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Autor egression-Based Estimatorsfor ARFIMA Models

John W. Galbraith', Victoria Zinde-Walsh*
Résumé/ Abstract

Nous décrivons une méthode d'estimation pour les paramétres des modeles
ARFIMA stationnaires ou non-stationnaires, basée sur |'approximation auto-
régressive. Nous démontrons que la procédure est consistante pour -2< d < 1, et
dans le cas stationnaire nous donnons une approximation Normale utilisable pour
inférence statistique. La méthode fonctionne bien en échantillon fini, et donne des
résultats comparables pour la plupart des valeurs du paramétre d, stationnaires ou
non. Il y a aussi des indications de robustesse a la mauvaise spécification du
modéle ARFIMA aestimer, et le calcul des estimations est smple.

This paper describes a parameter estimation method for both stationary
and non-stationary ARFIMA (p,d,q) models, based on autoregressive
approximation. We demonstrate consistency of the estimator for -2< d < 1, and
in the stationary case we provide a Normal approximation to the finite-sample
distribution which can be used for inference. The method provides good finite-
sample performance, comparable with that of ML, and stable performance across
a range of stationary and non-stationary values of the fractional differencing
parameter. In addition, it appears to be relatively robust to mis-specification of
the ARFIMA model to be estimated, and is computationally straightforward.
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1. Introduction

Long memory processes, and in particular models based on fractional integration
as in Granger and Joyeux (1980) and Hosking (1981), have come to play an increasing
role in time series analysis as longer time series have become available; financial time
series have yielded an especially large number of applications. There is a correspondingly
substantial literature on the estimation of such models, both in the frequency domain and
the time domain; these contributions can be further sub-divided into those which estimate
a fractional integration (FI) parameter jointly with the standard ARMA parameters of an
ARFIMA model, and those which estimate the FI parameter alone, leaving any ARMA or
other parameters for possible estimation in a second stage.

Important contributions to frequency-domain estimation of the FI parameter include
those of Geweke and Porter-Hudak (1983) and Robinson (1995). In the time domain,
Hosking (1981), Li and MacLeod (1986) and Haslett and Rafferty (1989) suggested esti-
mation strategies based on first-stage estimation of the long-memory parameter alone. A
potential finite-sample problem arises in processes that have a short-memory component,
which can lead to bias as the short-memory components project onto the long-memory
parameter in the first stage; see Agiakloglou et al. (1992) for a discussion of this bias in
the context of the Geweke and Porter-Hudak (hereafter GPH) estimator.

Sowell (1992a) and Tieslau et al. (1996) treat joint estimation of fractional inte-
gration and ARMA parameters, in the former case via Maximum Likelihood, and in the
latter via a minimum-distance estimator based on estimated autocorrelations and the the-

oretical autocorrelations for a given ARFIMA(p, d, ¢) process. Because they are based on
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autocorrelations, these methods require that the process be stationary, or (assuming prior
knowledge of the non-stationarity) be transformed to stationarity. Martin and Wilkins
(1999) use the indirect inference estimator, which uses simulation to obtain the function

to which distance is minimized.

The present paper offers an alternative estimation method for joint estimation of a
set of ARFIMA parameters which is applicable to both stationary and non-stationary pro-
cesses. The method is based on autoregressive approximation, as considered by Galbraith
and Zinde-Walsh (1994, 1997), and has several advantages in addition to ease of com-
putation. First, it offers stable performance across a range of stationary (including ‘anti-
persistent’) and non-stationary values of the long-memory parameter d, that is —% <d<1,
and therefore does not require prior knowledge of the non-stationarity or transformation to
the stationarity region. In general, the autoregressive method performs well in the finite-
sample cases that we examine, yielding root mean squared errors comparable with those of
exact time-domain ML in the cases for which that estimator is applicable. Perhaps most
importantly, this method appears to be relatively robust to mis-specification, being based
on AR approximations which can represent quite general processes. We offer simulation

evidence on each of these points.

In Section 2 we briefly review estimation of ARFIMA models in the time domain and
autoregressive approximation of ARFIMA processes, and present estimators based on this
approximation. Section 3 considers both asymptotic and finite-sample properties of this

estimation strategy, and Section 4 concludes.
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2. ARFIMA process representation and time-domain estimation

2.1 Assumptions and the autoregressive representation

Consider an ARFIMA(p, d, ¢) process, defined as
P(L)(1 - L)%; = Q(L)zy, (2.1.1)

where {y,}1_, is a set of observations on the process of interest and {s,}_, forms a station-
ary innovation sequence such that for the o— algebra F;_; generated by {e,, 7 < t—1},
E(e¢|Fi—1) = 0 as., E(e|Fi—1) = 0% > 0 as., and E(ef) < oo. Let P(L),Q(L) be polyno-
mials of degrees p and ¢, such that P(L) =1—pyL—...p,L?, Q(L) =1+6,L+...46,L9.
Assume that Q(L) has all roots outside the unit circle, so that the moving average part of

the process is invertible; we can then write
QL)' P(L)(1 — L)y, = &. (2.1.2)

We will assume also that Q(L) and P(L) have no common factors, and that the roots

of P(L) are outside the unit circle. However, we will consider non-stationarity arising

through values of d greater than %, and provide both analytic and simulation results for

those cases. We treat the process as having zero mean, although we will note below the
effect of using an estimated mean, and will use an estimated mean in simulation evaluation
of the estimator.

The term (1 — L)? may be expanded as

(1-Ly'=>" (Z)(—L)k = b L, (2.1.3)

0
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with bp = 1, by = —d, by = Ld(1 —d), b; = Yo, 4(j —1—d), j > 3. If |d] < }

1
2 27
then > 77, (Z)z < 00, and (2.1.3) defines a stationary process. For d > —7, (1 — L) is

invertible, and expression (2.1.2) can therefore be used to obtain the coefficients of the

infinite autoregressive representation of the ARFIMA process y :

(1= 8Ly, = e, (2.1.4)
=1

with 6; = b; — 3:1 0i0i—; + E§:1 pibi—;j and Y 67 < oo where |d| < 3.
2.2 Time-domain estimation

Time-domain estimators have been proposed by, among others, Hosking (1981), Li
and MacLeod (1986), Sowell (1992a) and Tieslau et al. (1996). The latter two allow joint
estimation of all ARFIMA parameters.

Sowell (1992a) gives an exact Maximum Likelihood algorithm for stationary ARFIMA
models with distinet roots in the AR polynomial. As Baillie (1996) notes, ML is computa-
tionally burdensome here, since substantial calculation (including 7" x T matrix inversion)
is required at each iteration of the numerical optimization. Below we compare the proper-
ties of exact ML with those of an estimator based on the coefficients of an autoregressive
approximation, analogous to the ARMA estimation methods of Saikkonen (1986) and Gal-
braith and Zinde-Walsh (1997). To obtain the estimator we will use estimators of the coef-
ficients of a long autoregression, and the autoregressive expansion of the ARFIMA(p, d, q)
model, to obtain the estimates of the long memory parameter d together with parameters
which characterize the “short memory” parts of the model. Below we will give a rule of
thumb, based on In(T), for lag length selection.
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Before defining the ARFIMA parameter estimators, we therefore begin by considering
three estimators for the coefficients of an autoregressive approximation, on which ARFIMA
estimates can later be based. Each of the three has the same asymptotic limit in the sta-
tionarity region.’ One of the three, the OLS estimator, can be used in the non-stationarity
region as well; for that reason OLS would be used in applications, where stationarity is not
normally known a priori to apply. However other estimators, in particular the Yule-Walker,
are convenient for obtaining theoretical properties in the stationarity region.

The OLS estimator aor g solves

1
dors = argmin (T)

Z (ye — q1ys—1 — -+ — Oékyt_k)z . (2.2.1)

The second estimator is the spectral estimator, asymptotic properties of which were
examined by Yajima (1992) for Gaussian errors. We denote it a,p; it follows from Yajima

(1992) that, in the present notation,

. : 1
oy = avsmin (1) [+ (0 = o = s = ann
. (2.2.2)
+ Z (yt —Q1Yt—1 — - — Oék:yt—k)2 .
t=k+1

The third is the Yule-Walker estimator. Define v; = E(y,y¢—;) and 4; =
ﬁzleﬁ_l Yiyi—j, B(k) as the k x k matrix with {3(k)};; = vji—;|, and f](k) as the

matrix with elements {f](k)}” = ¥}i—j|- The Yule-Walker estimator is then dyy,, which

!Each of course depends on the AR order parameter, k, but to simplify notation this

dependence will not be indicated explicitly.



solves
S(k)ayw = A(k), (2.2.3)

where (k) = (41,42, ... 3k ). Consider also the population analogue of (2.2.3),

S(k)a(k) = (k). (2.2.4)

where a(k) is the solution to the system.

The terms in the first-order conditions that dors and ag, solve differ from (2.2.3), for
dyw, by terms of order in probability at most O, (kT ~1); it follows that all of the estimators
above differ by at most O,(k*T~!).? Therefore each one has the same asymptotic limit
a(k), and the choice of k as O(InT) implies that all of the estimators have the same
asymptotic distributions. We will therefore use the notation @ to denote any one of these
estimators; no distinction among them need be made in considering asymptotic properties
of ARFIMA parameter estimators based on such autoregressive estimates, for —% <d< %
Below we use the Yule-Walker estimator in derivations for the stationary case; we use OLS
for derivations in non-stationary cases and in the Monte Carlo experiments reported in
subsection 3.3.

The values a(k) of (2.2.4) are related to the coeflicients of the infinite autoregressive

representation of the stationary ARFIMA process. If we denote by &1 ) the vector of

coefficients of the infinite autoregression (2.1.4), then that vector solves

3(00)01,00) = Y(00). (2.2.5)

2The only non-standard case here is that of —% < d < 0, where the eigenvalues of ©71

could grow at a rate as high as k~2%, as shown in Appendix A.
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Partition (5[’1 ooy @S ((5{1 R 5[lk—|—1 Oo)), and denote the top-right sub-matrix of ¥, parti-

tioned conformably, by Y141 o). Then

Sk 1) + Dlkt1,00)0[k+1,00) = Y(F),

and therefore
a(k) — 6[1,1@] = (Z(k))_lz[k+1’oo)(5[k+1’oo). (2.2.6)

Thus an autoregressive estimator of ¢f; 3} will include a deterministic bias represented

by (2.2.6). We demonstrate below that this bias goes to zero as k,T — oc.
2.3 ARFIMA parameter estimation

Now that we have introduced estimators of autoregressive coefficients for the ARFIMA
process, we can proceed to define estimators for the full set of ARFIMA parameters based
on any of the above estimators. We define the vector of all the parameters of ARFIMA
to be estimated by w = (d,p',8'), where p' = (p1,...,pp),0 = (61,...,08,). Let & be
any of the autoregressive coefficient estimators introduced above, and let é(w) denote the
vector containing the coefficients of the infinite autoregressive representation of the process,
viewed as functions of w.

We will examine a minimum-distance estimator of the form

s = argmin (@ — §(w))'Qa — §(w)), (2.2.7)

constructed using any of the estimators a of (2.2.1-2.2.3), where 6(w) is given explicitly in
(2.1.4); Q represents a k X k weighting matrix. In all simulations below, € is chosen as

the inverse of the estimated covariance matrix of a. The use of such a weighting matrix
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implies giving greater emphasis to the relatively precisely-estimated coefficients on lower
lags, which contributes to the efficiency of the estimator.?

It is the fact that this estimator uses autoregressive parameters, instead of autocorre-
lations, that allows its use for non-stationary processes.* Note finally that estimates can
be obtained for multiple specifications of an ARFIMA model from a single autoregressive
fit to the data, which is convenient in model selection (information criteria, for example,

can be computed based on the residuals from each of several models).

3. Properties and performance of the estimators

In this section we consider asymptotic and finite-sample properties of ARFIMA pa-
rameter estimates based on (2.2.7), obtained using any of the various preliminary autore-
gressive estimators (OLS, spectral, Yule-Walker) discussed in Section 2. We will also note
the corresponding properties of some of the existing ML, MDE and spectral estimators.

Maximum likelihood produces asymptotically Normal estimates of ARFIMA param-
eters which converge at the usual T: rate for stationary Gaussian processes (Dahlhaus

1989). The Quasi-MLE has this property as well for a range of assumptions on the error

3I1f Q = I, the k x k identity matrix, we have an unweighted form of the estimator. In
simulations we found substantial contributions to finite-sample efficiency from the use of
Q= cov(a)™!, and this form alone is used in the results presented below.

Tt is noteworthy that for the pure ARFIMA(0,d,0) case, an estimator can be based on
the first coefficient of the approximating AR model, since that first coefficient converges
to —d in this case, which corresponds to (2.1.3). This point has a parallel in the use of
the same estimator by Galbraith and Zinde-Walsh (1994) for the pure MA(1) model (and

also in the fact, noted by Tieslau et al., that a consistent estimator of d can be based on

the first autocorrelation; that is, d= ). The fact that the same estimate can serve

P1
(1+p1)
for either of two different models underlines, of course, the importance of model selection

in determining the character of the estimated representation.
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process; see Giraitis and Surgailis (1990). The MDE of Tieslau et al. converges at the
standard rate to an asymptotic normal distribution for d € (—3, 7); at d = ¢, convergence
is to the normal distribution at rate (%)%, and for d € (i, %) convergence is at rate
T(¢:=D and the limiting distribution is non-normal. For the Geweke and Porter-Hudak
estimator based on least squares estimates of a regression with dependent variable given
by the harmonic ordinates of the periodogram, and for a generalized version which discards
a number of lower frequencies, the asymptotic properties are obtained by Robinson (1995).
Asymptotic properties of the indirect inference estimator for long memory models (Martin
and Wilkins 1999) have not been established.

Before considering properties of ARFIMA parameter estimates based on autoregres-
sion, we examine the estimates @ of the autoregressive parameters themselves. In subsection
3.1 we show consistency of @ in both stationary and non-stationary cases, and show that
a Normal approximation to the asymptotic distribution can be used. Consistency and
distributional results for the estimates ws of the ARFIMA parameters are given in 3.2.

Simulation results describing Finite sample performance appear in 3.3.

3.1 Asymptotic properties of estimators a

The first set of results concerns consistency of the autoregressive parameter estimates,
from which parametric model parameter estimates are later deduced, in both stationary
and non-stationary cases. As noted above we use the Yule-Walker estimator for @ in the
stationary case; the same properties then hold for OLS and spectral estimates. Theorem 1
establishes that & is a consistent estimator of [y 3 as T — oo, k— oo in the stationarity

region; the cases 0 < d < % and —% < d < 0 (antipersistence) require somewhat different
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treatment. Theorem 2 establishes the result, using OLS, in the non-stationary case % <
d < 1. For d = 1, the process contains a unit root; see for example Phillips (1987) for
asymptotic results. For brevity we omit the case where d = % A proof of consistency can
be constructed similarly to that of Theorem 2, using the rates appropriate to the d = %

case.

Theorem 1. For d € (—%, %) and a(k) as defined in (2.2.4), ||a(k) — o1 gl = O(k|d|_%)
as k— oo. Under the assumptions in Section 2.1, for any v, e there exist k, T such that
Pr(|la(k) — 8yl >2) <v VT >T.

Proof: See Appendix A.

Next consider the nonstationary case % < d < 1. Shimotsu and Phillips (1999) discuss
two possible characterizations of non-stationary I(d) processes for % <d< % : one defines
y; as a partial sum of a stationary fractionally integrated process z;, so that y; = yo +

25:1 z;, while the other defines y; via the expansion of the function of the lag operator,

(yt—yo) = Ef;é (%) Fl(ffj)i) g¢—i. BEach leads to an expression of the form (1 —L)d(yt —yp) =
¢¢; Shimotsu and Phillips show that the essential difference lies in the fact that the first
definition involves the presence of pre-sample values. Here we treat y; as a partial sum
and assume that yo and all pre-sample values are zeroes; the same results would hold if we
assumed that max {y,; : t <0} = O,(1). Note that while Theorems 2 and 4 use the partial

sum representation, this estimator does not rely on differenced data in the non-stationary

case, so that a priori knowledge of the range in which d lies is not necessary.

Theorem 2. For d € (%, 1), let the differenced process zy = y¢ — y¢—1, t = 2,...,T, be a
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stationary ARFIMA process satisfying the assumptions of Section 2.1, with d' = 1—d < 0,
and let y_; =0 V2 >0. Then as T' — o0, k— oo,T%k — 0, we have

||a_51k||={0p<’f‘3d+‘3> if —)<d<?,
[1:4] 0,(k=)  ifd> 2.

b [ =

Proof: See Appendix B.

Next we characterize the asymptotic distributions of the estimators &(k) of ¢, in the
stationarity region, as T, k— oo.

For fixed k and —% <d< i, the estimator a(k) has an asymptotic Normal distribution
with the usual convergence rate of T and asymptotic mean of a(k) (Yajima 1992). For the
coefficients ¢ of the infinite autoregression, the difference a(k) — épy 5 can be represented
as the sum of (a(k) — a(k)) and (a(k) — ép1 41); the first of these terms has an asymptotic
Normal distribution, and the second goes to zero, by Theorem 1, as k— oo. The Normal
distribution can therefore be used for inference in large samples, for —% <d< i.

For i <d< %, the asymptotic distribution of &(k) is not Normal, but is related to
the Rosenblatt distribution; the convergence rate is non-standard (Yajima 1992), and if
an estimated mean is subtracted the asymptotic distribution changes. Nonetheless, we
can again represent (k) — &1 5 as a sum of two terms, one of which has an asymptotic
Normal distribution, and the second of which is a ‘correction’ term which can be made
arbitrarily small in probability as T, k— oo. This representation applies to all —% <d< %,
and is based on Hosking (1996), where asymptotic normality is established for differences

of sample covariances, for all stationary ARFIMA processes, under the conditions given in

Section 2.1. Hosking’s results apply to cases where the mean is estimated. Our method
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of proof uses sequential asymptotics, and thus does not provide an asymptotic Normal
distribution, but rather a Normal approximation to the finite-sample distribution for which
the covariance and closeness to the true distribution are governed by the choice of k for
sufficiently large T'. The result is therefore not in conflict with Yajima’s asymptotic result,
but nonetheless indicates that it is possible to conduct approximate inference using the

Normal distribution, for d in this range.

Theorem 3. Under the conditions of Theorem 1, the difference a(k) — ép ) can be repre-
sented as the sum ((k) 4+ n(k), where for any positive £, v there exists k sufficiently large
that Pr(||n(k)|| < &) > 1 — v, and Tz((k) has a limiting Normal distribution of the form
N0, W(k)).

Proof: See Appendix C. The asymptotic covariance matrix W (k) is given in the proof of

Theorem C in Appendix C.

As noted earlier, we suggest choosing & = O(In T'); a particular rule is given below.

Figure 1(a—d) illustrates the approximation provided by the Normal by depicting the
simulated densities of the first and second autoregressive coefficients in estimated AR
representations of ARFIMA(0,d,0) models, d = {0.4,0.5,0.7,0.9}, T = 100 (k = 8).
In each case the Normal approximation is very close to the true distribution of the AR
coeflicients; small but clearly discernible departures from the Normal are visible for larger
values of d, particularly near the means of the distributions. Note that these simulations
include values of d > 0.5, to which Theorem 3 does not apply; nonetheless the Normal

provides a reasonable finite-sample approximation.
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3.2 Asymptotic properties of estimators of ARFIMA parameters w

In order to discuss consistency of the ARFIMA parameter estimates ws given in (2.2.7)

above, we need an additional condition.

Condition 3.2. There exists a non-stochastic infinite-dimensional matrix II corresponding
to a bounded norm operator on the space Lo such that [ — II;|| — 0, where IIj, is the

k x k principal sub-matrix of II (convergence is in probability if €2 is stochastic).

If the estimator is used in unweighted form (€2 = I), then all of the matrices involved
are identity matrices and this condition is trivially satisfied. If the weighting matrix is
an inverse covariance matrix (known or estimated) of a stationary and invertible process,
then II corresponds to the Toeplitz form of the inverse process.

The next theorem shows that @ws is a consistent estimator of the true vector of parame-
ters wg, and Theorem 5 shows that the difference between the two can again be represented
as a sum of two terms, one with an asymptotically Normal distribution, and one which goes

to zero in probability as k,T— co. We denote the quadratic form (a — 6(w))'2(a — é(w))

by QT,k(&v w)'

Theorem 4. Under the conditions of Theorems 1 and 2 and condition 3.2, and where
T — oo, k— oo and T2k — 0, the minimum-distance estimator &5 is consistent for wy,
the true parameter vector of a correctly-specified ARFIMA model. The corresponding

distance function min Q7 (&, w) goes to zero in probability.

Proof: See Appendix C.
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Again 1t is possible to conduct inference using an approximate Normal distribution,

as Theorem 5 indicates.

Theorem 5. Under the conditions of Theorem 1, the difference &5 —w( can be represented

as the sum (k) + b(k) where for each k the correction term is

Ow Ow' Ow k),

k) — (86’(w0)986(w0)>_1 96" (wo)
with n(k) as given in Theorem 3, and T_%f(k) is asymptotically distributed as N(0, V(%))

as T — oo, for each k.

Proof: See Appendix C. The asymptotic covariance matrix V(k) is given in the proof.

3.3 Performance in finite samples

To investigate the performance of these estimators in small samples, we generate
simulated samples from a selection of ARFIMA(0, d,0), (1,d,0) and (1,d, 1) processes, and
compare the results by parameter root mean squared error (RMSE). ML and autoregressive
estimators, along with GPH in the (0,d,0) cases, are compared. In order to examine the
impact of mis-specification we consider several cases of (0, d, 0) models of (1, d, 0) processes;
in these cases performance is evaluated by the out-of-sample RMSE of 1-step forecasts.

In all of the following simulations, the mean is treated as unknown and the sam-
ple mean is removed from the process prior to ARFIMA parameter estimation. In the
frequency domain, removal of an estimated mean is not required; the zero frequency is
excluded. However, Cheung and Diebold (1994) show that feasible (i.e., with estimated
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mean) time-domain ML and frequency domain ML nonetheless perform similarly in mod-
erately large samples, and in fact that time-domain ML shows lower MSE in small samples.
Simulated fractional noise is obtained by transformation of (Gaussian) white noise using
the Cholesky decomposition of the exact covariance of the ARFIMA process, obtained
using the results of Chung (1994); see also Diebold and Rudebusch (1989). In each case
estimators are compared using the same sets of starting values (zero in (0, d, 0) cases; the
better of two alternatives is chosen in multiple-parameter cases). Optimization is per-
formed using the Powell algorithm. Throughout, we use the rule of thumb that AR lag
length can be chosen as 8 + 3ln(%), T > 100, rounded to the nearest integer. This rule
is approximately equivalent to 3ln(7') — 6; we express it in the former way to emphasize
T =100 as the ‘base’ sample size.

At least 1000 replications are used in each case, more in the (0,d,0) cases. For
multiple-parameter models we use a sample size of 100, in common with much of the
literature containing results on exact and approximate ML; the computational cost of the

repeated inversion of T'x T covariance matrices associated with ML becomes prohibitive for

simulation at large sample sizes. In the (0,d,0) cases we report results for ' = {100, 400}.

(i) ARFIMA(0,d,0)

We begin by comparing estimators in the pure fractionally-integrated case, which has
been the most thoroughly examined in the literature to date. Figure 2a/b plots the RMSE’s
from ML, GPH and the AR estimator, on the grid of values from d = —0.4 to d = 0.9 at an

interval of 0.1.° Both ML and AR show lower RMSE than GPH throughout the stationarity

®ML is computed only in the stationarity region where it can be obtained without prior
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and invertibility region and, for the AR estimator, this holds for the non-stationary values
considered as well. The AR estimator has lower RMSE than ML at moderate absolute
values of d, slightly higher RMSE at d = 0.3,0.4, and substantially higher at d = —0.4.
However, ML is constrained by the optimization algorithm to lie in d € (—0.5,0.5), whereas
AR is not constrained in this way, being usable outside this interval; ML therefore benefits
near -0.5 and 0.5 from being constrained to lie in a region around the true value which is
fairly tightly bounded on one side.

Qualitative results do not differ greatly between the two sample sizes of Figures 2a
and 2b. At T = 400, the RMSE of the AR estimator is almost completely insensitive to

the value of d, except at -0.4 where it rises to almost the value produced by GPH.

(ii) ARFIMA(1,d,0) and ARFIMA(1,d,1)

The first multiple-parameter cases that we consider are ARFIMA(1,d,0), a simple
model which allows short-run and long-run components. In these cases, one element of
the estimation error arises through the difficulty in discriminating these two components
at small sample sizes, since AR and fractional integration parameters can imply similar
patterns of autocorrelation for the first few lags. Table 1 gives results for a few cases
similar to the ARFIMA(1,d, 1) processes that we will address below: d = {—0.3,0.3} and

p=1{0.7,-0.2}.

knowledge of the need for differencing. The maximum number of periodogram ordinates
is included for GPH, which is optimal for this case in which there is no short memory

component.
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Table 1

RMSE’s of ARFIMA(1,d,0) parameter estimates
T = 100; 2000 replications (ML), 10000 replications (AR)

d p dar dyrr PAR PMIL
-0.3 0.7 0.266 0.186 0.287 0.195
-0.3 -0.2 0.110 0.120 0.137 0.139
0.3 0.7 0.179 0.237 0.150 0.116
0.3 -0.2 0.209 0.233 0.217 0.241

Neither estimator dominates in these examples; ML is markedly better at (-0.3, 0.7),
AR is better at (0.3, -0.2). The two are very similar at (-0.3, 0.2). For the case (0.3,
0.7), possibly the most interesting in combining positive d with positive short-memory
autocorrelation, d is better estimated by the AR estimator, and p by ML.

The ARFIMA(1, d, 1) parameterizations examined in Table 2 are those used by Chung
and Baillie (1993). Note that in each case the short-memory parameters p and 6 have the
same sign, so that the corresponding terms (1 —pL) and (1+6L) in the lag polynomials do
not approach cancellation; at p = 0.5,6 = —0.5, for example, cancellation would take place
and the apparent ARFIMA(1,d, 1) process would in fact be ARFIMA(0,d,0). In cases of
near-cancellation, the process may be well approximated by a process with substantially
different parameter values, but similar roots of the short-memory polynomials, leading to
difficulty in evaluating the estimates. Such cases are ruled out by parameter values such

as these.
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Table 2

RMSE’s of ARFIMA(1,d,1) parameter estimates
T = 100; 1000 replications (ML), 5000 replications (AR)

(d,p,0) dar dur PAR ML bar barz
(-0.3, 0.5, 0.2) 0.251 0.163 0.350 0.220 0.213 0.163
(-0.3, 0.2, 0.5) 0.207 0.151 0.295 0.237 0.152 0.154
(-0.3,-0.5,-0.2) 0.339 0.162 0.136 0.139 0.391 0.254
(-0.3,-0.2,-0.5) 0.333 0.179 0.183 0.173 0.291 0.250

(0,0.5,0.2) 0.285 0.298 0.307 0.235 0.198 0.154
(0,0.2,0.5) 0.291 0.285 0.332 0.313 0.144 0.139
( 0,—0.5,—0.2) 0.228 0.187 0.154 0.142 0.328 0.265
( 0,-0.2,-0.5) 0.243 0.263 0.220 0.202 0.384 0.381
(0.3, 0.5,0.2) 0.375 0.408 0.285 0.271 0.178 0.152
(0.3,0.2,0.5) 0.375 0.390 0.378 0.381 0.132 0.124
( 0.3,-0.5,-0.2) 0.231 0.209 0.156 0.149 0.324 0.285
( 0.3,-0.2,-0.5) 0.286 0.314 0.238 0.207 0.434 0.430

The RMSE’s of ML estimates are generally somewhat better than those reported by
Chung and Baillie for the approximate CSS estimator. The pattern of relative RMSE’s
for the AR and ML estimators is broadly similar to that observed in lower-order cases.
Neither estimator dominates; ML gives lower RMSE for d in seven of the twelve cases, AR
in five. Four of the cases in which ML is superior are the four cases with negative d, where
ML’s performance is markedly better. For non-negative values, performance of the two
for d is similar. In estimation of the short-memory parameters, ML shows an advantage
throughout the parameter space, although the differences in RMSE between the techniques

are usually quite small.
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(iii) mis-specified cases

In the final set of simulations we consider ML and AR estimates of d in processes that
are ARFIMA(1,d,1), but where the model used is ARFIMA(O, d,0). These results serve
to illustrate the point that the ARFIMA models estimators need not be seen as purely
‘parametric’ estimators, in the sense of depending crucially on a correct parameterization
of the process; this is true in particular of the AR estimator, where the autoregressive
structure which extracts statistical information from the data is capable of fitting a very
general class of processes, and for some purposes useful estimates can also be obtained from
mis-specified models. In this sense this estimator may be thought of as semi-parametric:
the long-memory component is captured via the parametric fractionally-integrated model
with parameter d, and the short-memory component via a variable number of AR (or
ARMA) terms, which may be increased with sample size to detect increasingly subtle

short-memory features as sample information accumulates.

In mis-specified cases the obvious criterion of evaluation, accuracy of parameter es-
timates, is not applicable; some parameters are missing, and in such cases it will typi-
cally be optimal to deviate from the ‘true’ values of parameters for some purposes. For
this exercise, we therefore evaluate the mis-specified models by the accuracy (RMSE)
of 1-step out-of-sample forecasts of the true process. We consider d = {—0.3,0.,0.3} and
(p,0) =1(0.7,0.5),(0.,0.),(0.2,0.2) }, for a total of nine cases (cases in which (p,8) = {(0,0)
are of course correctly specified, and are included for comparison). We again use T = 100
in each case, and noise variance is unity. Results are presented in Table 3. This small

set of results is of course not intended to be definitive, but to indicate the possibility that
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the flexible AR form may have advantages, for some purposes such as forecasting, where

model form is unknown.

Table 3

RMS Forecast Errors in ARFIMA(0,d,0) models
of ARFIMA(1,d,1) processes
T =100, 5000 replications

d o 9 AR ML
0.3 0. 0. 1.0026 1.0016
0. 0. 0. 1.0028 1.0036
0.3 0. 0. 1.0103 1.0103
0.3 0.2 0.2 1.0263 1.0262
0. 0.2 0.2 1.0265 1.0256
0.3 0.2 0.2 1.0280 1.0351
0.3 0.7 0.5 1.1378 1.1566
0. 0.7 0.5 1.1382 1.2728
0.3 0.7 0.5 1.1381 1.5823

In the correctly-specified comparison cases, these RMS forecast error results mirror
the parameter RMSE results of Figure 2a; ML is superior at d =-0.3, AR at d =0, and
the two are very close at d = 0.3. Where (p,6) = (0.2,0.2), ML produces slightly better
results at d = —0.3 and 0. However, the AR forecasts are substantially better at d = 0.3, a
phenomenon which appears more strongly at (p,6) = (0.7,0.5). In all of the latter cases, AR
estimates produce markedly better 1-step forecasts. Note that in cases such as these where
there is substantial autocorrelation from the short-memory parameters, the AR estimator
is able to compensate for the lack of short-memory components in the estimated model
by raising the estimate of d beyond what is possible for ML because of the stationarity
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requirement. Of course, time-domain ML forecasts with non-stationary values of d can
also be produced by imposing a differenced representation; however, to do so it is again
necessary to make a determination of an optimal degree of differencing, either a priori or

based on features of the data, which the AR estimator does not require.

4. Concluding remarks

Estimation of long-memory models by autoregressive approximation is feasible even
in quite small samples, and is consistent across a range of stationary and non-stationary
values of the long-memory parameter, so that estimation does not require knowledge of an
appropriate transformation to apply.

Autoregressive estimation, and model selection based on these estimates, is often
convenient in choosing starting values for techniques such as ML; estimation based on this
principle has been used for ARMA models as far back as Durbin (1960). While this is one
potential use of autoregressive estimates, such estimates seem to have desirable features
beyond their ability to produce good starting values quickly. Their relative insensitivity
to the stationarity of the process, and ability for a wide class of processes to provide an
arbitrarily good statistical approximation as sample size and order increase, make them
well suited to the treatment of processes of unknown form. This may be especially valuable
in economic data for which the ARFIMA class itself will typically be only an approximate

representation.
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old stuff
We also consider estimators that allow us to use Hosking’s (1996) results on asymp-
totic normality of the differences between sample covariances. An estimator with these
properties that is similar in form to ayyw can be constructed in the following way. We
define the vector v(k, —) = (v1 —7v2,v2 — 73, . - 7k — Vk+1) and its sample analogue (&, —),
and the matrix ¥(k, —) with typical element {3(k, —)}ij = Vi—j| —V)i=j+1|, and its sample

analogue S)(k, —). Define the estimator a(k, —) as the solution to
Sk, —)alk, =) = 4k, —), (2.2.5)
and let a(k, —) be the solution to
S(k,—)a(k,—) = v(k,—). (2.2.6)
As plim(a) is denoted by a(k), here a(k, —) = plim(a(k, —)).
An estimator with a simpler form was proposed by Hosking, who suggested that

ratios of differences of autocorrelations can be used. Indeed, consider the vector ap with
components

iy = P
Hp = ——
U R P
fore=1,..., k. This vector converges at rate T~z toits population analogue ay and has

O
L b

an asymptotically normal distribution for all d € (-5, 5
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Appendix A.

Proof of Theorem 1.
Consider the expression in (2.2.6).
For the norm of the left-hand-side vector we can write

la(k) = dunl| < [1=C) ] 1S 1k+1.0080+1.000 |

We begin by evaluating the norm of Y11 40)0(k+1,00)- Denote the j-th com-
ponent of this vector by s; where

o0
55 = Z'Y\Hi—j\(skﬂ; J=12, .k

i=1
Recall that we can bound |v,| and |§;| as follows:
7] < ¢,1?*" and |0y < ¢sl7%! for some ¢, c; > 0.

Then for —% < d < 0 we have

55 < ¢yes 3 (k= + ) (ki) < ek k= ),
i=1
where ¢ > 0 is some constant. The last inequality is obtained by noting that
Y (k=g )" is O((k — j)*).
For 0 < d < %,

sj <oy Y (k= j 42 (k+d) " < ek (k — 5)*,
=1

where ¢ > 0 is some constant. Here the last inequality similarly follows from
Yk +i) = 0(k™).

The norm of the vector with components s; is thus ||s|| = (Z?Zl s?) :
and

1

sl < (e 22528, ) = ok
2d—1

Isll < (k2 5, j142)" = 0(*5), it0<d < b

2d

7, if —1<d<0;

(A.1)
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Next consider ||X(k)7![|. It is well known that if all the eigenvalues of
(k) are greater than some ¢(k) > 0 then | S(k)~!|| < (o(k)) ™.

Consider the spectral density function associated with X; denote by f(x)
the spectral density multiplied by 27. Here

flx) =[P(e™)P(e™)]7H(2 — 2cos 2)Q(e™)Q(e™™).

The polynomials P, Q) with none of the roots on the unit circle are bounded
there from above and below, providing bounds on f(x);

Br(2—2cosz)™ < f(z) < By(2 — 2cosz) ™%

By Grenander and Szego (p.64) this implies that the eigenvalues associated
with 3 (k) are bounded from below by the eigenvalues associated with the
function fr(x) = Br(2 — 2cosx) 4.

In the case 0 < d < 5 the lower bound of f;,(z) is B;4~% it follows that

la(k) — o]l = O(k*72).

When d < 0 the lower bound of f7,(x) is zero. We use a different approach
to obtain a tighter bound for the eigenvalues of ¥ (k) from below and evaluate
the rate at which this lower bound goes to zero. To do this we use properties
of eigenvalues of symmetric matrices and of circulant matrices.

Property 1 (Separation Theorem; Wilkinson (1965), pp.103-104). If S, is
a symmetric matrix and is partitioned as

sn:[sn—l 3],

s' 1

then the eigenvalues \;(S,,_1) of S,_1 numbered in order of magnitude sepa-
rate the eigenvalues \;(S,) of Sy:

A1 (Sn) < A1 (Sne1) < Aa(Sh) < ol < AL(Sh).

Property 2 (Priestley(1981), p.261). If Cj is a circulant matrix (and also



a Hermitian Toeplitz matrix) of the form

(Y% Mot Yer e Vet |
Y1 Y Y1 Ye—1 Tk
: Yo 71

-’)/1 ) ) .« s . .« s . f)/l f)/O ]

then its eigenvalues (here not subscipted by order of magnitude) are given
by

2l
2k+1

k
MN(C) = Z yrexp(—iwr), where w; =
r=—k

(A.2)

We shall evaluate the eigenvalues of (k) by embedding this matrix in
a circulant C%. By Property 1 the smallest eigenvalue of (k) is bounded
from below by the smallest eigenvalue of Cy, which will be given by \;(C}) in
(A.2) for an appropriate w;, moreover, by applying the separation theorem
repeatedly we can see that the smallest eigenvalue of X (k) is bounded from
below by any of k smallest eigenvalues of CY.

The X\ (Cy) for large k is approximated by f(w;) = > 2 v,.exp(—iwr),
which without loss of generality we can assume to equal (1 —cos 22) =, more-
over for [ =1 we have that

A (Cy) — = -2 Z v, cos(wyr) > 0

r=k+1

by comparing magnitudes of groups of positive and negative terms in the
sum, thus

M(CY) > Flw) = (1— cos%”)d ~ O(k2),

where ~ indicates that \;(C}) declines at exactly the rate O(k*?). Next we
show that A (Cy) is among the k& smallest eigenvalues. Indeed, for any [

E ¥, cos(w;r)

r=k+1

[A(Cr) = flw)]| = = O(K*%).
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On the other hand, if g > [ > k% with aa < 1

2ml
flw) = (1 —cos T)—d ~ Ok

thus for large enough £ the corresponding A;(C) > A1 (Ck).
It follows that [|X(k)~Y| = O(k=2?). Combining this with (A.1) we get
that
la(k) = sl = O=472) = O(k=2).

Finally, for any v, e choose k such that Ha(k) - (5[1,k]“ < 5; then for that

value of k, by consistency of a for a(k) (Yajima, 1992), find 7" such that
Pr(|la — a(k)|| > ) < v for samples of size T' > T..

Appendix B.

We begin with a lemma which will be useful for the proof of Theorem 2.

Lemma B. Under the assumptions in Theorem 2

T
T2 "y} = 0,(1), but not 0,(1); (B.1)
t=k
[ o) if i <7,
Ezzy] — { O(Z ])Qd 24fi> 7 (B 2)

(B
E(ziyi-izjy;—1) = O(1) for i # j; (B
E(T7'Szm)% = 0(1); (B.
Tﬁlzzt,lyt = Op(l) (B
Proof.

For y; defined here as the partial sum of a stationary fractionally inte-
grated process y; = > .._, % it was shown by Shimotsu and Phillips (1999)
that the order of magnitude of y; is similar to that obtained when the process
is defined directly via the expansion of the operator (1 — L)*. Thus similarly

by Lemma 2.13 in Shimotsu and Phillips we have that Ey2 = O(T?%!) and
from Tanaka (1999) 7237 4?2 | converges in law to a functional of an
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integrated Brownian motion and is thus bounded in probability, which gives
(B.1).
Since y; is a partial sum of z where E(z;2;) = v,_;, we have that Ezy; =
7 71 Recall that v, for the process z is O(m?¥3); (B.2) follows.
Next we consider the MA representation z; = X3°¢,e;—; and recall that
£, = O(1%72), and that e has bounded fourth moments by the assumptions in
2.1. We can express

E(ZiBZiQQZiszizl) = B(e") 320 §€iv—in€iin—iaCimir—iat
(E(e)) 2 [Viy—inVig—is T Vir—is Vis—ia T Vis—is Vio—is)

- . Cd—2 . Cd—2 . S d—2 . 2 2d—3 . .
—O(|7,1—7,2| |21—7,3| |21—Z4| +|Zl—22| |Z3—Z4|
+ |Zl - i3|2d73 |Z2 - Z»4|2d73 + |Zl - Z»4|2d73 |Z2 - Z»3|2d73)‘

2d—3

for all different subscripts on z, and similarly
E(z2) = O(1); B(z}zizm) = O(j = 1" |j = m[**™).
Then (B.3) is obtained by expressing

J

E(Ziyj)2 = ZE ziz)t + QZ Z (2% 212m)
=1

=1 m=I+1

substituting the expectation for each term from the relation above and eval-
uating the orders. Note that it is terms E(z;27) that provide the largest
contribution to the sum.

A similar substitution into the expression

i—l j—1

E(ziyic12yj-1) = Z Z ZiZnZjZm

n=1 m=1

provides (B.4); note that this expression has no terms of the form E(z727).
The expression in (B.5) immediately follows and thus (B.6) follows by
Chebyshev’s inequality.

Proof of Theorem 2.
Consider the AR(o0) representation and write

Yo — Oyt — = Otk = O Opsitib—i t et =k+1,..T  (BY)

=1



Recall that y with a non-positive subscipt is zero, thus on the right-hand

side we have
t—k

Z Ok+ilYt—k—i + E¢;

i=1
denote this quantity, which represents the error in the k-th order AR repre-
sentation, by ;.

Compare the OLS estimator @' = (ay, ...ax) of the model

Yi = 01Yp—1 + -+ OpYi—k + Uy (B.8)
with the OLS estimator B, = (Bl, Bk) of

vy = XiB+w (B.9)
with X; = (Zt,yt—l) = (Zt—la ---Zt—k+1;yt—1)a ﬁl = (51; ﬁk)

We note that the one-to-one relation 61 = 8,+5,;0; = f,_,— 05, forl =2, ...,k
produces the same residuals in each model thus we get a; = ﬁk + ﬁl, a; =
B,y — B, for k > 1> 1. If we can establish that [ is a consistent estimator
of 3 consistency - of @ as an estimator of & will follow.

Consider (B.9); we can write

T “Lrr
= [Z X;Xt] [Z X,;ut] :
t=k t=k
Partition

T T T T
v .
I'= tg_k X, X, = ( o w ) with A = ;—k Z, Zy v = ;—k Zy1;w = ;—k yZ .

Define a diagonal k x k normalizing matrix A = diag(T"/?,...,T"/? T%); then

B T-14 T-1/2dy \ !
ATTIA = < T1/2-dyr p-2dy, > :

Since Z, is stationary and as was demonstrated for d = 1 —d < 0, the
covariance matrix for the process $(2) is such that |(2)7!|| = O(k=2%), it
can be shown from Lemma 3 of Berk (1974) that as T'— oo for k such that
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KT = 0, |(T7'A)~" = S(2) 7| = 0, (k7). From (B.6) T2 % = 0,(1);
and from (B.1) T=%%w = O,(1) and is bounded in probability away from zero.
Thus the inverse of the partitioned matrix is

(ST (4 o1) o)
AL A‘(opu) opu))'

Finally evaluate the order of terms in suitably normalized vector 3/_, X/u;.
We can 1gn0re the ; part in u; and need to concentrate on evaluating the
terms 7! Zt BT D " 8 riye_k_i Tor the subvector T~ ZtT:k Zluy of the
first K —1 components and T—2¢ ZtT:k Yi-1 Zf;’f_l O+ili—p—i for the kth com-
ponent.

Consider first 71 ZtT:k Zi—1 Zf;'f_l OpriVi—k—i for [ =1, ...,k — 1; denote
this by W (). Then W(l) = T1 ZZT:_IIC w; with w; = dpy; ZtT:,H_i 2t 1Yt h—i-
From (B.2)

T
Ew; = dp44 Z O(k +1i —1)2472 = O(k~ %171,

t=k+i

Using (B.3)
Ew? = O(k~272T7?).

And from (B.4) for i # j
Ewiwj = O(k_Zd_ZT).

Thus

T—k

E(T™") w;)® =0(k>"?)

i=1
and for each [

=171 Zwl = kd 1
Then
= (SW()*)? = O, (k~"?)

T
-1 !
E Ztut
t=k

and

Hzf k73d+3/2)‘

T
-1 !
E Zt’LLt
t=k




Finally

T T
T_2d25k+i Z Ye1Yi—k—i < T_de Of+i Z Vi = Op(k™%)

t=k+i t=k+i

and the statement of the Theorem obtains since k34432 < k=4 if d > 2 and
isZk_dfor%<d<%.

Appendix C.

Proof of Theorem 3.

Define for some 1 < n < T the matrix 3(—, k) = (k) — 4,4t/ and the
vector (—, k) = Y(k) — 4,¢, where ¢ is a vector of ones, and consider a(—, k)
that solves R

E(_a k)&(_a k) = PA}/(_: k)

Similarly defined matrices and vectors for the population quantities will
be denoted by the same symbols but without the “hats”. Also define D, =
T[4y — v — 4 — 7). To prove Theorem 3 we prove the following Theorem
that provides an explicit description of the asymptotics for the terms ((k) =
a(—, k) — a(—, k) and a bound for ||a(—, k) — 61| -

Theorem C. Under the conditions of Theorem 3 as T — oo for any fixed
k,n the limiting distribution of T=(a(—, k) —a(—, k)) is multivariate normal
with mean 0 and covariance matriz W (k) = X(—, k) PAMA'S(—, k)~*. The
k x (k+ 1) matriz A has elements

ai—j+ag; for 1<4,5 < kyi# 7,
{A}U = ag9; — 1 for i = j, (Cl)
1—Xa, for j =k +1,

where a; are the components of the vector a(—, k) for 1 <1<k and ag =1,
a =0,if | <0. The (k+1) x (k+ 1) matriz M is the limit covariance
matrix of the vector G with the lth component G, = Dy for | = 1,2...k and
Gri1 =D, for | =k +1; its elements are

{M}i; = limcov(Dyy, D))
=13 (Vs = Voom = Vot + Veoemat)® + £(Yo — V) (Yo — W1)



nifi=k+1 ,l:{nlf]:k—i_l ; k the kurtosis of {&;}

with m = { 1 otherwise J otherwise
of (2.1.1). In addition, as k — co,n — 00

O(n* k%) if 0 < d < &
la(=, k) = o | = { O~k if —L<d =0,

and thus Ha(—,k) — 6[LHH — 0 as k — oo for —% <d<0,andfor0<d< %
if n=0(k*) for any a > I—LZd‘
Proof.

Consider

N

r (&(_7 k) - a’(_v k)) = i(_a k)71T§ﬁ/(_7 k) - i(_v k)a’(_v k)]

This equals
S(=, k)T TR (=, k) = S(=, k)a(—, k)] (C.2)
(=, k)t = B, k) T A (=, k) = (=, k)a(—, k).

Examine the following factor in the terms in (C.2)

where D; = T[4, — 7o — 9, — 7], as defined (in slightly different notation)
by Hosking (1996). His Theorem 5 implies that as T — oo for any fixed m
the vector D' = (D1, Ds, ..., Dp,) has as a limiting distribution a multivariate
normal with mean zero and covariances given by

o0

. 1
limeov(Dyn, Do) = > | (% = Vomm = Yoot + Vomms) + 5 (%0 = 7m) (Yo = %)
where £ is the kurtosis of {¢;} of (2.1.1). This result holds for any —1 < d < §
(Hosking, p.273) under the assumptions of Theorem C.

Next note that the element Tz {3(—, k) — X(—, k)}ij is Dy, — Dj;_j;). Con-
sider the vector A(—) with elements {A(—)}; = D,, — D;, the matrix Q(—)

9



with {Q(—)}ij = Dn — Dji—j. Then the vector A(—) — Q(—)a(—, k) can be
rewritten as AG, where the elements of A are given in (C.1) and the vector G
is defined in the statement of Theorem C. Thus T2 [§(—, k) — 3 (—, k)a(—, k)]
has a multivariate normal limit distribution with mean 0 and covariance
matrix AV A’

To deal with the second term in (C.2) examine

From Lemma 3 of Berk (1974)

i(_a k)il - E(_a k)il

S(— k)= B(—, k)| < Op(kT2)

and the second term goes to zero in probability.

Thus for fixed k, T2 [a(—, k) — a(—, k)] has a limiting normal distribution
with mean zero and covariance X(—, k) "'AVAS(—, k).

Next to evaluate the norm of the difference ||a(—, k) — J]|| express

S(= ka(=k) = (B(k) = vt )a(= k) = 7(k) = v, = E(k)a(k) = v,e.

We can write

a(—, k) = (S(k) = yu) " S(k)a(k) — (B(k) = 7,0') " vyt

From the proof of Theorem 1 recall that ||3(k) || is bounded if d > 0 and
is O(k~2%) if d < 0; we also know that ~, = O(n?*1). Thus ||S(k) 1y,c/|| is
O(n?*=1k'2) for d > 0 and O(n~'k'/?) for d < 0. Set n to grow faster than
max{km, k'/2}; then ||X(k)~'v, 0| = o(1) and we can expand

(I = S(k) ) = T+ S(k) 0+ O(|Z (k) e[|
It follows that
a(— k) — a(k) = S(k) " yulalk) — (k) e + oS (k) y,ed|]);

lla(—, k) — a(k)|| is thus O(k'/?n??=1) or O(n='k'/?). Using the results in The-
orem 1 we get that ||a(—, k) — d]] is O(k%n?? 1) or O(k~%n~!) correspondingly.
This proves Theorem C.

To conclude the proof of Theorem 3 we need to consider a(—, k) — a(k);

we have from the definitions of a(—, k), a(k)



Consider for T selecting k = O(InT), n = T for some 1/2 > v > 0. (The
selection of n does not depend on d.) Then from e.g. Hosking (1996), Theo-
rem 4 it follows that 4, = O,(n?**~) and thus for large enough 7" evalution
of the right-hand side of (C.3) provides

la(—, &) — a(k)|| = O, (TP¢=D¥InT);
also from Theorem C
la(=, k) — 8]| = o(T 4=V inT);

thus [|a(—, k) — a(k)|| +||la(—, k) — §||] can be made smaller than & in prob-
ability by an appropriate choice of T'; for the corresponding & define n(k) =
a(k) —a(—,k) + a(—, k) — ¢; define ((k) = a(—,k) — a(—, k). Theorem C
provides the limit normal distribution for {(k) and ||n(k)|| < € in probability.
This concludes the proof of Theorem 3.

Proof of Theorem 4.

Under the assumptions of Theorems 1 and 2 and the assumption on €
and for k,T — oo so that a(k) —, 0(wo)nk, Qr satisfies the conditions
of Theorem 4.1.1 (Amemiya, 1985). Indeed, recall that the parameter vec-
tor w is defined on a bounded set corresponding to the stationarity con-
straints under Theorem 1 and with 1/2 < d < 1 under Theorem 2; we can
consider the closure of this set. The function Q7 (&,w) converges in prob-
ability uniformly over all w to a nonstochastic function Q(0(wp),w) since
|a — §(wo)|| = 0,(k~%) with o > 0 defined for the different processes in The-
orem 1 and Theorem 2. For an ARFIMA process with the coefficients of the
infinite autoregression given in 2.1 it is easy to see that minQ(d(wp),w) =0
if w = wp and is positive otherwise. Since minQr(&,w) —, minQ(d(wo),w)
the theorem follows.

Proof of Theorem 5.

Consider the first-order condition for the minimization of Q7 x(a,w) :

0 (w)'

—2 Ow

(@ — 8(w)) = 0.

Note that this condition holds at @ = 0(wg), w = wy. Suppose that some
a, @ solve the first-order condition. From Theorem 4 it follows that for
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any neighbourhood U(d(wp),wp) there exist large enough k,T such that
Pr((a,w) € U(d(wp),wp)) is close to 1.

Then by the Implicit Function Theorem in the neighbourhood U (d(wy), wo)
of (0(wp),wp) we have

~ ~ Ow(wo) . )
05 —wo = =@ = 6(wo)) + 0,(@ — d(wo))
with
awa(;u()) - {‘282%23)9(& — 3(wo)) + 265'6(:)”0)95(;%)] ) {_2%9} |

Substituting a(k) — §(w) = ((k) + n(k) from Theorem 3 we get that
w5 —wo = &(k) + b(k),

! -1 !
where b = [Wﬂk%] [%Hk] n(k) and £(k) has a limiting normal

distribution as 1" — oo with the asymptotic covariance matrix

V(k) = (35;;50)98%(;0)) aéégo>gw(k)gafsago> <a(s;)(;uo)gaaa(§o)> |
(C.4)
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Figure 1a:
Empirical density of first two AR coefficients vs. Normals
T=100, d=0.4, k=8
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Figure 1c:
Empirical density of first two AR coefficients vs. Normals
T=100, d=0.7, k=8
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Figure 1b:
Empirical density of first two AR coefficients vs. Normals
T=100, d=0.5, k=8
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Figure 1d:
Empirical density of first two AR coefficients vs. Normals
T=100, d=0.9, k=8
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Figure 1e:
Empirical density of first two AR coefficients vs. Normals
T=400, d=0.4, k=12
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Figure 1g:
Empirical density of first two AR caoefficients vs. Normals
T=400, d=0.7, k=12
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Figure 1f:
Empirical density of first two AR coefficients vs. Normals
T=400, d=0.5, k=12
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Figure Th:
Empirical density of first two AR coefficients vs. Normals
T=400, d=0.9, k=12
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