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Abstract

We consider processes with second order long range dependence resulting from heavy
tailed durations. We refer to this phenomenon as duration-driven long range dependence
(DDLRD), as opposed to the more widely studied linear long range dependence based on
fractional differencing of an iid process. We consider in detail two specific processes hav-
ing DDLRD, originally presented in Taqqu and Levy (1986), and Parke (1999). For these
processes, we obtain the limiting distribution of suitably standardized discrete Fourier trans-
forms (DFTs) and sample autocovariances. At low frequencies, the standardized DFTs
converge to a stable law, as do the standardized autocovariances at fixed lags. Finite col-
lections of standardized autocovariances at a fixed set of lags converge to a degenerate dis-
tribution. The standardized DFTs at high frequencies converge to a Gaussian law. Our
asymptotic results are strikingly similar for the two DDLRD processes studied. We calibrate
our asymptotic results with a simulation study which also investigates the properties of the
semiparametric log periodogram regression estimator of the memory parameter.

1 Introduction

The renewal-reward process of Taqqu and Levy (1986) and the error duration model of Parke
(1999) are nonlinear models with long memory. Both models embody useful features not shared
by traditional linear long-memory models such as ARFIMA. The renewal-reward process has
been applied in long-memory analysis of internet traffic data (for a review, see Willinger et. al.,
2003). Liu (2000) has applied a modified version of this process to financial returns exhibiting
simultaneous long memory and structural change in the volatility. The error duration model
of Parke (1999) has drawn considerable recent attention among practitioners in finance and
economics. By focusing on the duration of shocks rather than on fractional differencing of the
shocks, the model provides an appealing paradigm for long memory in economic time series and
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in volatility of financial series. Both models exhibit a feature which may be viewed as structural
change. In the Taqqu-Levy process, the value of the process stays constant at some random level
throughout regimes of durations governed by a sequence of i.i.d. random variables with finite
mean but infinite variance. In the model of Parke (1999), the process is written as a sum of
present and past shocks, where shocks survive in the sum for durations governed by a long-tailed
i.i.d. sequence. In both models, there is a one-to-one correspondence between the tail index of
the i.i.d. duration sequence and the memory parameter of the process. Therefore, we will say
that both of these models possess duration-driven long range dependence (DDLRD).

As these models gain increasingly widespread application, practitioners may feel that, if
faced with data generated by a model having DDLRD, they can safely use the standard meth-
ods of data analysis and statistical inference for long-memory series. In particular, they may
wish to examine the sample autocovariances, or to construct the log-periodogram regression
estimator (GPH) of the memory parameter, due to Geweke and Porter-Hudak (1983), or to use
the Gaussian semiparametric estimator (GSE) of Kiinsch (1987). Some caution may be in order
here, however, since most of the existing theory assumes that the series is either Gaussian (see
Robinson 1995a and Hurvich, Deo and Brodsky 1998 for GPH), linear in an i.i.d. sequence
(see Velasco 2000 for GPH), linear in a Martingale difference sequence (See Robinson 1995b for
GSE, Chung 2002 for autocovariances), or, in the case of volatility, that the observations can be
transformed into a sum of linear series (see Deo and Hurvich 2001, Hurvich and Soulier 2002, for
GPH applied to long memory stochastic volatility models). If the Taqqu-Levy and Parke models
are to be widely accepted and used, it is necessary to build a theory for the currently-standard
methodology of long-memory data analysis and inference that applies to such series. The present
paper represents a first step in that direction. We will explore the asymptotic properties of the
discrete Fourier transforms (DFTs) and sample autocovariances from both processes. Some of
the results are surprising, and tend to confirm that caution was indeed warranted.

One surprising result we find is that both the sample autocovariances at a fixed lag and
the DFT at a fixed Fourier frequency, if suitably standardized, have limiting non-Gaussian
stable distributions. This implies that a data analysis based on examination of the sample
autocovariances may be misleading. It also implies that data analytic methods that rely on
the very low frequency behavior of the DFT of a long memory series will not have the same
asymptotic properties as in the linear long-memory case. (See, e.g., Chen and Hurvich (2003 a,b)
on fractional cointegration of linear processes). On a more positive note, but still surprisingly,
we find for the DFT at the j'th Fourier frequency z; = 27j/n where n is the sample size, that
if 7 tends to oo sufficiently quickly, then the DFT is asymptotically normal. This indicates that
the DFT at not-too-low frequencies has some robustness to the type of long-memory generating
mechanism. It also suggests that standard estimation methods such as GPH and GSE may
retain the same properties they are already known to have in the linear case, although some
trimming of very low frequencies may be needed. Our theoretical results will be augmented with
a Monte Carlo study, both to calibrate the finite-sample applicability of our theorems, and to
briefly explore the properties of the GPH for models with DDLRD, a topic which we do not
attempt to handle theoretically here.



The organization of the remainder of this paper is as follows. In Section 2, we review some of
the existing theory on second order long memory processes, so as to contrast it with the theory
we will develop for the DDLRD processes. In Section 3, we give the precise formulation of the
Taqqu-Levy and Parke models, exhibit their autocovariance functions, present a proposition
which shows that Parke’s process is well defined only in the stationary case, and present some
basic theory for these models. In particular, in Section 3.3 we consider the weak convergence
of partial sums for both processes, and in Section 3.4 we consider asymptotics for the empirical
process in the Taqqu-Levy case. In Section 4, we present the asymptotics for the discrete Fourier
transforms for both series, treating the cases of low frequencies and high frequencies separately, as
the limiting distribution is different in these two cases. In Section 5, we consider the asymptotics
for the sample autocovariances of the Parke and Taqqu-Levy processes. Interestingly, the joint
limiting distribution of a collection of standardized sample autocovariances at a fixed finite set
of lags is degenerate. In Section 6 we present the results of a simulation study. In Section 7, we
present some concluding remarks. Section 8 presents some lemmas useful for establishing our
main results.

2 Second order long memory

We start by recalling some classical definitions and facts about long memory processes. A
second order stationary process X = {X;, t € Z} is usually said to be long range dependent if
its autocovariance function y(¢) = cov(Xp, X;) is not absolutely summable. This definition is
too wide to be useful. A more practical condition is that the autocovariance is regularly varying:
there exist H € (1/2,1) and a slowly varying function L such that

A(t) = L), (2.1)

Under this condition, it holds that:

lim n 2" [(n) " var (i Xt> =1/(2H(2H —1)). (2.2)

t=1

A second order stationary process satisfying (2.2) will be referred to as a second order long
memory process, and the coefficient H is the long memory parameter of the process, often
referred to as the Hurst coefficient of the process X. We will hereafter use this terminology.

A weakly stationary process with autocovariance function satisfying (2.1) has a spectral
density, ¢.e. there exists a function f such that

W)= [ fa)etds.

The function f is the sum of the series
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which converges uniformly on the compact subsets of [—7, 7] \ {0} and in L'([-n, 7], dz). It is
then well known that the behaviour of the function f at zero is related to the rate of decay of ~.
More precisely, if we assume in addition that L is ultimately monotone, we obtain the following
Tauberian result:
lim L(z) ‘2?21 f(z) = 7 'T'(2H — 1) sin(x H). (2.3)
Tr—r
(Cf. for instance Taqqu (2003), Proposition 4.1). The usual tools of statistical analysis of weakly
stationary processes are the empirical autocovariance function, the discrete Fourier transform
(DFT) and the periodogram. We will focus here on the DFT and periodogram ordinates of a
sample X1,...,X,, defined as

2

)

n
dxr = (27n) =1/ ZXteim’“, Ixp = |dx
t=1

where z = 2kn/n, 1 < k < n/2 are the so-called Fourier frequencies. (Note that for clarity
the index n is omitted from the notation). In the classical weakly stationary short memory
case (when the autocovariance function is absolutely summable), it is well known that the
periodogram is an asymptotically unbiased estimator of the spectral density. This is no longer
true for second order long memory processes. Hurvich and Beltrao (1993) showed (in the case
where the function L is continuous at zero but the extension is straightforward) that for any
fixed positive integer k, there exists a constant ¢(k, H) such that

Jim Ellx ./ f(zx)] = c(k, H).

The previous results are true for any second order long memory process. We now describe some
weak convergence result that are valid for Gaussian or linear processes.

If X is a second order long memory Gaussian process, then L(n)~1/2n—H chn:ﬂl X}, converges
weakly to the fractional Brownian motion By (¢) which is the zero mean Gaussian process with
covariance function given by:

B[By (5) Bir ()] = g (15 — |t — s/ + |127)

Here weak convergence is in the space D of right-continuous and left-limited (cadlag) functions
on [0, 00).

This result can be extended to a strict sense linear process, i.e. a process X for which there
exist a sequence (€;);cz of i.i.d. random variables with zero mean and finite variance, and a
square summable sequence of real numbers (a;);ez such that for all ¢ € Z,

Xt: E ajEt,j.

JEZ
If aj = L(5)|5|" —3/2 then X is a second order long memory process with Hurst coefficient H,

and L(n)n~H chnjl X}, converges weakly, in the sense of weak convergence of finite dimensional
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distribution, to the fractional Brownian motion By (t). This can be proved easily by applying the
Central Limit Theorem for linear processes of Ibragimov and Linnick (1971, Theorem 18.6.4).
Weak convergence in the space D can also be proved. Cf. Gorodeckii (1977) or Lang and Soulier
(2000). The classical example of such a long memory linear process is the ARFIMA((p,d, q)
process, introduced by Granger and Joyeux (1980), Hosking (1981), whose Hurst coefficient is
H=1/2+d.

For Gaussian and linear processes, a weak convergence result can also be obtained for the
periodogram and the DFT ordinates. For any fixed j, f (:ch)*l/ 2d x,j converges to a complex
Gaussian distribution with dependent real and imaginary parts. Cf. Terrin and Hurvich (1994).
Chen and Hurvich (2003 a,b), Walker (2000), and Lahiri (2003).

The asymptotic behaviour described above is different from the behaviour of weakly depen-
dent processes, such as sequences of i.i.d. or strongly mixing random variables, whose partial
sum process, renormalised by the usual rate y/n, converges to the standard Brownian motion.
But these long memory processes share with weakly dependent processes the Gaussian limit and
the fact that weak limits and L? limits have consistent normalisations, in the sense that, if &,
denotes one of the statistics considered above, there exists a sequence v,, such that v,&, con-
verges weakly to a non degenerate distribution and v2E[¢2] converges to a positive limit (which
is the variance of the asymptotic distribution).

In the sequel we define two second order stationary models, which possess properties (2.1)
and (2.3), but whose weak limit behaviour is extremely different of that of Gaussian or linear
models. In section 3 we define these models.

3 Formulation of the Models

3.1 The Taqqu-Levy Model

Let {7} be ii.d. positive integer-valued random variables with mean g, in the domain of
attraction of a stable distribution with tail index « € (1,2), i.e. there exists a function L, slowly
varying at infinity such that for all n > 1,

P(Ty > n) = L(n)n™%. (3.1)

To avoid trivialities, we also assume that P(77 = 1) > 0. Let Sp be a non-negative integer-valued
random variable, independent of the {T}}, with probability distribution

P(So=u)=p 'P(Tp >u+1), u=0,1,.... (3.2)

Let {Wj} be i.i.d. random variables with E[W] = 0 and var[W)] = 0%, < co. Assume that the
{W}} are independent of Sy and {7} }. We observe a process denoted by {X;} fort =0,...,n—1.
The observed process is constant on regimes (intervals) determined by Sy and the interarrival
times Tj. The constant value on each regime is given by one of the {W}. The time between the
start of the sample and the first change of regime is Sy, and the subsequent waiting times are



Ty,T5,.... The total time up to the end of the k’th regime (k =0,1,...) is given by S_; = —1,
Sg and
Sp=8S+T1+...+T, k=1,2,....

The observed process {X;} is given by Wy if ¢ lies in the £’th regime, so that

00
X = Z Wkl{Sk—lSt<5k}’ (3.3)
k=0

where 14 is the indicator function of the set A. Let M,, be the counting process associated with

the renewal process {Sp, S1,...}, i.e. a non-negative integer-valued random variable denoting
the total number of regime changes in the series before the time n — 1:

M, =k< S,_1 <n <S5

The renewal process {Sy, S1,...} is called a stationary renewal process, in the sense that the
counting process M, has stationary increments, whence the following result.

Proposition 3.1. The process X defined by (3.3) is strictly stationary with zero mean and
covariances

cov(Xo, X;) = oiyP(So > 7) =~ oy BTy — )11y 593

If (3.1) holds with 1 < a < 2 and L ultimately monotone, then X is second order long memory
with Hurst coefficient H = (3 — «)/2 and spectral density f satisfying

2
Ow

lim L(1 /)~ = f (2) = 2l — M)

I'(2H — 1) sin(nH).

3.2 The Parke Model

Let (€;)iez be a sequence of i.i.d. random variables and (ns)scz be a sequence of i.i.d. non-
negative integer valued random variables which is independent of (€;);cz. For s € Z, define

gst =1 s <t <s+mn;.
Parke’s error duration process is then defined as:
Xy = ng,tesa
s<t
Let N be a generic random variable with the same distribution as the ns, and define
pr:=P(N >k) k>0.
(Pk)k>0 is then a non increasing sequence such that py = 1 and limy_,o pg = 0.

Parke (1999) does not discuss the existence of this process. In his main result, he assumes
that it is well defined and second order stationary. Since the terms in the sum defining the
process are not vanishing, by well defined we mean that the sum is almost surely finite. We now
give a necessary and sufficient condition for the process X to be well defined.



Proposition 3.2. Parke’s process is well defined if and only if E[N] < oo. In that case it is
strictly stationary. If moreover ey has mean . and variance o2, then Parke’s process has mean
pe(1 +E[N)]), finite variance and covariances

o
cov(Xo, X,) = o2 ij =o?E[(N +1— T)ln>py] = o2 Zpk.
j>r k=r

If the survival probabilities py are regqularly varying with index o € (1,2), i.e. if they satisfy
pj =PB(N >j)=L{);™" Jj=1, (3.4)

where L is slowly varying and ultimately monotone at infinity, then Parke’s error duration model
X ezxhibits second order long memory with Hurst coefficient H = (3—«)/2 and its spectral density
f satisfies

0_2

lim L(1/z) ta?H 1 f(z) = m ['(2H — 1) sin(wH).

Proof. A necessary and sufficient condition for this process to be well defined is that almost
surely, for all ¢ € 7Z,
inf{s € Z,s+ns >t} > —o0.

Since the random variables ng are i.i.d. with the same distribution as IV, by Borel-Cantelli’s
Lemma this condition is equivalent to

ZIP’(nS >t —s) :iIP’(NZ k) < oo.
k=0

s<t

Hence the necessary and sufficient condition for Parke’s error duration process to be well de-
fined is E[N] < oo. The expression of the autocovariance function is proved in Parke (1999)
Proposition 1. [l

3.3 Invariance principle

Let X denote either Parke’s or Taqqu-Levy’s process. The next proposition shows that although
the process X is second order stationary and its autocovariance function exhibits long range
dependence, the partial sum process of X converges to a stable Lévy process with independent
increment, which implies that its behaviour mimics that of a sum of i.i.d. heavy tailed random
variables. In the case of the Tagqu-Levy Process, it is stated without proof in Tagqu and Levy
(1986); it can also be seen as a particular case of Theorem 2 in Mikosch et al. (2002).

Proposition 3.3. Assume that (3.1) and (3.4) hold with 1 < a < 2. Denote £(n) = n~"/®inf
{t >0: PU>t)< nil} with U = T for the Taqqu-Levy process and U = N for the Parke



process. Then the finite dimensional distributions of E(n)_ln_l/a Z,Ln:t]l X converge weakly to

those of the a-stable Levy process A, with characteristic function
EfeAe (] = exp {—t Ju|*p 'E]¢]%)T(1 — @) cos(ra/2)(1 — i Bsign(u) tan(re/2))},  (3.5)

with f = (E[¢%] —E[EY])/E[|&|%] and & = Wy in the case of Tagqu-Levy’s process and & = €1 and
u =1 1in the case of Parke’s process.

Proof in the case of Parke’s process. For any real numbers z,y, denote z1 = max(z,0), z_ =
max(—z,0), zVy = max(z,y) and Ay = min(z, y). Recall that g;; =1if s <t < s+ n, and
0 otherwise. Hence, we can write:

n n (s4ns)+An
D Xe=2 > g6 =2, D, guucs
k=1 k=1 s<k s<n  k=1Vs

= {(s+ns)r Ankes + > {(s+mng) An—s+1} e, =Up + V.
s<0 s=1

Since Y . P(s +ng > 0) = >, P(N > k) = E[N] < oo, the number of terms in the sum
U = > ,.0(s + ng)yes is almost surely finite. Hence U, converges almost surely to U and

Up, = Op(1). We now split V;, into three terms: V,, = Vi, — Vo, + V35, with

n n
VI,TL — Z(ns + 1)65, VZyn = Z(TLS + 1)1{s+ns>n}657
s=1 s=1
n
and V3, = Z(n — s+ 1)1{5+n8>n}es.
s=1

Since the sequences (ns) and (e;) are i.i.d. and independent of each other, V3, has the
same distribution as Wy, = Y71 klg,, >kyep. Since Y32 P(ng > k) < oo, by Borel-Cantelli’s
Lemma, almost surely there exists an integer K such that for all k£ > K, ny < k. Hence W,
converges almost surely to Y 72, k1, >k)€k, which is almost surely a finite sum. This implies
that V3,n = Op(l).

Similarly, V5 ,, has the same distribution as Y, ny 1{p, >k} €k, which converges almost surely
to the almost surely finite sum Y22 | nglg,, spyer. Hence Vo, = Op(1).

Under assumption (3.4), N is in the domain of attraction of an a-stable law. Since E[e2] < oo,
by Breiman’s (1965) theorem, (ns + 1)€s is an i.i.d. sequence in the domain of attraction of an
a-stable law. Thus we obtain that n !/ *¢(n) V1, converges weakly to the stable distribution
with characteristic function given by (3.5) (cf. for instance Embrechts et al. (1997), Proposition
2.2.13). The convergence of finite dimensional distribution is obtained similarly. U



3.4 Empirical process of Taqqu-Levy’s process

In the case of Taqqu-Levy’s process, the invariance principle can be straightforwardly extended
to an invariance principle for instantaneous functions of the process: if ¢ is a measurable func-
tion such that E[¢?(W1)] < oo and E[¢(W7)] = 0, then the finite dimensional distributions of

{(n) " tn Ve chnjl #(X) converge weakly to those of an a-stable Levy process, where / is the

same slowly varying function as in proposition 3.3. For Parke’s process, we conjecture that this
is true for polynomial functions. Tt is actually shown in the case ¢(z) = 22 — E[e?] in Theorem
5.1, and a similar proof would probably work in the case of a higher order polynomial.

In the special case of an indicator function, we obtain the usual interval-indexed empirical
process:

. 1 <
k=1
Let Fy (z) = P(W; < z) be the distribution function of W;. Then F, is an estimator of Fyy
and we have the following convergence result.

Theorem 3.1. The finite dimensional distributions of the process £(n) ‘n =1/ (E, — Fy) con-
verges weakly to those of the process Ao (F(+)), where Ay is the stable Levy process with charac-
teristic function

EelvAa ()] = exp {—t|u|* 'T(1 — @) cos(ra/2)(1 — isign(u) tan(ra/2))}

and £(n) = n'/*inf {t >0: P(Ty >t) <n~'}.

Sketch of Proof. Neglecting the first and last renewal periods, write

O(n) "'V Fa () = Fw ()} = £n) 'Y L <oy (Th — )
k=1

My,
+ul(n) "' {Lw<ay — Fw (@)} + (ub(n) ™'/ My, — 1) Fiy ().
k=1

By Lemma 8.1, the finite dimensional distributions of £(n)n=/® Z,];/i"l Liw, <o} (T — p) are
asymptotically equivalent to those of £(n)n 1/ ZZQ; 1{w, <z} (T — p) which converge to those

of Ao(F(z)). Since the variables W are independent of M,,, we have, by the renewal theorem,

My, 2
E (Z {Liw, <oy — FW($)}> = Fw (2){1 — Fw(z)}E[M, ] = O(n).

k=1

Thus, S0 { 1w, <oy — Fw(2)} = op(€(n)n'/®). .



4 Asymptotics for the DFTs

Define
n—1
Dpj=Y_ X&',
t=0

where X denotes either Taqqu-Levy’s or Parke’s process.

4.1 Low frequencies

Proposition 4.1. Define d,,; = E][::/f] ke with ny, = TRW}, for the Taqqu-Levy process
and n = niep and p = 1 for Parke’s process. If (3.1) and (3.4) hold and if j < n? for some
p € (0,1 —1/a), then £(n)~'n="%(Dy,j — dn ;) = op(1), where £ is defined as in Proposition
3.5.

Since in both cases 7 belongs to the domain of attraction of an «-stable law, Proposition
4.1 implies if j < nP, then E(n)*ln*I/O‘Dn,j converges to a stable distribution. In the case of
fixed frequencies, we can describe more precisely the asymptotic distribution.

Theorem 4.1. Let j; < --- < j4 be q fized positive integers. Let £ be defined as in Propo-
sition 3.3. Then E(n)_ln_l/a(Dn,jl,...,Dnyjq) converge in law to the complex a-stable vector

(fol BTSN, (s), . . ., fol eQi”qudAa(s)> , where A, is the a-stable Levy process with characteris-
tic function given by (3.5).

Proof of Proposition 4.1 in the case of Parke’s process.

n

n
- ite; __ itz
Dn,j = 5 X = § E gs,t€ " €s
t=1

t=1 s<t
(s+ns)+An n (st+ns)An
= Z Z e, + Z Z e ie, =: Un,j + Vnj-
<0 t=1 s=1 t=s

As in the proof of Proposition 3.3, the sum defining U, ; is almost surely finite. If j/n — 0,
then U, ; converges almost surely to the random variable U = ) __ (s + n,)4€,. Split now V,, ;
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into three terms: V;, j = W, ; — Ry, ; + T}, j, with

n 5+ns
W=D Z e | e, (4.1)
s=1
n (s+ns)
ite
n,j = E : E : e J1{8+ns>n}687
s=1 t=s
n o n
itx;
T =22 Lstn, s
s=1 t=s

Consider first R,,. Since the sequences (ns) and (e5) are i.i.d. and independent of each other,
we have:

n 1— ei(ns+1)xj 1 —el i(ngp+1)z;

n
isz: ©) —i(k—1
Rn,j = Zelsx] 41 AT 1{s+ns>n}€s = Ze iC )i 1 — el?; {nka}ek’
s=1 k=1

d . . . . T
where @ denotes equality of laws. Since almost surely there is only a finite number of indices k
such that ny >k, if j/n — 0, this last sum converges almost surely to > 72| (ng + 1)1y, >k} €k
Hence R, ; = Op(1). Similarly, T, ; has the same distribution as

n n n k-1

itx; _ —iux;
D> 2 e =) ) e sk
k=1t=n—k+1 k=1 u=0

If j/n — 0, this last term converges to Y oo, k1, >k €k, which is an almost surely finite sum,
whence T;, ; = Op(1). In conclusion, as long as j/n — 0, W, ; is the leading term in the
decomposition of D, ;. Consider now Wy, ;. It can be written as

— e ns+1

1 sin((ns + 1)z;/2)
isx; isz; insx;/2 s J
Wh,j = Ze B Ze e sin(z;/2) e

Z isx; Sln nS xj/2 + Zelsxj ( insw;/2 _ ) Sin((ns + 1)x3/2)
= €s

sin(z;/2) sin(z;/2) s

—d ,J+Z o (Sm nﬁl)x”/?) s—1> s

sin(z;/2)

o | 1)z;/2)
2 : isx; [ insx;/2 _ 1) Sln((ns + j —d - N
! s=1 ’ <e Sin(xj/Q) “ ™ " Tn:]

To deal with the remainder terms, we use the following bounds: there exists a constant C' such
that for all u € R and for all v € (0, 1),

‘ei“ — 1| < C(Jul A1)

sin(uw)

() u‘ < Clul(Juv] A1) + |ulv?.
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For p € (1, a), applying these bounds and the moment bound for independent zero mean random
variables with finite p-th moment (cf. Petrov (1995), addendum 2.6.20), we have:

Ellrn "] < C ) El(ns)?((nsj/n) A 1)P] = CnEIN? ((Nj/n) A1)”] + Cn(j/n)*PEIN"].
s=1

Let us compute E[N?((Nj/n) A 1)P] for any p > 1.
n/j
E[NP((Nj/n) A1) = (j/n)P Y kP P(N = Z KPP(N = k) < C(j/n)* PL(n).
= k=n/j
Hence, for any p € (1,a), E[jr, ;|| = O(L(n)n!T(=)/pje/p=1y 1f j < n’ for some p € (0,1 —

1/c), then p can be chosen close enough to a so that lim, o h(n)n ="/ *E[|r, ;|| = 0, for any
slowly varying function h. O

Proof of Proposition 4.1 in the case of Taqqu-Levy’s process. For clarity, we denote in this proof
Zpn, = 27j/n. By summing over each regime separately, we can express D,, ; as

So—1 Sr—1
=W, eztwn i _|_ W elt:Dn i + 1%.%4 elt:L‘n j
0 k Mp+1
t=Sp_1 t=Sn,

= Tlvnmj + an7n7j + lr27n7j’

where we have defined:
sin(Soxn,;/2)
sin(xzy, ;/2)

ronj = Wity t1 exp{i{Sm, + (n — Sm,)/2} 20 5}

T1m; = Wo exp{i(So )xn,1/2}

sin({n — Sy, + 1}zn,;/2)

sin(zn,;/2) ’
Sp—1 )
sin(Tgxp.i/2
Wm,n,j = ZWk Z eltmnl — Zel{sk 1+ Yen JMW]C
5 Sinlin; /2
k—1

Obviously, |ri | < |Wy|So, hence r1 4 ; = Op(1), uniformly with respect to j < n/2. To deal
with rp 4, ;, note that n — Sy, is the forward recurrence time of the stationary renewal process
(Sn)n>0, hence its marginal distribution is constant and is equal to that of Sy (cf. Resnick (1992),
Theorem 3.9.1). Thus, for ¢ < a — 1, E[|ro, ;17 < E[|[W,|YE[S] < co. 7, is also Op(1),
uniformly with respect to 5 < n/2. Applying Lemma 8.1, we obtain that wyy, ,; — Win/ulng =
op(n~"®h(n), uniformly with respect to the sequence j and for any slowly varying function h.

We now prove that h(n)nil/o‘(w[n/u],n,j —dp,j) = op(1). Define Wy, = Y p, elSk-171/2)n;

Ty Wy.. Applying Lemma 8.2 with m = [n/p], H(u,v) = e**/2 S;ln(&”/g) and ¢, , = el (Sk171/2)7n;

we obtain:

Winfpmng = Dinjulmg = op(n'/*h(n)). (4.2)

12



Define Wy, 5 ; = S py el E=DE=1/2}en;i Ty Wy Applying Lemma 8.3 with ¢ = T, Wy, K (u) = e'
yields

Bl fpmg — Dinjulmg = op(n'/*h(n)). (4.3)

Finally, we bound W, /. n,j — dn,j-

[n/u]
y — ik P —i(pF1/2)a, ik .
Win/p)n.g — dn,j = Z (eikhon =i B+ D20 _ oikain/us )¢,
k=1
[n/u] [n/u]
_ Z elkumm( —i(p+1/2)zn,; _ )¢, + Z 1kuwn] _eikz[n/ﬂ],j)ck.
k=1

Since 1/[n/u] — 1/(n/u) = O(n~2) and j < n” with p < 1 — 1/a, we obtain:

Ef |y — dnjl] < Cj/n = o(n**h(n)),

n/uln,j

for any slowly varying function h. O

4.2 High frequencies

In the high frequency case, the asymptotic behaviour of the discrete Fourier transform is the
same as it is for linear series.

Theorem 4.2. If let j be a non decreasing sequence of integers such that j/n — 0 and j > n?
for some p € (1 — 1/a,1), then (2mnf(z;))"Y/?D,; is asymptotically complex Gaussian with
independent real and imaginary parts, which are each zero mean Gaussian with variance 1/2.

Proof in the case of Parke’s process. As seen in the proof of Proposition 4.1, the main term in
the decomposition of D,, ; is W), ;, defined in (4.1). To prove convergence to a complex Gaussian
law, we use the Wold device. For a,b € R, denote

sin((ns + 1)z;/2)es

€n,s(a,b) = {acos((s +ng/2)x;) +bsin((s +ng/2)z;)} sin(z;/2)

Then Y., &n,s(a,b) = aRe(Wy, ;) + bIm(W, ;). Denote o7 (a,b) = >0, E[¢2 ((a,b)]. To prove
that o, 1(a,b) Y 0_, &n s(a,b) is asymptotically Gaussian, it suffices to prove that

ZE €05 (a,0)]7] = o(cd (a, b)), (4.4)

13



for some g > 2. We ﬁrst find an equivalent for o2 (a,b). To simplify the notation, without loss
of generality, assume o2 = 1. We have

sin2($j/2)E[§gys] = E[{acos((s +ns/2)x;) + bsin((s + n5/2)$j)}2 sinZ((ns + 1)z;/2)]
= a’Elcos?®((s +ns/2)z;) sin’((ns + 1)z;/2)] + abE[sin((2s + ns)x;) sin®((ns + 1)z,/2)]
+ b?E[sin?((s + ns/2)x;) sin®((ns + 1)z;/2)]

o 4 12 a2 — 12
_ et b E[sinQ((ns + 1)z;/2)] + b E[cos((2s + ng)z;) sin?((n, + 1)z;/2)]

+ abE[sin ((2s + ns)z;) sin?((ns + 1)7;/2)]

_a2—|—62
2

a2 — 12
+ { 5 b cos(2sx;) + ab Sin(2smj)} E[cos (nsz;) sin?((ns + 1)z;/2)]

E[sin?((ns + 1)z;/2)]

—b?
— {a 5 sin(2sz) — ab cos(23xj)} E[sin (nsz;) sin®((ns + 1)z;/2)].
Applying Lemma 8.4, we obtain that

lim z; *L(1/z;) 'E[h(nsz;) sin®((ns + 1)z;/2)] = a/ooo h(t) sin?(t/2)t* Ldt, (4.5)

n—o00
with either h(t) = cos(t), h(t) = sin(t) or h(t) = 1. Now, since j — 0o, we have:

n
l § :eQisxj
n

s=1

2
<.7: -71 = 1.
< g = 06T =)

Thus,

n—o0

lim n~ (II “*L(1/z5) 1Zﬂié’nsab)]
s=1

— 20(a® + 1?) / sin?(1/2)1~ " dt = (a2 + b?) / sin(t)t—dt
0 0

I'2H -1
= (a®> + ) (1 — o) sin(n(a — 1)/2) = (a® + b%ﬁ sin(mH).
Hence, applying (2.3), we obtain:
-1 62
nll)r{.lo 2mn f(xj)) Z]Efns (a,b)]

Hence o2 (a,b) ~ cnf(zj) — co. Moreover, for any ¢ > 2, we have:

E|¢n,s 1] < Clal + (b)) B  sin((ns + 1)z;/2)|7] = O(27 ™ L(1/zy)),

abZEfns]— ((nagyt=2).
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Since we have assumed that j > n'~'/® and ¢ > 2, we obtain that nz§ — oo and S E[&h 5]
= o(o}(a,b)) and (4.4) holds. O

Proof in the case of Tagqu-Levy’s process. If j > n'=1/®_ then limnﬂoo(nf(wn,j))_lﬂnl/a = 0.
Hence, as in the proof of Proposition 4.1, we obtain that (27m)*1/2f(xn,j)*1/2(Dn,j—w[n/u},n,j) =
op(1). We now prove that wi,,), ; is asymptotically complex Gaussian by the Wold device.
Here again, without loss of generality, we assume o3, = 1. For arbitrary real numbers a and b,
define v2 = 27n sin®(z,,;/2) f (z5,;) and
Mg = v;l{a COS((Sk_l + (Tk — 1)/2)1‘“7]') + bSin((Sk_l + (Tk — 1)/2)]7”’]')}Sin(Tk$n’j/2)Wk
=, ! cos(Sk—12n,j){acos((Ty —1)/2)xy ;) + bsin((Ty, — 1)/2)zn ;) } sin(Tra,,;/2) Wy,
+ U;l sin(Sk,lxn,j){—a sin((Tk - 1)/2)%‘”’]) + bCOS((Tk - 1)/2)(1}7%])} Sin(Tk(L‘n’j/Q)Wk.
Then (2mn)~'/2f~12(z,, ;) {a Re(wpn/u)n,j) + bIm(w[n/uLn,j)} = ZLH:/T} Tn,k- Denote
B (u) = {acos(u/2) + bsin(u/2)} sin(u/2),
By(u) = {bcos(u/2) — asin(u/2)} sin(u/2),
Tin g = Vp* {c08(Sk_12n ) B1(Th@n,;) + sin(Sg_12n j) B2 (Tewn,;) } W,
and W pj = Y prq Mok Then

[n/p]

> g = fing = Op(f(@ng) %) = op(1).

k=1
Define M; = Zi:l Mk, 1 < j < [n/p] and F = (Fi)p>1 with F = o(T;,W;,j < k). Then
{M;} is an F-martingale and My, /] = W[, /y),0,;- Hence, to prove that @, /. » ; is asymptoti-
cally Gaussian, we must prove the conditional Lindeberg conditions:

[n/u]
there exists o2 > 0 such that Z E[ﬁ?bk | Fro—1] L 02, (4.6)
k=1
(n/u] P
and Ve > 0, Y B2 g1, ¢ | Foo1] — 0. (4.7)
k=1

To prove (4.6), note that
Eliin g, | Fio-1] = v, *{c08® (Sk—12n5)E[BY (T12n,;)]
+ Sin(QSk,lxn,j)E[Bl (TlfI;n’j)BQ (TlfL‘n,j)] + Sin2(Sk,1(L‘n’j)E[B22 (Tlxn,j)]}a‘%v.
Applying Lemmas 8.4 and 8.5 and using similar computations as in the proof of the previous
case, we obtain:

[n/ 1]

_ P
Z Eliip i | Fr—1] —
k=1

a® + b?
5

(4.8)
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To prove (4.7), since E[|W?|] < oo for some ¢ > 2, it is sufficient to prove that:

/4]
> Elliinel? = o(vd). (4.9)

k=1

Since El|iin 7] < 200z "2 {| By Ty ) 1+ Ba (T 5)|7} and B B; (Thn )|7] = O(22 ; f (wn,5)),
1 = 1,2, we obtain:

(n/u]

Y Elliing | = O(nw, a7, ; f (2n,5)) = O(vg, /%) = o(1).
k=1

Hence (4.9) holds. Thus we have shown that {27nf(z,,;} /2D, ; is asymptotically equivalent

to {2mnf (mn,j}_l/ Qw[n /ul,n,j Which converges weakly to a standard complex normal law. O

5 Asymptotics for the Sample ACF

The empirical autocovariance is often used as a diagnostic of long memory, hence it is of impor-
tance to investigate its meaningfulness in the present context. For k£ > 0, define

n—=k
An (k) =n~" Z X Xiyk- (5.1)
t=1

Since in both cases, X is a second order stationary process, 4, (k) is an asymptotically unbiased
estimator of (k) = cov(Xy, Xx). In the next proposition, we show that it is also a consistent
estimator and obtain its rate of convergence and asymptotic distribution.

Theorem 5.1. Assume that (3.1) and (3.4) hold, E[|ey]?] < oo and E[|Wy|?] < oo for some
q > 2a. Denote & = W2{T; — E[T1]} or & = €2{ns — E[n1]}. Let p =1 in the case of Parke’s
process. Then for any k > 0 and any slowly varying function h,

1 /e
(k) = (k) =~ Y & +op(h(n)n' 1) (5.2)
s=1
Define £ as in Proposition 3.3. Then £(n) " 'n'=Y(%, (k) —v(k)) converges weakly to an a-stable
random wvariable ( with characteristic function
E[e¢] = exp {— |u|* mq T'(1 — @) cos(ma/2)(1 — isign(u) tan(ra/2))} ,

with mq = E[|e1|?¥] in the case of Parke’s process and m, = E[|W1|?%]/u in the case of the
Taqqu-Levy process.
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Remark 5.1. The op term in (5.2) is not uniform with respect to k, but (5.2) implies that for
any fixed integers ¢, k1, ..., kg, the asymptotic distribution of the vector ()" 'ty (k) —
Y(k1)s- -, 9n(kq) —v(kq)] is that of an a-stable vector whose components are equal. Thus, the
joint limiting distribution of a finite collection of standardized sample autocovariances at fixed
lags is degenerate.

Remark 5.2. The conclusions of Theorem 5.1 hold also for £(n) " 'n'=1/%(p, (k) — p(k)) where
pn(k) and p(k) are the sample and population autocorrelations at lag k. This non-Gaussian
limiting distribution (as well as the degeneracy described above) for the standardized sample
autocorrelations will clearly affect the asymptotic properties of parametric method-of-moments
estimators which are based on a finite number of sample autocorrelations.

Proof of Theorem 5.1 in the case of Taqqu-Levy’s process.

n—k 00 n—k
Yn(k) = n~! Z WMtWMt+Ic =n"" Z W;iWj Z l{Mth}l{Mt+k=j'}

t=1 j,§'=0 t=1
00 n—k 00 n—k
—1 2 —1
=n Z Wj Z l{Mt:MHk:j} +n Z Wjo' Z l{Mt:j}l{Mt+k:j'}
j=0  t=1 j#§'=0 t=1
= Yn (k) + 1.

Consider first r,. Note that the sums in j and j’ are limited to n since by definition, M; < t. If
j' < jorj >k, the event {My = j; My, = 5’} is empty. Hence:

04 o jt+k n—k

Elr;] = n—Vg Z Z Z P(Ms = My = j; My, = Myyy = 5')
J=0 ji=j+1s,t=1
oo Jjt+k n—k

4
g . .
=52 2 D P(My=ji My =)
§=0 j/=j+1 t=1
0_4 oo Jjtk
+n_V2VZ Yoo > PB(My= M= Mgk = My = 5)
J=0 j'=j+11<s<t<n—k

For s < t and j < j', the set {My; = My = j; Mg\ = My, = j'} is empty if s + k < ¢. Hence:
) 0'{4/1/ n—k
]E['f'n] = F ZP(Mt < Mt+k)
t=1
o _
+-0y > P(My =M < My, = M) =O0(n ).

s=1 s+1<t<s+k—1
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Thus 7,(k) = Op(n~"/2). Consider now #,(k). By definition of the renewal process, M; =
My, =jifand only if S; 1 <t < S; and T; > k. Thus

My, —

. 1

(k) =~ > WZZ]-{Mt =Myyy=j} = Z WH(T; = k) Lz ohy-
7j=1 t=1

Define ¥, (k) = Z n k)/u) WZ( — k)l{T >k}- By Lemma 8.1, for any slowly varying func-
tion h, we have that 'yn(k) Yn(k) = op(n'~'/%h(n)). Note now that by definition, E[(T] —
k)1ir, >k] = uP(So > k). Thus:

Yn(k) — (k) = % Y WHT - k)lgysk
j=1
1 [((n—k)/u]
= > WHT) - k) lrse — El(T) — B)1ip 5]}
j=1
[((n—k)/u]
[(n k)/u]

Z WEH(T; — k) iz, >ky — BT — B) iz, 5]} + Op(n?)

[(n—k)/u]
> WHT; - B[]} + Op(n~'/?).

J=1

_ 1

Thus we conclude that for any slowly varying function h,
1 [n/ 1]
(k) — (k) = — > WHT; —E[T1]} + op(n' = *h(n)).
j=1
The rest of the proof is straightforward, given the other proofs in this paper, and is omitted to

save space. [l

Proof in the case of Parke’s process.

n—~k n—~k
’?n(k) = n_l Z Z Z 9s,t9s' t+kEs€s’ = n_l Z Z 1{5V1§t§(s+ns7k)/\(n7k)}6§

t=1 s<t s'<t+k s<n—k t=1

+n! Z Z1{sv1§t§(s+ns)/\(n7k)}1{(s’fk)v1§t§(s’+ns/fk)/\n}eses’

s<n—k;s'<n t=1

s#£s!
= Yn (k) + rn(k).
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We first consider 7, (k). It is split into four terms as follows.

ro(k) =n""! Z {(s +n5)+ A (s +ng — k)1 A(n — k) }esey
s<0;8' <k

s#£s!

*IZ Z H(s+mns) A(s +ng —k)A(n—Fk)} — s +k+ 1eses
§<0 s'=k+1

7122 (s+ns)A(s +ng —k)r A(n—k)} — s+ 1esey
s=1 s'<k
-1 l l
+n > (s +ns)A(s' +ng —k)A(n—Fk) =5V (s — k)]esey
1<s<n—k;k+1<s'<n
s#s!
=7Tin+tTon +7r3n+ ran.

By the usual Borel Cantelli argument, nr , converges to the almost surely finite sum ) ,<o,:<o
s#t+k
{(s+ns)+ A(t+ntik)+ tes€rrk. Hence 1, = Op(n~1). By independence of the i.i.d. sequences

(€s) and (ng), the terms 7y, and r3, have the same distribution. We consider for instance the
former. Let S be the set of nonpositive integers s such that s +ng > 0. Then S is almost surely
finite. Write 79, = n~! Y ses &n,s€sy With

n—k
s = O [{(s +ng)p A (E+ ngr) A(n— k) — b+ Uerpn
t=1
For each s € S, we have:
s+ng
lim &ns = =Y (s +ng) A(t+nur)} — £+ Uersr
t=1

Since S is almost surely finite, we thus obtain that

S+ng

nll)rgo nry, = ZS Zl s+mng) A+ nk)} —t+ 1€k, almost surely.
s€S t

Hence 7o, = Op(n~"') and similarly r3;n = Op(n~'). Consider now the last term T4 -

Elr},] = otn? > E[{(s 4 ns) A (t 4+ 1) A (n — k) — sV £}2]. (5.3)
1<s<n—k;1<t<n—k
s#t+k

This last expectation if finite, since the term inside is at most ng A ny g, and if N’ is an
independent copy of N, then N A N’ is square integrable. Indeed, we have

P(N AN' > k) =P(N > k)* = L*(k)k~2. (5.4)
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Since L is slowly varying, then so is L?, and since a € (1,2), then (5.4) implies that N A N’ is
square integrable. Let us now compute the expectation in the rhs of (5.3). Assume s < t < n—k.
E[{(s + N)A(t+N')A(n—k) —sVit}?]

n—k—sn—k—t

= Y S {5+ A+~ BN = BN’ = i)

j=t—s j'=0
n—k—sj—t+s
= > > PPN =PV =)
j=t—s j'=0
n—k—s n—k—t
+ (j = t+ )?P(N = YB(N' = ') < CLX(t — s) (¢ — 5)272.

Plugging this bound into (5.3), we obtain:

)
O(L(n)n?>=2%) if a € (1,3/2], with L slowly varying;
Eiran (k) ]_{ O(n 1) if « € (3/2,2). Y

In conclusion, we have shown that 7,(k) = Op(n'~=®). Consider now 7, (k). Still by Borel
Cantelli arguments, we have

Fu(k) =01 {(s +ns — k) A (n = k)}el
s<0

n—k
n ! Z{(s +ng — k) A (’rL — k) — S+ 1}1{n82k}62

—IZ s =k 4+ D)1, spes +0p(nh).

Altogether, we have

An (k) — ‘IZ s —k+ 1)1, spyes — (k) + Op(n'™®)

=*Z{ e =k + D1 sk — Bl(ne — b+ 11,50} €

E[(N —14+ k)1
ALl 22y ol

- _IZ{ s =k DLz~ Elins =k 4+ D1g,ogl} e +Op(n™/%) + Op(n' =)

=n ! Z {ns — EIN]} €2 + Op(n~Y2) + Op(n'~).

s=1
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Thus, if E[|eg|9] < oo for some ¢ > 2«, then £(n)~'n'~Y*(%, (k) — v(k)) converges weakly to an
a-stable distribution. O

6 Simulations

Throughout this section, we denote the long-memory parameter by d € (0,0.5). Note that
d=H—1/2=1—«/2. In all of our simulations, we use a sample size of n = 10000. We chose
to use ARFIM A(0,d,0) autocovariances in our simulations because they are nonnegative and
monotone non-increasing for all ¢, which is consistent with the nonnegative and non-increasing
autocovariances implied by both the Taqqu-Levy and Parke models. Let y(t) be the autocovari-
ance sequence of an ARFIM A(0,d,0) process,

L(t+d)I'(1 — 2d)

W(t):F(t—d—kl)F(l—d)F(d) od, t=0,1,... (6.1)

where oy is the standard deviation of the ARFIM A innovations. For the integer-valued inter-
arrival time Sy as well as the {T}} in the Tagqu-Levy process and the survival times {ny} in
the Parke process, we use the following simulation algorithm : Let X denote either Sy, T} or ng
and let G(z) = P(X > z). We can simulate an observation z of X by drawing an observation
u of a uniform random variable and setting = to be the integer such that

G(z) >u>G(z+1). (6.2)

In all cases we consider here, G(z) is expressed in terms of the Gamma function, so that there
is an easily evaluated continuous increasing function G(z) which is equal to G(z) for all integer
values at which G(z) is defined. The solution to (6.2) can be written as

T = LG_I(U)J, (6.3)

where |z| denotes the greatest integer less than z. We obtain the solution z to (6.3) using a
simple bisection algorithm.

6.1 Simulation of Taqqu-Levy Process

Before describing our sampling algorithm, we provide some convenient formulas for P(Sy > t)
and P(Ty >t). From (3.2) and Proposition 3.1, we have

_ 1 2 _
and
P(SOZt):M, t=0,1,2,... (6.4)
7(0)



Thus, for t > 1, we have:

P 2 1) = pP(5y =1 1) = Dot =L
P(Sp > 0) —P(So > 1) 7(0) — (1) '

For all of our simulations of the Taqqu-Levy process, we assume that ag = 1. From (6.4) and
(6.5), we can sample Sy and {7} using the bisection algorithm. We also simulate iid normal
random variables W} with mean zero and variance o, = ~(0), independent of Sy and {T}}.
The duration of the Oth regime is Sy and the duration of the kth regime is T for £ > 1. The
value of the series X; is constant at W} throughout the kth regime. This yields the simulated
realization Xj,..., X,,_1. Occasionally, the entire simulated realization was constant, as there
were no breaks before n — 1. Such realizations were discarded.

6.2 Simulation of Parke’s Process

By Proposition 3.2, Parke’s process is well defined if and only if with probability one, for all t,
there is a finite number of shocks surviving at time ¢. This allows us to simulate a process which
is distributionally equivalent to Parke’s using only a finite sum

t

X, = Z gsi€s, t=1,2,... (6.6)
s=—J

where —J is the time index of the oldest shock that survives at time ¢ = (0. The non-negative
integer-valued random variable J has a probability distribution

o0

P(J<i) = [ @-p). (6.7)

k=j+1

In order to obtain the covariances (6.1), for 0 < d < 1/2, the survival probabilities are defined
by (see Parke, 1999)

I©2-d) T(k+d)
I'd) T(k+2-d)

Pr = , k=0,1,2,... (6.8)
For each realization of Parke’s process, we start by sampling J from the probability distribution
determined by (6.7) truncated to the range (0, 1,2,...,10000). This was adequate for the values
of d considered here, d = 0.1 and d = 0.4, since the sum of the probabilities up to that truncation
point is extremely close to one in both cases. Next, we generate a sequence of standard normal
shocks {€;}"__; . The innovation variance o3 of the ARFTM A(0,d,0) process is related to o2
(we have 02 = 1) by

, TA-dre-d ,
0T T 224 ¢

(6.9)
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Next we discuss the simulation of the {ns} sequence. Special attention must be paid to the
survival time n_; for the oldest shock €_;. It is not sampled from the probability distribution
determined by {py}, but rather from the conditional distribution

P(N>iN>J)=LL i>. (6.10)

bJ

We apply the bisection algorithm to sample n_; and the other {ns}?__; , from (6.8) and (6.10).
Using the values {ns}.' ;, we compute the "death time” for each prehistoric shock {e;};! ;.
At each time £ > 0, there may be some past shocks dying, so the time series X is generated by
adding a new shock to the previous value X;_; and subtracting the sum of those shocks dying
at time ¢.

6.3 Simulation Results

We performed Monte Carlo simulations to assess the finite sample properties of the DFT co-
efficients in light of Theorems 4.1 and 4.2 for both the Taqqu-Levy and Parke processes. We
generated 500 replications of length n» = 10000 in each case. Recall that d = 1 — %a, and
1 < a < 2. We used autocovariances corresponding to an ARFIM A(0, d,0) model as described
earlier, with d = 0.1 and d = 0.4. For each value of d, the normalized Fourier coefficients
were evaluated at frequency z; with j = 1,2, [n%2], [n%4], [n%6], [n®8], | 2] — 2,|2] — 1. For
the Taqqu-Levy process with d = 0.4, there were 60 constant realizations. We excluded these

constant realizations from our analysis, while keeping the number of realizations used at 500.

Figures 1-2 present the normal Quantile-Quantile (QQ) plots of the normalized Fourier cosine
1
coefficients A;/f(x;)? for the Parke process with d = 0.1 and d = 0.4, where

n—1
1
Aj= S ). 11
7= )12 2 cos(z;t) (6.11)

The number inside the parenthesis at the bottom of each QQ plot represents the p-value for
the Anderson-Darling test of normality. According to Theorems 4.1 and 4.2, if j increases
sufficiently quickly with the sample size n, i.e. when j > n” for p > 1 — 1/, the normalized
Fourier coefficients are asymptotically normal. Furthermore, as d increases, the value of a will
decrease, and the condition on the rate of increase of j to ensure asymptotic normality becomes
less stringent. When d = 0.1, we have 1 — 1/« = 0.4444, a number larger than 1 —1/a = 0.1667
when d = 0.4. For the Parke process with d = 0.1, we do not reject the hypothesis of normality
for 5 > n%* while d = 0.4, we reject the hypothesis of normality for j < n%2. Thus our
simulation results are essentially consistent with the results of Theorems 4.1 and 4.2. We found
similar results for the Taqqu-Levy process. Since the results for the normalized Fourier sine
coefficient

n—1
1
B =——+ i it 12
i = )2 tz;xt sin(z;t) (6.12)
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are very similar to those we found here, we do not present them here.

Figure 3 presents scatterplots of the average log normalized periodogram vs. log |2sin(z;/2)|
at the Fourier frequencies from j = 1,...,4999. We would expect a horizontal line across all

frequencies if £ [log ;Eil ))} is constant for all j. The plots indicate that at low Fourier frequencies,
J

the average log normalized periodogram is changing but approaches a constant as j increases.
If I(z;)/f(x;) were distributed as (1/2)x3 as would be the case for a Gaussian white noise
process, we would have E [I(z;)/f(z;)] = —y = —0.577216 in Figure 3. There seems to be some
evidence that the log normalized periodogram is biased upward for the Taqqu-Levy process
with d = 0.4, but not for the other situations considered. Note that since the DFT coefficients
converge weakly to an « stable law at fixed low Fourier frequencies, we should expect higher
variability of the log normalized periodogram at these frequencies. This suggests that if we
regress {log(I(z;))} on {log(f(x;))} without trimming a set of low Fourier frequencies, we may
get a biased and/or highly variable GPH estimator. Further evidence is given in Figure 4, which
presents scatterplots of the average of log(/(x;)) vs. log2|sin(x;/2)| together with their fitted
least-squares lines. We also found that there are several outliers at low frequencies for both
processes with d = 0.1 as well as d = 0.4. However, there are more outliers in the case of d = 0.1
for both processes. This may be due to the more stringent condition required on the rate of
increase of j to ensure asymptotic normality of the DFT coefficients when d = 0.1. The fact
that the normalized periodogram behaves differently at the low Fourier frequencies may present
a problem for the GPH estimator if we include all Fourier frequencies.

Figure 5 presents normal QQ plots for the sample autocorrelations based on the Taqqu-Levy
process with d = 0.1. The Anderson-Darling p-values are extremely small so we reject the null
hypothesis of normality in all cases. Furthermore, the plots indicate long-tailed distributions.
These findings do not contradict Theorem 5.1 which states that the autocovariances for both
processes will converge to an a-stable law. We found similar results for the Taqqu-Levy process
with d = 0.4 as well as the Parke process for both values of d.

Tables 1 and 2 present simulation variances of the normalized DFT cosine coeflicients and
the corresponding normal-based 95% confidence intervals for the true variance, 2. We do not
reject the null hypothesis that o2 = 0.5 for any j when d = 0.1 in the Taqqu-Levy process, but
when d = 0.4, we reject the null hypothesis for j = n/2 — 1. For the Parke process, we accept
the null hypothesis for all Fourier frequencies with both values of d except for 5 = n%2 in the
case d = 0.1. Thus the results are essentially consistent with the theoretical variances stated in
Theorem 4.2.

7 Concluding remarks

1. The main theoretical results we have obtained for the Parke and Tagqu-Levy models
are strikingly similar. Also, it seems clear that the class of processes having DDLRD is
much larger than the two processes we have considered in this paper. A specific example
of another such process is the random coefficient autoregression studied in Leipus and
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Surgailis (2002). We have so far been unable to find an overarching unification for DDLRD
processes which would allow the development of a single set of theoretical results that
applies to the entire class, although such a unification seems desirable, and may well be
possible.

. In Robinson (1995a), the theory of a modified GPH estimator was developed for Gaussian
long-memory processes. One aspect of the modification was that an increasing number of
low frequencies were trimmed (omitted) before constructing the estimate. Subsequently
Hurvich, Deo and Brodsky (1998), who also assumed Gaussianity, showed that trimming
can be avoided. More recently, Hurvich, Moulines and Soulier (2002) showed that trimming
can also be avoided in a different log-periodogram regression estimator, assuming a linear,
potentially non-Gaussian series. For linear series, it is known that the DFT at fixed j is
asymptotically normal (Terrin and Hurvich, 1994), but that the periodogram is asymptot-
ically neither independent, identically distributed, nor exponentially distributed (Kiinsch
1986, Hurvich and Beltrao 1993). Simulations, mostly from Gaussian long-memory series,
indicate that trimming yields a very modest bias reduction, while inflating the variance
of the GPH estimator substantially. (See also Deo and Hurvich 2001, in the context of
LMSV models). Currently, there seems to be widespread agreement that trimming in the
GPH estimator should be avoided.

In contrast, the results of the present paper indicate that if the long memory is generated
by DDLRD, then trimming of low frequencies may in fact be desirable. The DFT at fixed
j converges in distribution to an infinite-variance stable distribution, but if j is allowed
to increase suitably quickly a limiting normal distribution results. It is unclear at this
moment whether trimming is needed to establish the asymptotic normality of the GPH
estimator based on a process having DDLRD, but clearly the failure to trim low frequencies
may adversely affect the finite-sample behavior of the GPH estimator. Paradoxically, the
larger d is, the less stringent the conditions on the rate of increase of j to ensure asymptotic
normality. This seems to indicate that when d is larger less trimming would be needed,
both in theory and in practice. This runs counter to the effects studied by Hurvich and
Beltrao (1993) (which concern only the second order structure of the process) which imply
that the bias of the normalized periodogram increases as d increases from zero.

. It is known (see Chung 2003 and the references therein) that for a long-memory process
linear in martingale differences, the autocovariances are asymptotically normal if d < 1/4,
but converge to a non-normal, finite-variance distribution if d € (1/4,1/2). So the asymp-
totics for the sample autocovariances depend on d, which is an undesirable property from
the point of view of statistical inference. Davis and Mikosch (1998) have shown that for
short-memory ARCH and GARCH models, the asymptotic properties of the sample auto-
correlations are more severe, as there is no convergence in distribution. Now, for DDLRD,
the behavior is somewhere in between the linear long memory and ARCH/GARCH cases,
since for DDLRD the sample autocorrelations do converge in distribution for all d with
0 < d < 1/2, but the limiting distribution has infinite variance, and depends on d. Thus,
the properties of parametric estimators of d which use a fixed number of sample autoco-
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variances will be strongly affected by the presence of DDLRD.

8 Lemmas

We present some lemmas in this section. Most of these are presumably known, but we were
unable to find references for them under the conditions we needed for our main results. We
therefore include proofs for the sake of completeness.

Lemma 8.1. Let ((k)gen- be a martingale difference sequence such thatsupy E[|(x|P] < oo for
all p < a. Then, for any slowly varying function h,

[n/u

M, ]
S G S G = op(h(n)nt/*).
k=1 k=1

Proof. To simplify the notation, without loss of generality, we can assume that y = 1. For all
m, denote Sy, = > p*; (k. By Theorem 2.5.15 in Embrechts et al. (1997), there exists a slowly
varying function £ such that £(n)~'n~='/®(M, — n) converges in distribution to a stable law.
Thus, for any sequence ¢, tending to infinity, we have:

lim P (|Mn > 6n€(n)n1/a) = 0. (8.1)

n—00

Let € > 0 and §,, be an arbitrary sequence tending to infinity. For any slowly varying function
h, we can write:

P(|Sh, — Sn| > en'/*h(n))
< P(|My — n| > 6,0Y%0(n)) + P (|Mn —n| < 8anM(n); |Sar, — Sn| > enl/ah(n))
< P(|My, —n| > 6,0 %(n)) + P ( max 1Sp — S| > enl/ah(n)> :
m:m—n|<dpnt/ol(n)

Fix some p € (1,a) and denote C), = supy>; E[|¢x|P] < oo by assumption. Denote By Kol-
mogorov’s and Burkholder’s inequalities (cf. Hall and Heyde (1980), Theorems 2.1 and 2.10),
we obtain:

P( max |Sn — Sm| > enl/o‘h(n))
m:|m—n|<nd,nl/*l(n)
< Ce_ln_l/ah(n)_IE[|SH+6nnl/ag(n) = S s,nl/ae(n) |p]1/p
n+0,nt/*0(n) 1/p
<ce 'n Vh(n) ! > E[GI]
k=n—d&,nt/f(n)
<cC, e Y oh(n) T (8,nt e (n)) P,
Since p > 1, this last term is o(1) is the sequence §,, converges to infinity slowly enough. O

26



Lemma 8.2. Let ((y1)i<k<n be uniformly bounded random wvariables. Let (Tj)p>1 be i.i.d.
random variables that satisfy (3.4) for some o € (1,2) and such that for all n. > 1 and all
k <mn, Ty is independent of {(,,5,1 < j < k}. Let Wy, be i.i.d. random variables with zero mean
and finite variance, independent of Cpx, 1 < k < mn and Ty, 1 < k < n. Let H be a bounded
continuous function such that for all u € R and v € (0,1):

|H (u,v) — u| < Clul{u?v? A1 +v?}. (8.2)

Ifm < cn and j < nP for some p € (0,1/a), then S0y Cu kWi A H (Tk, ;) — Tk} = op(n'/*4(n))
for any slowly varying function £.

Proof. Define &, = >y, Gk {H(jTk/n) — jTi/n}Wy, and let Er denote the conditional ex-
pectation with respect to all the variables ¢, ; and T}j. Since the variables ¢, are uniformly
bounded, and since, for p € [1, @), the function z — zP/? is concave, we obtain:

n p/2 n
Erc [[6nl’) < C {Z{H(Tka$n,j) - Tk}Q} < CY |H(Th, o) — Thl”.

Hence, taking expectations on both sides and applying (8.2), we obtain:

E[|éx)"] < C Y ElH Ty, #n,5) — Trl”]
k=1

< CnH|T1[P(|5T1 /0> AT+ Cn(j/n)? < CnL(n){(5/n)*"" + (j/n)*"}.

Thus, &, = Op({nL(n)}/?{j*/P~1 4+ (j/n)?}). If p < 1 — 1/a, then p can be chosen such that
{nL(n)}'/P{jo/P=1 1+ (j/n)?} = o(n'/®4(n)). Hence &, = op(n'/®¢(n)) for any slowly varying
function 2. O

Lemma 8.3. Let (), be a sequence of i.i.d. rv such that for all p € (1, a), E[|(x|P] < oo, E[(x] =0
and (, s independent of Sy, T1,...,Tk—1. Let K be a bounded continuously differentiable function
on R, with bounded derivative. Define Upp ;=3 g K(Sk—12n,;)Ck and Vi = > peq K((k—
Dy j)Ce- If m < cn and j < nP for some p € (0,1 —1/p, then Uppj — Vinnj = op(n'/€(n))
for any slowly varying function £.

Proof. Denote Ry =11 + --- + Ty — k. Since K is differentiable, we can write:

m

Unam = Vi = > K'((k = Dpzn j + sk (Sk=1 — (k = 1pzn j){Sk—1 — (k — 1)}z 3
k=1
n n
= T Z Pk By 1Ck + SoTn,j Z P kCks

k=1 k=1

where pp, ;, = K'({(k—1)p+ck(Sk—1—(k—1)p}/n). Since E[|¢x|] < oo and K is bounded, the last
term above is trivially Op(1). By assumption, {Z?Zl PnkRi—1Ck, 1 < k < n} is a martingale
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with finite p-th moment for p < a. Hence by the Burkholder inequality for martingales, we
have, for p < a, E[|R;|P] = O(k) and

p n
E <O E[Rp-1 ] = O(n?).

k=1

n
> pnpRi-1G
k=1

Thus zp; > o PnkRE—1C = Op(jn?/P~1. Ifp < 1 — 1/, then p can be chosen so that
jn?/P=1 = o(n'/®¢(n)) for any slowly varying function . O

Lemma 8.4. Let H be a bounded continuously differentiable function on R such that H(z) =
O(z?) in a neighborhood of 0. If T\ satisfies (3.4), then
t—00

lim t*L~'(t)E[H (T} /t)] = a/ooo H(s)s™* 'ds.

Proof. Assume first that H has a compact support in (0, 00) and is continuously differentiable.
Then:

BUH(TL /1) = S H(E/OBT = k) = S H(K/O{B(T > k) — B(T > k — 1)}

k=1 k=1
= S"PB(T > k){H(k/t) — H((k - 1)/1)} = /Ooo P(T > |s]] + 1) H'(s/t) ds/t
k=1

oo

:/OOO(LSJ +1)=L([s] +1)H’(s/t)ds/t:/0 (ltz] + 1)=L([tz] + 1) H'(z) dz,

Since L is slowly varying, by Karamata’s Theorem, we know that lim; ,, L(t)"'L([tz] +1) = 1,
uniformly with respect to z in compact sets of (0,00). Thus, since we have assumed that H has
compact support in (0,00), we obtain

im t*L~! = oow_a "2)dx = « oox_a_l z)dz.
i 1° L7 (BT /0] = [ o @) de = o [ H(z)d

t—o00

To conclude, it is sufficient to prove that

i Tiomsup L (O E[H (T/D s a1 or 7<u/)] = 0. (83)
00 {—o00

This tightness property allows then to truncate the function H and apply the first part of the
proof. For any A > 0 and t large enough, applying the assumption on the behaviour of the
function H at zero, we have:

t/A t/A
E[H(T/t)1ircpyay] = Y H(E/OP(T =k) < Ct 2 K*P(T = k).
k=1 k=1
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Applying summation by parts and Karamata’s theorem, we obtain:

t/A t/A
Y P(T =k) =1+ P(T >n){k*— (k- 1)’} < CA* *L(At).
k=1 k=1

Thus, there exists a constant C such that:

limsupt® L~ (t) E[H(T/t)1{7<y/a] < CA*™? lim L(At)/L(t) = CA* 2.
t—00

t—00

Similarly, we can show that

limsupt® L' (t) E[H(T/t) {75 ay] < CA™* < CA*2,

t—00

This proves (8.3) and concludes the proof of Lemma 8.4. O

Lemma 8.5. Let j = j(n) be a sequence of integers such that n® < j < nPf for 0 < g < p < 1.
Then

n n
. —1 . _ _ . —1 . . _
P - nll)rgon Z cos(z;S;) =P nll)n(r)lon Zsm(m]Sk) =0, (8.4)
k=1 k=1
n n
T -1 20, @\ _ T -1 S20 oy
P nlggon ;cos (z;jSk) =P nll)nolon ;sm (xjSk) = 1/2. (8.5)

where P — lim denotes convergence in probability.

Note that (8.5) follows from (8.4) by the relation cos?(u) = (14 cos(2u))/2 and by replacing
j by 2j.
To prove Lemma 8.5, we use the following theorem, which adapts Theorem 2 in Yong (1971).

Theorem 8.1. Let T be a non negative integer valued random variable in the domain of attrac-
tion of an a-stable law with o € (1,2), such that P(T > k) = k~*L(k), where L is slowly varying
at infinity. Let ¢ be the characteristic function of T. Then, for z > 0, ¢(z) = 1—2%1(2)+ila(2)z
where £1 and Y9 are slowly varying at zero, positive in a neighborhood of zero and satisfy, for
some finite nonzero constant C'(«),

%i_r)r(l) 0 (z)/L(1/x) = C(a) and lim £y(z) = E[T] > 0.

z—0

We will use Theorem 8.1 through the following bound for the modulus of the characteristic
function of T

|p(2)]? <1 —20(2)2%, (8.6)

where £(z) = £1(z) — 3632% — 103(2)2>= is slowly varying and positive in a neighborhood of
7€ro.

29



Proof of Lemma 8.5. We prove that the convergence holds in L?. Write

n 2 n k—1
1
{EZCOS("EJS’“)} — Z]ECOS (zSk)] — ZZECOS z;Sy) cos(x;Sk)]
k=1 k=2 =1

n k-1

1 1

=0(n™)+ — Z E[cos (x;(S¢ + Sk)) + cos(z;(Sk — Sp))],
" k=2 (=1
1 n 2 1 n k—1
{; > Sin(ﬂﬂjsk)} =0(n™") + 2 > ) Elcos (;(Sk — Se)) — cos(;(Sk + Se))l.
k=1 k=2 (=1
Thus we have to show that
1 n k-1
nll)rgo 3 kZZ ; E[cos(z;(S¢ + Sk))] =0, (8.7)
n k-1
nll)rglo - Z ZECOS zj(Sk — Se))] = (8.8)
k=2 =1
Proof of (8.8). Applying (8.6), for large enough n, we have
n k-1 n k-1
nZZZECOS zi(Sk — Sw))]| < ZZ|¢ FR < = Z{l—%m] O‘}k/Z

k=2 k'=1 k=2 k'=1

For z € (0,1) and any real number ¢ > 1, (1 — z)=et1°8(1=2) < ¢~1% and

1—e —nz/2 1 efnz/Q

Z (1-2) Ze n(e/2 —1) =  nz/2

Hence:
1 & k—1 1" 1 b o 1= e—Z(:vj)mc?‘
—~ ;I;E[cos(x](sk — 5| < - ;{1 — 20(z;)z5} W (8.9)

Under the assumption on the sequence j, lim;,_, né(:z:j)m? = o0o. Thus the limit of the last
term in (8.9) is 0. This concludes the proof of (8.8).

Proof of (8.7). Since Sy, + S = 2S9+2(Ty + -+ -+ Tpr) + Ty 11 + - - - + Tk, and denoting ¢y the
characteristic function of Sy, we have

n k-1 n k-1
5 D0 S Bleos(as (St + Se)]| < 5 D3 Ido(2e) g2 o)
k=2k'=1 k=2k'=1
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Applying (8.6), for large enough n, we obtain:

n k-1 n k-1
% > ) Elcos(z(Sk + Sk))]| < % DO {1 = 20(2m;) (225) {1 — 20(z5) x5
k=2k'=1 k=2k'=1

Since for any slowly varying function L and any « > 0 the function z*L(z) is ultimately non
decreasing, we obtain, for n large enough:

1 n k-1 1 n
— D> Elcos(z;(Sk + S| < - D {1 = 20(zj)xg 2.
k=2k'=1 k=2
The same line of reasoning as previously concludes the proof of (8.8) and of Lemma 8.5. O

31



Figure 1: QQ Plots of the Normalized Fourier Cosine Coefficients A,/ f (wj)% for Parke process;
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Figure 2: QQ Plots of the Normalized Fourier Cosine Coefficients A,/ f (wj)% for Parke process;
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Figure 3: Scatterplots of Average Log Normalized Periodogram vs. log|2sin(z;/2)[;
j=1,2,...,4999 . Horizontal line represents —y = —0.577216 .
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Figure 4: Scatterplots of Average Log Periodogram vs. log |2sin(z;/2)|; j=1,2,...,4999
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Figure 5: Normal QQ Plots of Sample Autocorrelations for Taqqu-Levy Process, d=0.1
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Table 1: Simulation variances for normalized DFT cosine coefficients at frequency x; for Taqqu-
Levy Process, with normal-based 95% Confidence Intervals. o = 0.05. Intervals marked with
reject the null hypothesis, 02 = 0.5 .

‘ d ‘ zj Variance | Confidence Interval
0.1] nb2 0.54 0.48 0.62
n04 0.54 0.47 0.61
n0-6 0.49 0.44 0.56
n0-8 0.53 0.47  0.60
o 0.51 0.45 0.58
2 0.50 0.44 0.56
0.4 ] nd? 0.56 0.49 0.63
n0-4 0.55 0.49 0.62
n0-6 0.52 0.46  0.59
n0-8 0.55 0.49 0.63
22 0.55 0.48 0.62
21 0.58 0.51 0.66*

Table 2: Simulation variances for normalized DFT cosine coefficients at frequency x; for Parke
Process, with normal-based 95% Confidence Intervals. a = 0.05. Intervals marked with * reject
the null hypothesis, 02 = 0.5 .

‘ d ‘ zj Variance | Confidence Interval
0.1 nb2 0.66 0.58 0.75%
n04 0.54 0.48 0.61
n0-6 0.46 0.41 0.53
n0-8 0.51 0.45 0.58
o 0.49 0.44 0.56
2 0.46 0.41 0.53
04| nb2 0.47 0.42 0.54
n04 0.49 0.44 0.56
n0-6 0.46 0.41 0.53
n0-8 0.47 0.42 0.53
-2 0.54 0.48 0.62
21 0.52 0.46 0.59

37



References

[1] L. Breiman. On some limit theorems similar to the arc-sine law. Theory of Probability and
Applications, 10:323-331, 1965.

[2] W. W. Chen and C. M. Hurvich, Estimating fractional cointegration in the presence of
polynomial trends, Preprint, 2003. To appear in Journal of Econometrics.

[3] W. W. Chen and C. M. Hurvich, Semiparametric Estimation of Multivariate Fractional
Cointegration , Preprint, 2003. To appear in Journal of the American Statistical Association.

[4] Chung, C.-F. Sample Means, Sample Autocovariances, and Linear Regressions of Stationary
Multivariate Long Memory Processes. Econometric Theory 18 (2002), 51-78.

[5] Davis, R.A., and Mikosch, T. The sample autocorrelations of heavy-tailed processes with
applications to ARCH. Annals of Statistics 26 (1998), 2049-2080.

[6] Deo, R.S. and Hurvich, C.M. On the log periodogram regression estimator of the memory
parameter in long memory stochastic volatility models. Econometric Theory, 17, (2001),
686-710.

[7] P. Embrechts, C. Kliippelberg, and T. Mikosch. Modelling Extremal Events for Insurance
and Finance. Number 33 in Stochastic modelling and applied probability. Berlin, Springer,
1997.

[8] Geweke, J. and Porter-Hudak, S. The estimation and application of long memory time series
models. Journal of Time Series Analysis, 4, (1983), 221-238.

[9] V.V. Gorodeckii. On convergence to semi-stable Gaussian processes. Theory Prob. Appl.,
22(3):498-508, 1977.

[10] Granger C. W. J. and Joyeux R. (1980). An introduction to long memory time series and
fractional differencing. J. of Time Series Analysis, 1, 15-30.

[11] P. Hall and C.C. Heyde. Martingale limit theory and its application. Probability and
Mathematical Statistics. New York: Academic Press, 1980.

[12] Harvey, A. C. Long memory in stochastic volatility. In: Knight, J., Satchell, S. (Eds.),
Forecasting volatility in financial markets. Butterworth-Heinemann, London, 1998.

[13] J.R.M. Hosking. Fractional differencing. Biometrika 68, (1981), 165-176.

[14] Hurvich, C.M. and Beltrao, K. Asymptotics of the low-frequency ordinates of the peri-
odogram of a long-memory time series, J. of Time Series Analysis 14 (1993), 455-472.

[15] Hurvich, C.M., Deo, R.S., and Brodsky, J. The mean squared error of Geweke and Porter-
Hudak’s estimator of the memory parameter of a long-memory time series, J. of Time Series
Analysis 19 (1998), 19-46.

38



[16] Hurvich, C.M., Moulines, E. and Soulier, Ph. The FEXP Estimator for Potentially Non-
Stationary Linear Time Series. Stochastic Processes and their Applications 97 (2002), 307—
340.

[17] Hurvich, C.M. and Ph. Soulier. Testing for long memory in volatility. Fconometric Theory
18 (2002), 1291-1308.

[18] I.A. Ibragimov et Yu. V. Linnik. Independent and stationary sequences of random variables
Wolters, Groningen, 1971

[19] Kiinsch, H.R. Discrimination between monotonic trends and long-range dependence, J.
Applied Probability 23 (1986), 1025-1030.

[20] Kiinsch, H. R. Statistical aspects of self-similar processes. Proceedings of the World
Congress of the Bernoulli Society, Tashkent, Vol. 1, (1987), 67-74.

[21] Lahiri, S.N. A Necessary and Sufficient Condition for Asymptotic Independence of Discrete
Fourier Transforms Under Short- and Long-Range Dependence. Annals of Statistics, 31(2),
(2003).

[22] Lang, G. and Soulier, Ph. Convergence de mesures spectrales aléatoires et applications a
des principes d’invariance. Statistical Inference for Stochastic Processes, 3(1-2), p. 41-51,
(2000).

[23] Leipus, R. and Surgailis, D. Random coefficient autoregression, regime switching and long
memory. Advances in Applied Probability, 35 (2003), 737-754.

[24] Liu, M. Modeling long memory in stock market volatility. Journal of Econometrics 99
(2000), 139-171.

[25] T. Mikosch, S.I. Resnick, H. Rootzen, and A. Stegeman. Is network traffic approximated by
stable Levy motion or fractional Brownian motion? Annals of Applied Probability, 12:23-68,
2002.

[26] Parke, W.R. What is fractional integration? Review of Economics and Statistics 81 (1999),
632-638.

[27] Petrov, V. Limit theorems of probability theory. Oxford University Press, 1995.
[28] S. Resnick. Adventures in stochastic processes. Boston, Birkhauser, 1992.

[29] Robinson, P.M. Log-periodogram regression of time series with long range dependence.
Annals of Statistics 23 (1995a), 1043-1072.

[30] Robinson, P.M. Gaussian semiparametric estimation of long range dependence. Annals of
Statistics 24 (1995b), 1630-1661.

39



[31] Taqqu, M.S. Fractional Brownian motion and long-range dependence. Paul Doukhan,
Georges Oppenheim and Murad S. Taqqu, editors. Theory and Applications of Long-Range
Dependence Boston: Birkhauser, (2003).

[32] Taqqu, M.S. and Levy, J.B. Using Renewal Processes to Generate Long-Range Dependence
and High Variability. Dependence in Probability and Statistics, 73-89. Boston, Birkhauser,
1986.

[33] Terrin, N. and Hurvich, C.M. An Asymptotic Wiener-Ito Representation for the Low
Frequency Ordinates of the Periodogram of a Long Memory Time Series. Stochastic Processes
and their Applications 54, (1994), 297-307.

[34] Tuominen, P. and Tweedie, R. Subgeometric rates of convergence of f-ergodic Markov
Chains. Advances in Applied Probability 26 775-798, (1994).

[35] Velasco, C. Non-Gaussian log-periodogram regression Econometric Theory 16 (2000), 44—
79.

[36] Walker, A.M. Some results concerning the asymptotic Distribution of Sample Fourier
Transforms and Periodograms for a Discrete-Time Stationary Process with a Continuous
Spectrum. Journal of Time Series Analysis 21, (2000), 95-109.

[37] Willinger, W., Paxson, V., Riedi, R.H. and Taqqu, M.S. Long-range dependence and data
network traffic. Paul Doukhan, Georges Oppenheim and Murad S. Taqqu, editors. Theory
and Applications of Long-Range Dependence Boston: Birkhiuser, (2003).

[38] Yong, C.H. On the asymptotic behavior of trigonometric series. 1. Journal of Mathematical
Analysis and Applications 33, (1971), 23-34.

40



