem A.1 which was established in [8]. For a weakly dependent
process, s> is an estimator of the variance of the sample mean or of the spectral
density at frequency zero. Estimators of this type have been extensively studied
in the time series literature in the last half century and go back to the work of
Bartlett [5], Grenander and Rosenblatt [22] and Parzen [37]. Andrews [3] provides
a more recent perspective. As far as we know, all consistency results pertaining
to the class of kernel estimators such as s> establish convergence in an L” norm
or in probability. Such results might possibly be applied in our context after some
additional technical work, but we are not aware of any convergence in probability
results which would allow us to establish our main results, Theorems 2.1 and 2.2,
under weaker conditions. Moreover, almost sure convergence offers a convenient

approach based on the observation that if Z, 230 and ky, —P> oo, then Z, —P> 0
[see, e.g., the argument justifying (B.11)].

The paper is organized as follows. In Section 2 we formulate the assumptions,
describe the testing procedure in a simple illustrative situation and state the rel-
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evant theorems. Section 3 discusses the broader applicability of the procedure,
provides some additional background and examples and concludes with an appli-
cation to returns of the Dow Jones index. The appendices contain the proofs.

2. Assumptions and the testing procedure. To focus attention and lighten
the notation, we concentrate in this section on a situation where the observations
can either follow a model with one change in the mean of weakly dependent time
series or are long-range dependent. In Section 3 we explain how the proposed
procedure can be used in a situation when there is an upper bound on the number
of possible changes in the mean.

The observations X; follow a change-point model if

w+Yi, 1 <i<k"

@1 Xi:{M+A+Yi, k* <i<n.

In (2.1) k* is the unknown time of a possible change in mean, and the means u
and p + A are also unknown. The sequence {Y;} is assumed to have mean zero and
to be weakly stationary in a sense made precise by Assumption 2.1. Recall that,
for a fourth-order stationary sequence {Y}} with mean 0 and y; = Cov(Yy, ¥;), the
fourth-order cumulant is defined by

(2.2) k(h,r,8) = E[YiYeinYiqsrYirs) — VnVr—s + VrVies + Vs Vh—r)-

ASSUMPTION 2.1. The sequence {Y} is fourth-order stationary with mean O
and autocovariance function y; = Cov(Yy, Y;), and the following conditions hold:

2.3) 2 v, Sowa)  inDIO, 1]
1<j<nt

for some o > 0 and

2.4) 31yl < oo,
J

(2.5) sup Y |k (h,r, s)| < oo.
h

r,s

REMARK 2.1. By the Skorokhod—Wichura—Dudley representation (see,
e.g., [41]), condition (2.3) is equivalent to the following condition: There are
Wiener processes W, (t), t € [0, 1], such that

(2.6) sup (012 )" ¥ —oWa(t)|=0p(1).

0=r=I 1<j<nt

Condition (2.6) is often more convenient to refer to in the proofs.
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We now make precise the statement that the observations {X;} are long-range
dependent. In the following W (¢) stands for the fractional Brownian motion with
parameter H, that is, a Gaussian process with mean zero and covariances

E[Wy@)Wg(s)] = @2 521 — |1 — 52y /2.

If 1/2 < H < 1, the increments of the fractional Brownian motion are long-range
dependent. It is convenient to identify the self-similarity parameter H with the
differencing parameter d introduced in Section 1 via the relation H =d + 1/2
because the increments of Wy, which form a stationary process, have the same rate
of decay of the autocovariance function as a fractional ARIMA withd = H — 1/2;
see, for example, Section 7.13 of [40]. In condition (2.9) of Assumption 2.2 below,
and throughout the paper, a; ~ b; means that lim; ,ca;/b; = 1.

ASSUMPTION 2.2. The sequence {X;} is fourth-order stationary with p =
EX; and y; = Cov(Xo, X ;) and satisfies the following conditions:

1
(2.7) 5 (X —w L eywn@)  inDIO, 1]

1<j<nt

for some cy > 0 and

(2.8) I<H<L.

Moreover,

(2.9) yj~coj*

for some ¢y > 0, and the cumulants (2.2) satisfy

(2.10) sup Y k(hrs)=0m").
h —n<rs<n

The cumulant condition (2.5) is weaker than the traditional condition in which
supy, is replaced by } ,; see, for example, [2] and [3]. Condition (2.10) is a natural
counterpart of (2.5) and holds for the extensively used fractional ARIMA models.
For these models, the range (2.8) corresponds to 0 < d < 1/2. We do not consider
—1/2 < d < 0 because realizations of such processes do not exhibit apparent shifts
in mean.

We wish to test

Ho: The observations X1, ..., X, follow the change point model (2.1) with the Y;
satisfying Assumption 2.1

against

Hy4: The observations X1, ..., X, are long-range dependent, that is, satisfy As-

sumption 2.2.
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In order to define the test statistic, we first introduce a change-point estimator,

ZX—;ZX ZX——ZX}

I<i<n
I<j<i 1<j<n 1<j<k 1<j<n

(2.11) k= mln{k max

Next we define the statistics

1.
(2.12) Tyy = —k /% max_
Sn,1 1<k<k

-5 x|

1§i<k 1<l<k

based on X1,...,X,; and

A —1/2
2.13) Tyo= B max
k<k=zn l€<i§k k<t<n
based on Xk+1, ..., Xy. In(2.12) and (2.13), 55,1 and s, 2 are equal to the Bartlett
estimator computed, respectively, from Xy, .. X and X; IR IEEEE X,. Specifi-
cally, setting
_ 1
k=7 > X
1<i<k k<t<n
and
(2.14) i@ =1-——
qg+1

we have

1 _

53,1 == (Xi — XIG)Z
kK —.
1<i<k

(2.15) |

+2 Z a’j(Q(k)); Z Xi — X (Xitj — Xp),

1<,~<q(;;) 1<i<k—j
n 2 -
- ]€<l<l’l

(2.16)

~ 1 ~ ~
+2 > wj(q(n—k))m Y X = XXy — Xp).

1<j<q(n—k) k<i<n—j
The test statistic is defined as

2.17) M, =max{T, 1, Ty 2}
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We first derive the asymptotic distribution of M, under Hy. We need to im-
pose additional assumptions on the change point-model (2.1): both k*, the time of
change and A, the size of the change, depend on the sample size n such that

(2.18) k* =[nd] forsome 0 <6 < 1,
(2.19) nA?> — oo,
(2.20) A%k —k*| = 0p(1).

Condition (2.20) is known to hold if the observations are uncorrelated and was ex-
tended by Bai [4], Proposition 3, to moving averages driven by white noise. It also
holds if the process Y; in the change point model (2.1) is strictly stationary, satis-
fies the approximation condition (2.6), A — 0 and (2.19) holds; see Theorem 4.1.4
in [11]. [There is a misprint in that theorem and y = 0, which corresponds to our
statistic 7, should be included in part (i). The tail condition (4.1.9) in [11] is
not needed because it is used only for y > 0.] Since the squares of ARCH(c0)
processes satisfy (2.6) (see Theorem 2.1 in [16]), (2.20) holds for such processes.
We will also often impose the following condition on the bandwidth g (n):

(2.21) g(n)A? = 0(1).

THEOREM 2.1. Suppose Hy and (2.18)—(2.21) hold. Suppose q(n) is nonde-
creasing and satisfies

q(2k+l)
2.22
2:22) i20 q(25)
(2.23) g(n) = oo and q(n)(logn)* = 0(n).

Then

(Tn,l,Tn,z)$( sup |[BV ()|, sup !B(2>(r)),
0<r<l 0<t<l1

where BV and B® are independent Brownian bridges.
Theorem 2.1 is proved in Appendix B.
COROLLARY 2.1. Under the assumptions of Theorem 2.1, we have

Mn—d>max{ sup [BD(1)], sup |B(2)(t)|}.
1

0=<t<1 0<tr<

Since the distribution function of supy.,; |B(¢)| is known (cf. Section 1.5
of [12]), the limit distribution in Corollary 2.1 can be computed explicitly.
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In order to describe the asymptotic behavior of the vector (7, 1, 7;.2) if the
observations X; are long-range dependent, we define

Buy(@)=Wg(@) —tWg(1)

and

(2.24) §=inf{t20:|BH(t)|= sup |BH(s)|}.

0<s<l1

THEOREM 2.2. Suppose Hy holds. Assume q(n) is nondecreasing, satisfies
(2.22) and

(2.25) q(n) = o0 and q(n)= 0 (n(logn)~ /441D,

Then, the sequence of random vectors

|:<%]2)>H—1/2Tn’1’ <q(nT_i€\)>H—l/2Tn’2:|

converges in distribution to the random vector

1
[Toilzlgs =g
1—§
m;ggl (Wu (@) —Wg(§)) — Q(Wﬂ(l) - WH@))H

Theorem 2.2 is proved in Appendix C.
Theorem 2.2 implies that 7, ; and T, > tend to infinity in probability. Conse-
quently, the test statistic M,, tends to infinity in probability under Hy4.

3. Discussion and examples. One of the most often used statistics for testing
the null hypothesis A = 0 in the change-point model (2.1) is the CUSUM statistic

1
3.1 T, = 1/2s lrgl?i(n Z X —— Z Xil,
1<i<k 1<l <n
where 52 is a suitable estimator of the variance of the sample mean of the X;. If the
Y; in (2.1) are independent identically distributed, s,% can be taken to be the sample

variance. In this paper we allow the Y; to be dependent and consider the estimator

(3.2) se=P0+2 Y. wiqn)y;,
1<j<q(n)

where

(3.3) — Y (Xi— X)) (Xivj — Xn)

1<t<n j
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are the sample autocovariances and w;(q) are the Bartlett weights defined
by (2.14).
If the observations are weakly dependent (with no change in the mean), the

statistic 7,, converges to the supremum of a Brownian bridge. However, T}, —P> 00
either if there is a shift in mean or if the observations are long-range dependent.
The latter case is often referred to as a spurious rejection of the null hypothesis of
no change in mean. We formalize these observations in Theorems 3.1, 3.2 and 3.3
which, together with Theorems 2.1 and 2.2, form a theoretical foundation for the
multistage testing procedure described later in this section. In Theorems 3.1, 3.2
and 3.3, it suffices to assume that

(3.4 gn) >o0 and ¢g(n)/n—0 as n — oo.

THEOREM 3.1. Suppose observations X1, ..., X, follow model (2.1) with
A = 0. If Assumption 2.1 and (3.4) hold, then

T, % sup B,

0<t<l1

where {B(t),0 <t < 1} is a Brownian bridge.

PROOF. Theorem 3.1(i) in [18] implies that if the observations X; satisfy X; =
u + Y; with the Y; satisfying Assumption 2.1 and if (3.4) holds, then

(3.5) 5,5 0,

where o is the asymptotic standard deviation appearing in condition (2.3). [J

THEOREM 3.2. Suppose the observations X1, ..., X, follow model (2.1). If

Assumption 2.1, (3.4), (2.18)—~(2.21) hold, then T, —P> 0. [Assumption (2.19) im-
plies that A #0.]

Theorem 3.2 is proved in Appendix D.

THEOREM 3.3. Suppose the sequence {Xy} satisfies Assumption 2.2. If
qg(n)/n — 0, then

H-1/2
(3.6) (@) T, % sup [Wi(t) — tWr (D).

n 0<t<1
[Convergence (3.6) implies T, £ 00.]
PROOF. By Theorem 3.1 in [18], if (2.9), (2.10) and (3.4) hold, then

_ P €0
(37) q(l’l)l ZHS,% —> C%] = m
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The constants cg and cp in (3.7) are the same as, respectively, in (2.7) and (2.9).
Theorem 3.3 now follows immediately from (2.7) and (3.7). U

In order to focus on essential arguments, we considered in Section 2 a simple
testing problem. In some applications, however, the presence of more than one
change-point may be suspected. Our test can be extended to a multistage test-
ing procedure which is applicable in situations when there is an upper bound
on the number of possible change-points. The latter assumption is often used in
change-point analysis; see, for example, [44] and references therein. For example,
in time series of daily returns on market indices over a period of ten years, or in
temperature series over periods of 300 years, one suspects at most two or three
change-points; see Section 3 for a data example. For such time series, the maxi-
mum number of change points in mean can typically be readily established by a
visual inspection of a time series plot.

Before describing the procedure, we must introduce additional notation. De-
note by 7T'(/, m) the CUSUM statistic 7;, (3.1) computed from the observations
Xi+1,..., X,y and by Ig(l ,m) the change-point estimator (2.11) computed from
the same observations. Let B® u=1,2, ..., be independent Brownian bridges.
Define the critical value c(u) by

P(max{ sup | , sup |B(“)(t)f} >c(u)> =a.

0<r<l1 0<r<l1

As mentioned earlier, the distribution of supy, -, |BM(2)] is known and is tabu-
lated in [27], so c(u) can be found directly from

P( sup |BD(n)| < c(u)> =1 -t/
0=<r<1

The procedure we recommend is based on the binary segmentation method
of [43]. To focus attention, suppose there can be at most two changes in mean,
that is, we want to determine if the observations are weakly dependent with none,
one or two changes in the mean or whether they contain a long-range depen-
dent stretch of data. If 7,, = T(O n) < c(l) the observatlons are Weakly depen—
dent If T,, > c(1), we compute k1 = k(O n) and Mz = max][7 (0, kl) T(k1 nl.
If M> < ¢(2), the observations are weakly dependent with one change-point. If
Mz > c(2), we compare T(O k1) and T(kl, n). Suppose that 7 (0, kl) < T(k1 n).
We then compute kz = k(k1 ,n) and

M3 = max[T (0, ky), T (ky, ko), T (ka, n)).

Extending Theorem 2.1 to the case of exactly two changes, we have

Mg—d>max{ sup [BO()], sup [BD(1)], sup |B(3)(t)|}.

0<r<1 0<t<l1 0<t<l1
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Thus, if M3 < ¢(3), the observations are weakly dependent with two change-
points. If M3 > ¢(3), the observations contain a long-range dependent stretch of
data.

Before concluding this section with a data example, we list several time series
models which satisfy Assumptions 2.1 or 2.2. References to the proofs can be
found in [16].

EXAMPLE 3.1. The linear process

(3.8) Xi=) ajexj,
j

where ¢; are independent identically distributed random variables with finite
fourth moment and zero mean, satisfies Assumption 2.1 if }; |a;| < co. In partic-
ular, ARMA processes whose autoregressive polynomial has no zeros on the unit
circle satisfy Assumption 2.1.

If, on the other hand, a; ~ cjd_1 for some 0 < d < 1/2, then the Xj (3.8) sat-
isfy Assumption 2.2 with H =d + 1/2. In particular, fractional ARIMA processes
whose autoregressive polynomial has no zeros on the unit circle satisfy Assump-
tion 2.2.

EXAMPLE 3.2. Consider the process {ny} satisfying
(3.9) Nk = Pk, Pk = Z CiNk—j»
j=1

where a > 0,c¢; > 0 and the & are independent identically distributed non-
negative random variables with finite fourth moment. The 7n; should be viewed
as the squares of an ARCH process. If

(3.10) [EE51* Y cj <1,
j=l

then the sequence Yy = ny — Eni satisfies Assumption 2.1.
As a more specific example, consider Y; = r,% — F r,%, where the r; follow a
GARCH(p, g) model,

(3.11) Tk = OkEk, crkzza)—{— Z ozir,f_i—l— Z ,Bjakz_j.
I<i<p 1<j=q
Then, under regularity conditions derived in [7], the ¢; are defined by

i Di<i< aiZi
3 <i<p
j=1 1<j=q Pj%

2 2
and px = o, & = ¢
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EXAMPLE 3.3.
(3.12)

The ry are said to follow a LARCH (Linear ARCH) model if

ok =a+) bjr-j.
jz1

Tk = Ok&k,

where a # 0, the b; are real coefficients (not necessarily nonnegative) and the &
are independent identically distributed with zero mean and finite fourth moment.
Ifb; ~ cj¢~! for some 0 < d < 1/2 and

L[Eg)'? > b7 <1,
j=1
where L =7 if the g are Gaussian and L = 11 in general, then Y = r,g satisfy con-
ditions (2.7) and (2.9) of Assumption 2.2. Conditions for (2.10) to hold have not

been established yet. The LARCH model was studied by Robinson [39], Giraitis
etal. [17, 19, 20] and Berkes and Horvéth [6], among others.

We conclude this section with an illustration of how our procedure can be ap-
plied in practice. Figure 1 shows daily returns of the Dow Jones Industrial Aver-

Dow Jones LARCH

-4

6 -4 -2 0
2 0
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0 500 1000 1500
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FI1G. 1. Daily returns of the Dow Jones Industrial Average and a simulated LARCH process with

H = 0.85 together with the autocorrelation functions and smoothed periodograms at low frequencies

of the squared observations.
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age from January 1, 1992 to December 31, 1999 and a simulated LARCH process
with H = 0.85 of the same length (n = 2021). The corresponding columns show
the sample autocorrelation functions and smoothed periodograms of the squares
of the two series in the top row. The volatility (variance) of the Dow Jones series
appears to have a change point somewhere in the middle of series, but given that
we observe only a finite realization, this change-point might be spurious and the
observed change in variance might be explained as a persistent increase in volatil-
ity characteristic of a long memory process. That this might well be the case is
reinforced by the examination of the plot of the simulated LARCH series which
exhibits markedly higher variability in the first 1/3 of the realization, even though
the plot shows a realization of a strictly and fourth-order stationary process. The
left column in Figure 1 shows that the autocorrelation function of the squared Dow
Jones returns does not decay to zero in a fashion typical of a short memory process
and the smoothed periodogram (on a log—log scale) exhibits a clear positive slope.
In fact, a periodogram-based semiparametric estimate of H based on the auto-
matic bandwith selection procedure proposed by Lobato and Robinson [32] yields
the estimate H = 0.842991.

For the Dow Jones returns, we therefore wish to test the null hypothesis of ex-
actly one change in the variance of the observations against the alternative that
the squared observations are a realization of a long-range dependent process. As-
suming that the mean of the returns is zero (we subtracted the sample mean of
0.05829482 before conducting further analysis), this testing problem is thus iden-
tical with the basic testing problem formulated in Section 2, with the X; being
equal to the squared returns.

In order to perform the test, we need to choose the bandwidth function g (-). We
performed our calculations in Splus and used the function acf to obtain sam-
ple autocovariances. By default, this function returns the first 10log;,(n) sample
autocovariances for a time series of length n. We found, however, that, for the non-
linear return data, more autocovariances must be used to capture the dependence
structure, so we increased the maximum lag up to which the autocovariances are
computed by 50%. Thus, in the following, we report the results based on

q(n) =15logo(n).

The value of M, is 1.341153, which lies below the 10% asymptotic critical
value of 1.36 (the 5% and 1% critical values are, resp., 1.48 and 1.72). We are thus
unable to reject the null hypothesis of a change-point in the level of the squared
returns.

To validate the above conclusion, we need to assess the empirical size and power
of the test. To assess the size, we divided the data into two parts: before and after
the estimated change point k = 1061 and fitted the GARCH(1, 1) model to each
stretch of data. We obtained the following parameters [see (3.11)]:
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w o B

Before k 0.02461474 0.06404848 0.87864088
After k 0.09540076 0.09734341 0.83945713

Using E r,f =w/(l —a1 — B1), the implied change in the variance (level of the r,?)
is 1.0§OO22. In fact, variances implied by the GARCH(1, 1) models before and
after k are very close to the corresponding sample variances whose difference
is 1.040886.

We simulated one thousand replications of the above change point model and
on each of them we computed the value of M,,. Table 1 reports the percentage
of rejections of the null hypothesis. At the nominal confidence level of 10%, the
percentage of rejections is slightly over 10%, suggesting that accepting the null
hypothesis based on the value of M,, =1.34115 was not due to type II error.

To assess the power, we simulated one thousand replications of the LARCH
process (3.12) with d = 0.35 and the b; computed according to the recursion
bj=[bj1(j+d)]/(j+1),with by =0.25 and a = 0.03. These parameter values
ensure that the process is fourth-order stationary and were chosen by experimen-
tation to make the realizations similar to the Dow Jones returns, with a typical
realization shown in Figure 1. Table 1 shows that the test is able to detect the alter-
native at the nominal 10% level with probability of over 30%. For this particular
alternative, the power is not very high. This can be explained by the fact that the
realizations of a LARCH process with the parameters chosen above and for the
sample size of n = 2021 often exhibit two periods of different variability which
can by separated by the change-point estimator k. The intensity of long-range de-
pendence in each of the two subsamples is “underestimated,” yielding small values
of M,,. However, even though the alternative is “very close” to the null, the test has
nontrivial power.

The above illustration is not meant as a guide for practitioners, but merely points
out the potential of the test.

APPENDIX A

Almost sure convergence of the Bartlett estimator. For ease of reference,
we present here the result on the almost sure asymptotics for the estimator s,%,
TABLE 1

Empirical size and power of the asymptotic test based
on the statistic My,

Nominal level (in %) 10.0 5.0 1.0

Empirical size 13.4 6.5 0.8
Empirical power 32.5 20.0 5.0
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which we appeal to in the folllowing. Its proof is given in [8].

THEOREM A.l. Suppose {Yi} is a fourth-order stationary sequence with
EY; =0and y; = Cov(Yy, Y;). Consider the variance estimator

(A.D) sE=p0+2 Y. wign)p;,
I1<j=<q(n)

where y; are the sample autocovariances and w;(q) are the Bartlett weights de-
fined respectively by (3.3) and (2.14).
Suppose the sequence q(n) is nondecreasing and

q (2k+1 )
su
=0 429
(1) Suppose, in addition, that conditions (2.4) and (2.5) hold and

(A.2)

<0

(A.3) g(n) —> oo and q(n)(logn)* = 0(n).

Then

(A4) s,% —oli= Z Vi a.s.
Jj=—00

(i) Assume

(A.5) I<H<I
and
(A.6) vk ~ ok
for some co > 0. Assume also that
(A.7) q(n) — oo and q(n)= 0 (n(logn)~"/“41)
and
(A.8) sup Y. fk(hrs)| = 0@,
|hl=q(n) —n<r,s<n
Then
1-2H 2 2 o
(A9) q(n) s — _ a.s.

T CH T HOH 1)

REMARK A.1. By the fourth-order stationarity of the X;, all bounds in the
proof of Theorem A.l remain valid if the random variables X1, ..., X, are re-
placed by Xy41, ..., X, n is replaced by n — k and ¢ (n) is replaced by g(n — k).
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Therefore, on denoting X; = ﬁ > k<i<n Xi and

1 g
Sin= Y Xi—Xp)?
’ n_kk<i§n

(A.10) |
+2 E wj(qgn —k))— E (Xi — Xp)(Xi+j — Xk),
) n—k =
1<j<q(n—k) k<i<n

under the assumptions of part (i) of Theorem A.1,
(A.11) StaSo0?  asn—k— oo,

and under the assumptions of part (ii) of Theorem A.1,
(A.12) [qin —1' s, ¢t asn—k— co.

Relations (A.11) and (A.12) are used, respectively, in the proofs of Lemmas
B.3 and C.2.

APPENDIX B

Proof of Theorem 2.1. Theorem 2.1 will follow immediately from Lemmas
B.1, B.2 and B.3 which are stated and proved below.

In this section we assume that the observations follow the change-point
model (2.1) and that (2.18) holds.

We will extensively use the relation

~

(B.1)

k

S o] =op)
n

which follows from assumptions (2.19) and (2.20).

LEMMA B.1. If (2.19) and (2.20) hold, then

k
n~1/% max Yo Xi—= ) X
I<k<k | 1<j<k k l<i<k
(B.2) o
k
— 12 max Y, — - Z Yi|+op(1)
I<k=k||<j<k k1gigl€
and
k—k
n_l/zAmaX i A Z Xi
k<k<n i<k n_k12<i§n
(B.3) A
i k—k
=n max Z Yi — ~ Z Yil +op(D)
k<k<n|» n—k,
A k k<i<n
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PROOF. We can assume that u = 0. Since the verification of (B.3) is very
similar to that of (B.2), we present only the proof of (B.2).
If k < k*,

> Xi— ZX_ZY ZY

1<i<k 1<,<k I<i<k 1<z<k

for all 1 < k <k, so (B.2) holds trivially. If k* < k, then

ZX_;ZIMLA = (k — k*)

1<l<k 1<i<k
and
Z Y;, if 1 <k<k*,
Z X, = I<i<k R
i > Yi+ (k—kHA, if k* <k <k.
1<i<k
Hence,
n_l/z maXA Z X’—n max Z Y__ Z Y
1<k<k 1§i<k ko I=k=k|1<izk koo
A2k — k¥

—1/2 A7 ¥ —
<o Ak -k = T,

so (B.2) follows from assumptions (2.20) and (2.19). [

LEMMA B.2. If (2.3) and (B.1) hold, then the sequence of random vectors

<k—1/2 max. Z a
I=k=kli<i<k ki<t
. k—k
(I’l—k) l/zAmax Z i ~ Y,'
k<k<n|r . n—k .=
k<i<k k<i<n

converges in distribution to the random vector

(sw BV )
0<t<l1 0<r<l1

where BV and B® are independent Brownian bridges.
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PROOF. By (2.6),

| Z g T ] e () - ()

max_
(B.4) I=k=k 1<z<k
=op(n'/?).
Using (B.1) and the continuity of the Wiener process, we get
(B.5) |Wa(k/n) — Wa(0)| = 0p(1).
Hence,
K\ k. [k t

(B.6) max Wn(—> — TWH(—> = sup |W,(t) — =W,(0)|+op(1),

1<k<k n k n 0<t<6 6

and consequently, by (B.4),

k=% max Z Yi
1<k<k 1§i<k 1<1<k
B.7)
o Walt) = EW, @)+ 0p(1)
——— su — 5 '
g1/2 ()Stjp@ " 0" '

Similar arguments give

A —1/2
(n—k) _max
k<k<n

l€<i§k k<t<n
(o2
B.8 =——F= su W, () — W, (0

t—0
— R (WD) = Wa(©)] +0p (1.

Since 6712w, (0t),0 <t < 1, is a Wiener process,

W, (1) — —W,,(Q)‘— sup |[BY (1)),

0<t<l1

sup
0<t<6

1
(B.9) o1
where B() is a Brownian bridge. Similarly, there is a Wiener process W (¢),0 <

t <1, such that

1 t—0
1- 9)1/2 9851;21 (Wn(t) - WH(Q)) - m(Wn(l) - Wn(Q))‘
dt—>0 10 B
(B.10) =1C 09s<1;1<)1 W —0) 1—¢ _QW(I «9)‘
r—0

=_—— sup ‘W(z)——W(l—@)‘
I - '90<t<1 6

0<t<l1
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where B® is another Brownian bridge. The claim thus follows by combin-
ing (B.7), (B.8) and (B.9), (B.10) and using the independence of the increments of
a Wiener process. [l

LEMMA B.3. Suppose Assumption 2.1, (2.19), (2.21), (2.22), (2.23) and
(B.1) hold. Then

P P
Sp1—> 0 and sp2— 0.

PRrROOF. Following the proof of Proposition D.1, we get

S%,1= > |:J70m,1+2 > (Uj(Q(lg)));jm,l:| = S,Zlm,l,

1=m=3 1<j=q(k) t=m=3

(Y; = V) Yigj — Yp),

1<i<k—j

= '>(’€_k*A)2 EEE k*)(k*Aﬂ
2,1 == - - e -] - s
14 i J n J i n J 7

R 1 _ - n—k*
Vi3l =—% Z [(Yi =Y+ Yigj — )] A,
k1§i<k*—j n
. 1 ok - k—k*
Visr== Y |Yi=Y)=— Yy —¥)——|A
k i <i<kr k k
and
. 1 - _ _k*
)/jSIIZ [(Yi—Y,;)-F(YH-j—Y,;)]fA.
k*<i<k—j

Since s,% — o2 as. by part (i) of Theorem A.l1 and k —P> oo by (B.1), Theo-
rem 7.1.1(c) on page 252 of [12] yields that

(B.11) 525 o

Next we show that
(B.12) spmi=o0p(l)  form=2,34,5.

As we have seen in the proof of Proposition D.1,

; : ) A 2 (k) A2
2 —1/2 q(k)AY n\/“q(k) B
Snum, 1 OP(k Q(k)A)—OP( IGI/ZA =O0p ]2 7n1/2A =op(1),
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proving (B.12).

P .
To prove s;%z = o2, we can apply the same argument, upon observing that by

Remark A.1, forall 0 < r < 1, we have

max |s7, —o| =0 as.,
rn<k<n ’

where s,f,n is defined in (A.10). O

APPENDIX C

Proof of Theorem 2.2. Theorem 2.2 will follow directly from Lemmas
C.1 and C.2 below. We can assume that 1 = 0.

Let
Zn(t) = — max | Y x— L > X
H 1<k<nt nt
1<i<k 1<i<nt
and
1 k — nt
Zo()=— max | Y X;— > Xl
nH nt<k=n nt<i<k n—nt nt<i<n
Similarly, let
s
Z1(t)=cy sup |Wg(s) — _WH(Z)‘
0<s<t t

and

s —1
2o =cn sup |(Wi(s) = Wiy (1) = T (Wi (1)~ WHa))',

t<s<l

where Wy is defined in Assumption 2.2.

LEMMA C.1. Suppose that (2.7) and (2.8) hold. Then

C.DH (/Q/H,an(l),znz(t))—% (&, Z1(1), Zo(1)),

where & is defined by (2.24). The vectors in (C.1) take values in (0, 1) x D[O0, 1] x
D[O0, 1].

PROOF. The vector (I%/n, Zn1(t), Zy2(t)) is a continuous mapping of {(n=H x
Y 1<k<nt Xk, 0 <t < 1}. The same mapping transforms Wg(¢) into (&, Z1(z),
Z>(1)). Hence, the statement of the lemma follows from the continuous mapping
theorem. [
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LEMMA C.2. We assume that the conditions of Theorem 2.2 are satisfied.
Then

C2) g1 242, L
and
(C3) [g(n — 1252, 5 3.

PROOF. We first verify (C.2). By part (ii) of Theorem A.1, forany 0 <r < 1,

sup |[q(k)]' " s? — 41550,

k>rn

For any O < r < 1 which is a continuity point of the distribution function of & we
have

limsup P[|[q(k)1'~ ZH,f cpl > €]

n—oo

<limsup P k/n <r]—|—11msupP[ sup |[g (k)] 1128 2 clqu > 8]
n—o00 k>rn
=P <1).
Since P(§ <r) —> 0asr — 0, (C.2) follows.
To prove (C.3), note that by (A.12),
sup |lg(n — 1" sk, — 3123 0.
k<(l1-r)n

Relation (C.3) is then established using a lim sup argument as above and the fact
that P(§ >r) > 0asr— 1. O

APPENDIX D
Proof of Theorem 3.2. Observe that by Assumption 2.1 and (2.18),

1 k
—— max Z X, —— Z X;
1/2
n'/ 1=k=n 1<i<k n1<l<n
1 k*
z | 2 Ximo ) X
1<i<k* 1<i<n
k*(n — k*
7| X nmn Y -t
1<i<k* 1<i<n

1
> 5n”e(l —0)|Al— 0p(1),
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as n — 00. Hence, it suffices to show that
I’ll/2|A|

Sn

P

— 00,
which, in view of (2.19), will follow if we show that s,, = O p (1), which is verified
in the following proposition.

2
n

PROPOSITION D.1. Suppose model (2.1) is valid. Consider the estimator s
defined by (3.2). Suppose Assumption 2.1 and (3.4), (2.18)—(2.21) hold. Then

(D.1) s2=0p(l).

PROOF. Denoting V; j = (X; — )_(,,)(XH_j — X,,), observe that

n—k*

A

Vij=i—Y)Yipj—Yy) — (Yi = Yy) p

- n—k* n—k* \? . R .

—Yigj —Yn) A+ A if1<i<i+j<k¥,

n n
k

. _ _ ok
Vij=i =Y Yig; —Y) + i — Y,,);A

- n—k* n—k* k* ) C .
+ iy =Yy A — A—A ifl<i<k™<i+}j,
n n n

*

_ _ _ k
Vij=i =Y Yiq; —Yp) + (¥ — Yn);A

ok k* 2
+(yi+j_yn)—A+<—A) ifk* <i<i+j.
n n
Therefore, for any 0 < j <gq,

J;j = Z 7>jm7

1<m<5
where

. 1 . .
Vil=— Z Yi =Y Yiyj =Yy,

my<icn—j
. 1 n—k* 2 n—k*k* k* 2
pa=| @ -p("a) - At () |

n n n n n
R 1 - - n—k*
pia=—— Y., [Yi=Y)+¥ig;— V)] A,

M i<i<ie—j

. 1 _ k* _ n—k*

k*— j <i <k*



1162 BERKES, HORVATH, KOKOSZKA AND SHAO

and
R 1 - - k¥
Pis=— > (Vi =Y+ Yigj —Y)l—A.
n k*<i<n—j n
Consequently,
S,%= Z |:);0m +2 Z wj(‘]));jm] = Z S,%m
1<m=<5 I<j=q 1<m<5
By (3.5),
(D.2) 2, 5 o2

Hence, (D.1) will follow if we verify that
(D.3) sz =0p(l) form=2,3,4,5.

In order to verify (D.3), we will often appeal to the two elementary relations

(D.4) 2 Y wi@)~q
1<j=q
and
(D.5) 2 Y joi@)~ g%
1<j=<q

Relation (D.3) is easy to verify for m = 3,4, 5. By (2.6) and (D.4),
qA?
nl/2ZA

on account of (2.19) and (2.21). It thus remains to establish (D.4) for m = 2. Since
there are three terms in the definition of y;2, we may write

2 * *\ 2 * . *\ 2
sﬂi_lk_ n—k) ' k—])(n—k
qAZ—qL( n ) T2 )3 wj@( n n )

1<j<q

S = 0~ ) = 0 (475 ) =0r (1)

~ 5[9(1 —0)+2 ) i@l -6)

I=j=q

2
-~ 2 jw,-(q)(l—mz}

1<j=q

(D.6)

1 2 14> 2 2
~—[(1+q)9(1—9) —=—({1-=06) ]—)9(1—0) .
q 3n
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Similarly,
2 % 7%
s I1n—k*k*2 q
(D.7) n2 -~ C jwilg) ~—(1—-0)0-——0
qA? q n nn lsz.fq / 3n
and
2 B * ®\ 2 * : ®\ 2
sty 1|n—k (k) n—k¥—jrk
a3~ )42 Y et (=
gA? q| n n 1524 n n
1 [ 2 2 2 . 2
(D.8) ~—[(1-0)"+2 Z wj(g)(1—0)0" — — Z Jwj(q)o
7L 1<j<q "1<jzq
1r 02 2
~ = (1+q)(1—9)02——q—]—>(1—9)92.
ql 3 n

Putting together relations (D.6), (D.7) and (D.8), we obtain (D.3) for m = 2. This
completes the proof of Proposition D.1. [

REMARK D.1. Proposition D.1 and, therefore Theorem 3.2, remain valid
if the Bartlett weights (2.14) are replaced by any weights satisfying (D.4) and
Yi<j<qgj®j(q) =0 (¢%) in addition to the following conditions which are needed
for (D.2) to hold: w;(g) =0 for |j| > ¢q,0 <w;(g) <1, and

(D.9) qli)néo wj(qg) =1 for each j;
see Remark 1.2 in [8].
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