%‘““‘“\N Ag Econ sxes
/‘ RESEARCH IN AGRICUITURAL & APPLIED ECONOMICS

The World’s Largest Open Access Agricultural & Applied Economics Digital Library

This document is discoverable and free to researchers across the
globe due to the work of AgEcon Search.

Help ensure our sustainability.

Give to AgEcon Search

AgEcon Search
http://ageconsearch.umn.edu

aesearch@umn.edu

Papers downloaded from AgEcon Search may be used for non-commercial purposes and personal study only.
No other use, including posting to another Internet site, is permitted without permission from the copyright
owner (not AgEcon Search), or as allowed under the provisions of Fair Use, U.S. Copyright Act, Title 17 U.S.C.

No endorsement of AgEcon Search or its fundraising activities by the author(s) of the following work or their
employer(s) is intended or implied.


https://shorturl.at/nIvhR
mailto:aesearch@umn.edu
http://ageconsearch.umn.edu/

MULTI-STEP ESTIMATION FOR FORECASTING

Michael P. Clements and David F. Hendry

No.447

WARWICK ECONOMIC RESEARCH PAPERS

O

WAKW/I CK DEPARTMENT OF ECONOMICS




MULTI-STEP ESTIMATION FOR FORECASTING

Michael P. Clements* and David F. Hendry**

No.447
January 1996
* Department of Economics ** Nuffield College
University of Warwick Oxford
Coventry CV4 7AL OX1 3NF

This paper is circulated for discussion purposes only and its contents
should be considered preliminary.



Multi-Step Estimation for Forecasting

Michael P. Clements and David F. Hendry*
Department of Economics, Nuffield College,
University of Warwick Oxford.

January 16, 1996

Abstract

We delineate conditions which favour multi-step, or dynamic, estimation for multi-step
forecasting. An analytical example shows how dynamic estimation (DE) may accomodate
incorrectly-specified models as the forecast lead alters, improving forecast peformance for some
mis-specifications. However, in correctly-specified models, reducing finite-sample biases does not
Jjustify DE. In a Monte Carlo forecasting study for integrated processes, estimating a unit root in the
presence of a neglected negative moving-average error may favour DE, though other solutions exist
to that scenario. A second Monte Carlo study obtains the estimator biases and explains these using
asymptotic approximations.

1 Introduction

Minimizing multi-step (in-sample) criteria for estimating unknown parameters has a long pedigree, al-
though the method does not seem to have been subject to many formal analyses (see e.g. Klein, 1971).
Cox (1961) applied this idea to the exponentially-weighted moving average (EWMA) or integrated
moving-average IMA(1,1) model, and Findley (1983) and Weiss (1991) among others considered multi-
step estimation criteria for autoregressive (AR) models. The intuition is that when a model is not well
specified, minimization of /-step errors need not deliver reliable forecasts at longer lead times, so es-
timation by minimizing the in-sample counterpart of the desired step-ahead horizon may yield better
forecasts.

When models are mis-specified for the data generation process (DGP), mean-square forecast error
(MSFE(h)) rankings can alter as the forecast horizon % increases. Indeed, a necessary condition for such
aresult in large samples is that the models under consideration are mis-specified.! This implication de-
pends only on the DGP providing the correct conditional expectation, which is the minimum MSFE
predictor. As it is not possible to prove that I-step estimation is optimal when models are mis-specified,
multi-step, or dynamic, estimation (DE, also called ‘adaptive forecasting’: Tsay, 1993, and Lin and Tsay,
1995) could improve multi-period forecast accuracy.

Here, we investigate model mis-specifications which may sustain DE. Empirical studies have been
used by some authors (e.g. Lin and Tsay, 1995) to gauge the practical usefulness of DE, from which
it is difficult to deduce precisely which characteristics are responsible for the outcomes. We consider a
simple analytic example to illustrate some of the issues involved, before presenting a Monte Carlo study
to identify features which might favour DE for multi-period forecasting.

The basic formulation is as follows. Consider an h-period ahead forecast from a vector autoregres-
sion (VAR) for the n variables x;:

Xt = Tx 1+ € (1

*Financial support from the UK Economic and Social Research Council under grant R000233447 is gratefully acknow-
ledged by both authors. Thanks to Agustin Maravall and Grayham Mizon for helpful discussions.

! However, mis-specification is not sufficient for reversals of forecast-accuracy ranking to occur, since model selection
based on MSFE is not invariant under linear transformations when h > 1: Clements and Hendry (1993a).
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where we only specify that E[e;] = 0. h-periods ahead from an end-of-sample point 7°:

h—1

x74h = Yhxr 4 Z Yierihoi. (2
=0

A corresponding forecast is made, either from a ‘powered-up’ I-step parameter estimator or using an
h-step estimator. The 7-step estimator is defined by:

T
¥ = argmin Z (% — Yxeoy) (% — Yx1)
T |i=1

T T -1
=D xx}_y (Z xt_lxé_l) . 3)
t=1 t=1

with forecasts given by:

~

iT+h = ThXT (4)

and with average conditional error:

E[x74n — X741 | X7] = (Th -E [Y‘h]) X7 )

The h-step estimator is defined by:

> (= (1) mcn) (- (X))

t=1

Yh = argmin

T T -1
= Z XXy p, (Z xt—hx;—h) (6)
(x) =

so that using the h-step estimator of the ‘powered-up’ parameter directly:

iT+h = ThXT, (N

with average conditional error:
E[xrin — Xrgn | x7] = (Th ~E [T"]) XT. ®)

The relative accuracy of the multi-step forecast procedure (7) compared to (4) is determined by that of
the powered estimate versus the estimated power. When Y is badly biased for Y, powered estimated
values will deviate increasingly from the powered ‘true’ values, in which case, direct estimation of Y"
may have potential. Alternatively, when:

E[x741 | x7] = ¥x7,

but:
E[xr4n | x7] # ¥Pxr,

powering up U may prove a poor strategy, no matter how precisely it is estimated.

However, the issue is more subtle than this. First, in stationary processes, dynamic mis-specification
per se is not sufficient to ensure poor multi-step forecasts since I-step estimation of Y in (1) yields the
least-squares approximation and h-step forecasts converge on the unconditional expectation with Y
tending to zero. Since increasing divergence from powered estimates (that did not accidentally capture
unit roots) seems unlikely, we will focus on integrated processes.

Secondly, when €; ~ IN,,(0, ), finite-sample biases are unlikely to be large enough to offset the
inefficiency of DE (see section 5). Thus, mis-specification seems required, so we consider the third pos-
sibility of unmodelled moving-average (MA) errors in the DGP, such that in (1):

€ =0(L)¢;, where (;~IN,(0,X),
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L denotes the lag operator, and 8 = I,,. When 8(L) = 1,, + 6, L:
Elxry1 | x7] = )7 + 01E[(7 | x7] = (X + 6, A) x7 = Ux7,
where E[(; | x;] = Axy, but:
E[xz4n | x7] = X'x7 + YP10E[¢r | x7) = Y1 (X + 6:A) x7 = Y1 Txr.

Defining:
E [xT+h [ XT] = \I’th

then ¥, = " only if @(L) = I,,, in which case ¥ = Y. (5) and (8) remain intact upon replacing Y
by ¥, but E[\ifh] # Wy This analysis suggests it is worth examining whether the substantive biases
due to the interaction between estimated unit roots and neglected negative MA errors discussed by (inter
alia) Molinas (1986) and Schwert (1989) could justify DE over I-step estimation. Such transpires to be
the case, but we also consider other solutions to that cause of mis-specification, including using I-step
instrumental-variables (IV) estimators following Hall (1989) .

The plan of the paper is as follows. Section 2 describes the relationships between estimation criteria
and forecast evaluation. Section 3 outlines a simplified version of the forecast-error taxonomy of Cle-
ments and Hendry (1995¢, 1995b) to delineate the roles of estimation and model mis-specification for
I-step and DE. Section 4 analyses the application of DE in a simple setting. Section 5 shows that for cor-
rectly specified models, there is little finite-sample bias reduction from 2-step estimation versus squaring
the 1-step estimator in a first-order AR. Section 6 reports the Monte Carlo forecasting study, showing that
neglected moving-average errors have relatively benign effects on medium-term forecast performance
using OLS, except in the presence of unit roots, parallelling the poor performance of unit-root tests in
this situation. In section 7, we consider the IV estimator of Hall (1989) and a hybrid IV multi-step estim-
ator. Their asymptotic distributions are derived for h-step forecasts, together with a Monte Carlo study.
Section 8 concludes.

2 Estimation and evaluation criteria

Granger (1993) suggests that, at least asymptotically, the criterion used to evaluate forecasts (Cr) should
also be used to estimate the parameters of the forecasting model (Cg). In the context of assessing multi-
step forecasts, Weiss (1991) shows that (in large samples) parameter estimation based on minimizing
squared in-sample h-step forecast errors is optimal if Cg is a squared-error loss function defined over
h-step forecast errors. His proof assumes stationarity, and the Monte Carlo evidence of the small-sample
performance of DE in stationary DGPs indicates that OLS is generally as good as DE. Stoica and Ne-
horai (1989) give similar asymptotic results for ARMA processes, and their Monte Carlo also shows
small gains from DE (a possible exception being when the model is ‘under-parameterized’ for the DGP).2
They conjecture that EWMA schemes may yield gains from DE because the processes to be predicted
are higher order than an IMA(1,1) model. More recently, Tsay (1993) and Lin and Tsay (1995) offer an
upbeat assessment based on empirical studies. Weiss (1995) explores procedures which base estimation
on the forecast criterion function for a variety of forecast criteria, such as asymmetric quadratic loss: also
see Christoffersen and Diebold (1994).

We consider the gains (if any) from matching estimation and evaluation criteria, taking Cr as the
MSFE loss function. Unfortunately, rankings by such Cz-measures, for a given Cg, depend on the se-
lected linear transformations of the Cr arguments (levels, differences, etc.), so a different DE is needed
in each instance, as well as reporting findings for each different measure: see section 4.

% Based on simulating an ARMA(2,2) DGP and an AR(1) model.
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3 A partial taxonomy of forecast errors

Consider a forecast for a vector of variables x; at horizon h from an estimated model M based on the
conditional expectation with respect to the model where the information set is Z;:3

Xm,7+h = Em X748 | Z1],

Typically M will contain unknown parameters, ®, which need to be estimated, so a complete description
of the forecast generation process will require both the specification of the model and the estimation
criterion Cg. Using estimates ®, the operational forecast errors are:

UTih = XTh — XM T+h-

To contrast /-step and multi-step estimation, we consider the special case of the forecast-error taxonomy
in Clements and Hendry (1995b) where the DGP is constant with accurate initial conditions x7. The
degree of integration of the data, and whether unit roots are imposed or estimated, also matters: see Cle-
ments and Hendry (1995a) and Lin and Tsay (1995).
The issues are most easily seen in a first-order univariate AR model with an intercept when the DGP
is the ARMA(1,q):
tryn = T+ Yoryp—1 +vryn
h=1 h-1 9)
= E T'r + Tth + Z TzVT+h_,’

=0 =0
where v; = 6 (L) (; and {; ~ IN(0, 0%). M is:
Mz =7+ Tpzeg +

s0® = (7, : Tp). Weallow 7, # 7 and T, # T, because (L) # 1 but v, is treated as white noise.
The I-step parameter estimates (7, : T,) yield the h-step ahead forecasts:

h—1
Eryn = Z T;,’f'p + TZwT. (10)
=0

From (9) and (10), the A-step ahead forecast errors are:

h—1 h~—1
pran =Y [T = Tir] + (X0 = T8) 2r + 3 Tivrgns. (1)
=0 =0

Denote deviations between sample estimates and population parameters by 6, = 7, — 7, and éy =
Tp — Tp. We neglect powers of and interactions between 6, and additional finite-sample biases in 7,
and T, around their plims, using the approximation:

Ti = (T, +8r) = T4 +iTi 8y = TL + €,

to obtain: o ' ' _
Tif, m (Th +C:) (1 + 6,) = Ty + Ciry + 1o,

so using P24 T = (1 — T*)/(1 = T) = YT (similarly for T, and C), the first term in (11) is:

hz_:l [T (= 1) + (T = T5) 75— (Cirp + T4, )| = T2 (7 = 7)o+ (X2 = ¥2) 7= (Cor, + 126,
1=0
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Table 1 Forecast-error taxonomy for /-step estimation

Dryn o~ (T“ — T;) T + ('I'h — T;}) z7 slope mis-specification

+ YT*(r-1p) intercept mis-specification
— C¢rp — Crar slope estimation
- Ypér intercept estimation
h—1
+ Z TiZ/T+ Bt error accumulation.
1=0

The term multiplied by z7 is approximated by:
(Th - 'i‘g) T = (Th - TZ) TT + ('I'Z — 'fg) T ('I‘h — T;}) z7 — Cha.

This leads to the decomposition in table 1.

Conditional on z, the first two rows only have bias effects, whereas the remaining rows affect fore-
cast error variances.

Consider the alternative of estimating 7, = Y""=! T%7 = Y%7 and T = T" by DE in:

zi = 7h + Thze—p + us,

and forecasting by: .
Er4n =Th+ Ther. (12)

From (9) and (12), the h-step ahead forecast error is:

h—1
Uren = (Th —Th) + (Th - Th) zr+ Y Yurini. (13)
=0
Denote deviations between multi-step sample estimates and population parameters by A, = 7, — 7} and
Ay = T — T}, and neglect powers of A and finite-sample biases in 77, and Y}, around their plims 7
and Y7 . Then, the corresponding forecast-error taxonomy for DE is shown in table 2.

Table 2 Forecast-error taxonomy for multi-step estimation

pryn ~ (YTh—T})zr slope mis-specification
+ (mm~17) intercept mis-specification
-  Arzr slope estimation
- A intercept estimation

h—1
+ Z Y'vryn—; error accumulation.
=0

Only the last row is in common with table 1, and there are no interactions between slope and intercept
as in table 1: any of the remaining terms could be larger or smaller in mean and/or variance.

The example in section 4 extends this analysis to show that DE may even change the implicit model
class; the Monte Carlo in section 6 calculates the relative magnitudes of the mis-specification and estim-
ation effects for a number of examples.

% In some states of nature it may be desirable to ‘correct’ the conditional expectation: see Clements and Hendry (1994a,
1995¢) and Hendry and Clements (1994b, 1994a).
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4 An analytical example

Clements and Hendry (1993b) illustrate switches in forecast-accuracy rankings across forecast horizons

between models on one MSFE measure yet not on another when parameter values are known. Here the

additional impact of parameter estimation is discussed, using both 7-step and 2-step estimation criteria.
Suppose we use an AR model when the DGP is an MA process.* The DGP and model are:

Mo: y: = € + 0e;_1, where ¢ ~ IN (0, 052) , (14)

and:
M1y = pys_1 + v where v ~ IN (0,03)

where o denotes ‘is hypothesized to be distributed as’. We consider four alternative strategies for 2-

step forecasting, namely, estimating the My parameter using I-step and 2-step error minimization, and
predicting levels or changes.

4.1 1-step minimization for levels

First, 1-step in-sample fitting of the model in levels yields §:

T a9 a5
p=argmin Y (v~ pye)’ = 3 weva/ 3 v as
=1 t=1 =1

as the scalar version of (3). To a first approximation:

0
E 5] ~ arem = (16)

Then forecasts of y7.2 from M; are given by:

I142 = pyr.

Since both estimation criterion and forecast horizon affect the outcome, we denote MSFEs by (e.g.)
MSF Eﬁf , where the superscripts denote predicting the differences (A, using L for levels) 2-steps ahead,
and subscripts denote estimation to minimize errors in levels (L) I-steps ahead. Then for b = 2:

E (9742 | yr] = E 3] yr = pPyr
so that: ,
MSFEL =€ |(yrsa = #or) Tur| = (14+2) o2+ (V [3%] 4 %) .
4.2 2-step minimization for levels

The second strategy is to write the model as:

Yt = P*Yt—z + Ve + pri—1 = dY—a + v
and estimate ¢ by minimizing 2-step errors in levels (cf. (6)):

T

T T
¢= arg;ninZ(yt - ¢yt—2)2 = Zytyt—z/
=1 =

Yi_g (17)
t=1 t=1

* This is an adaptation of an example which originates in Baillie (1993), Newbold (1993) and Clements and Hendry (1993c),
where the focus is on the dependence of forecast-accuracy rankings of mis-specified models on the horizon, and on the metric
for assessing forecasting accuracy.
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where to a first approximation under Mg, E[qg] =~ (. Thus, forecasts of y7..4 using 2-step minimization
of My under My, are given by the white-noise process:
42 = dyr ~ 0,
so that; )
MSFEL = E |(ursa = dur)” Lur| = (1462) o2 4V 3] .

Providing V[@] < (V [$?] + p*), the second strategy will produce a smaller MSFE than the first. A
necessary condition for this outcome is that M is mis-specified for M since otherwise, 95 = ;5 is an
inefficient estimator of p? relative to (5)?, since there is no further information to exploit beyond that
contained in the I-step forecasts. When 2-step estimation is used, the conventionally reported coeffi-
cient standard errors are biased and inconsistent, so autocorrelation-consistent standard errors should be
calculated.

Implicitly, the multi-step criterion has induced a change in the class of model from an autoregres-
sion to a moving average, represented at 2-steps ahead by a white-noise mechanism. Conversely, in
large samples, switching the class of model is symptomatic of mis-specification. In finite samples,

however, the non-monotonicity of forecast confidence intervals provides a possible alternative rationale
(see Hendry, 1986).

4.3 ]-step minimization for differences
For I-step minimization using Ay;, define 5, by:
T
Pa = ar%minz (Ay — pAy,g_l)2 (18)
A =1

thenj, = p—1,sothat E[p,] ~ p — 1. Since M; assumes:

Ayrie = pp (pa — Dyr+vri2+(p - Vvrp

then: -
AZ/T+2 = Pa (ﬁA - 1) yr = ﬁ(ﬁ - 1) yr = Afr40,

so that MSFER? = MSFEL:2, and hence there is no difference between predicting from fitting I-step to
levels or to changes.® Since:

Ayryo = ery2 + (0 — 1) eryq — fer 19

then since E [e7 | yr] = (1+ 62) ' yr as E [eryr] = o2 and E [y3] = (1 + 62) o2

' — N2
MSFER2? = E [(A?JT+2 - A3/T+2) | yT]

~ [1+0-1| 2 +6%E [ |yr] + ({1 +203V [P +V[iT) o3 (20)
4.4 2-step minimization for differences

For 2-step errors, the model-based prediction of Ay; is:
Ay =p(p—1) 42 = Gyt

5 However, replacing p AYi—1 by p, Ayi_1 in (18) would alter the model class by imposing a unit root.
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suggesting estimation of the parameter from:

T T T
Pp = argminz (Ay; — ¢Ayt_2)2 = ZAyt'!/t—2/ Z?J?—z- 21)
Y N— t=1 t=1
Under Mg: .
E[da] = 1+62 - 7
noting from (19) that:

E[Ayrsz | yr] = ~0Efer | yr] = —6 (1+6°) " yr = —pyr
hence 2-step minimization for differences picks up the appropriate model. Forecasts of Ayz.,, become:
Z3J/:r+2 = QEA yr.
Thus:
MSFEA2 = E [(quq.z - qBAyT>2 | yT]
[1 +(6 - 1)2] a? + 6%E [6% | ?/T] + (V [QSA] - Pz) Y7

which is likely to be smaller than (20).
Forecasts of Ayr.,, using 2-step estimation of the levels, under My, are given by the difference
between the 2-step levels estimator, and the /-step levels (or differences) estimator:

I

Z§T+2 = ¢~53/T — pyr = (‘13 - ,5) yr

so that MSFER2 # MSFEAZ. In section 6 we quantify the gains from matching the linear trans-
formation in estimation to that used in forecast evaluation by simulating MSFE4" and MSFE£ for
h =1,...,4, over a variety of experiments.

5 Finite-sample behaviour under correct specification

An alternative reason for minimizing a 2-step criterion when 2-step forecasts are desired in dynamic mod-
els is the possible reduction in finite-sample bias that might result from doing so even when the models
are correctly specified. As an illustration, suppose that the model is correctly specified for a stationary
AR(1) with an intercept DGP. Then we obtain a finite sample bias for I-step estimation of the AR para-

meter, p:

. 143
Eff] = p - —F. 22)

The analysis of the bias in 703 (the 2-step estimator) is close in form to that for the bias in the I-step

estimator (see e.g. Hendry, 1984, for an exposition) and to O(1/T") suggests that Ep?] is the square of
(22). When p = 0, retaining terms of O(1/T") only, it is straightforward to show that (see Appendix A):

== 1
E[P2|P=0] ~ -7
as indicated in the figure. For OLS, from:

1 1

El1p=0]=(Eplp=0)"+V[ilp=0= =+,
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we obtain a bias of roughly equal magnitude but opposite sign.

This result can be confirmed by Monte Carlo simulation using PcNaive (see Hendry, Neale and Eric-
sson, 1991). We selected p = 0,0.4,0.8,1.0and T' = 100, and conducted the simulations recursively
from ¢ = 10,...,100 with 10,000 replications. Figure 1 plots E[52 — p?] and E[p? — p?] for the four
values of p. The two approaches are similarly biased at large values of p and all sample sizes, so there is
no gain in terms of finite-sample bias from direct 2-step estimation. Biases are smaller at smaller p, but
OLS still dominates, except perhaps at p = 0. The case of p = 1 is analysed in section 7.

v 0
Ap o [—DEO00--- 01500 |
3 -05}
05
E e -1F
0 r -
I -15|
-05[ ]
[ [—DE04----0LS04 |
[ -2
R 1 . 1 f 1 L 1 1 ] I . I . 1 . 1 . i
20 40 60 80 100 20 40 60 80 100
.[—DE10----0OLS10 |
-2F
-4l
-6
L L 1 1 | " 1 I 1 1 L 1 1 . | L L 1 1
20 40 60 80 100 20 40 60 80 100

Figure 1: Monte Carlo biases for a correctly specified first-order autoregression

6 A Monte Carlo study of multi-step forecasting

On the basis of these results, we conjecture that neither sampling variability (where I-step should do
best), nor (stationary) finite-sample bias are likely to indicate a role for DE. Alternatively, any divergence
between (U}, — 'I‘Z) on the one hand, versus (¥}, — T} ) on the other, might be important, particularly for
integrated data where not all the terms are tending to zero in the forecast horizon. Recall ¥}, is defined
by E[z7ys | 27] = Y27, and ¥, = T only when the DGP can be represented as an AR(1) process
(ruling out MA errors). Thus, we designed the Monte Carlo to highlight potential biases when estimating
unit-root processes yet neglecting negative moving-average errors.

The DGP is the ‘nonseasonal Holt model’ (see, among others, Ord, 1988, and Harvey, 1989), gener-
ating the data as the sum of unobserved components for the trend, intercept, and irregular elements:

Tt = pht + € (23)
Mt = pi—1 + Bt + b1¢ (24)
Bt = Bi_1 + 6. (25)

In (23)—(25), the disturbances ¢;, 61; and d;; are assumed to be normal, independent through time and
of each other (at all lags and leads), with zero means, and variances o?, 0 , 0% . The ‘reduced form’
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implies the restricted ARIMA(0,2,2) model:

(1-L)Yz;=(1—6,L—6;,L%a, (26)
where the 6; can be deduced by matching moments in (26) and (27), the latter obtained directly from
(23)—(25) (see Harvey, 1989):

(1= LYz = & + 814 4 69¢ — 261 — 6151 + €4—a. (27)

Zero restrictions on the variances o2, Ugl , ng enable data with different long-memory properties to be

generated from (23)—(25). These are summarised in Table 3.

Table3 Monte Carlo Design

Parameter Restrictions DGP Description
I None See (26) ARIMA(0.2.2)
i 0'? a-gl a-gg
i 1 1 1
iii 1 5 1
1 1 5
ARIMA(O,1,1
I ‘7?2 =0, A/=p8#0 Az =+ 61t + Aey plus drifg )
I 62 =0, Bi=p=0 Az; = 614+ Agy ARIMA(0,1,1)
3
oz =0, _ ARIMA(0,1,0)
v ﬂtz— B#0,02= Az =+ by plus drift
7
0'6 = 0, _
A\ ,31:2: 80,02 = Az; = b1y ARIMA(0,1,0)
VI 0 =02 =0, B#0 T, =Pt + e Linear trend
VII o3, =03 =0, B= T =€ White noise
At o5, =0, of= (I—mL)(1—71L)z = 62t
: Irif=Im|=1 ARIMA(0,2,0)
i | =1, || < 1 ARIMA(1,1,0)
i In] < 1,|m| <1 ARIMA(2,0,0)
IX Azy = 1 Azy 1 + 82t + Abyy
2 2 2
. o5, =05 =1,02=0,
08 =1 ARIMA(1,1,1)
3 w42 1 42—
i Th =0 =1oe=0, ARIMA(1,1,1)

™ = 0.1,’7’2 =1

We consider six AR forecasting models. M; is an AR(2) process for the levels, formulated in differ-
ences (i.e. with a unit root imposed):

Mi: Azy = ap + 1Az + 1

(28)

and M7 is the same model but with cg = 0. My, is the same AR(2) model, but in levels without the unit
root imposed, and M3 is M, without a constant term. Finally, we consider an AR(1) model in levels,

with a constant term (M3), and without (M3).
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Minimizing the in-sample A-step errors is non-linear in the parameters of the original models, but
can be approximated by a linear projection (and thus by OLS).® For example, M; in (28) implies h-step
errors (v ;) of the form:

h—1 h—1
o :
Azs = ap E of + oAz + Y i = aop + AT p + Uiy 29
1=0 =0

We estimate o = [oy : 1]’ by minimizing the sums of squares of vp,; With respect to the parameters:

T h—1 B
argmin Y (Azt —ag ) of — a{LAxt—JL) (30)
X i=h+1 i=0

yielding a function which is non-linear in the parameters o and «;. The same outcome results by pro-
jecting Az on a constant and Az;_j, by OLS, defining o = [oop al,h]' as in (29) since for this model,
the form of (30) does not impose any restrictions on [, : 4] for h-step estimation. However, the
parameters of the 7-period model (o : ;) are not necessarily uniquely identifiable from the OLS pro-
jection (e.g. consider h = 2).

In all cases we use OLS to estimate the models, and calculate I- to h-step MSFEs for I-step estim-
ation but only A-period MSFEs for A-step estimation.

6.1 Analysis of results

There are three basic sets of results: (a) Table 7 reports MSFEs for predicting Az; using models M
and M7; (b) Table 8 shows MSFEs for predicting z; using models M2, M3 and M3, M3 (the AR(2) and
AR(1) models); and (c) Table 9 compares estimation in differences with levels for predicting Az; using
an AR(2) model (including a constant term).

First, tables 7 and 8 are summarised in tables 4 and 5 using response surfaces to highlight the condi-
tions which favoured DE over OLS. The dependent variable is the log of the ratio of the MSFE for DE
to that for OLS: in table 4 for 2-steps ahead, and in table 5 for 4-step ahead forecasts. Four regressions
are reported in each table. The first pools results from table 7 (MSFEs for predicting Az; using M1,
labelled experiments 1-14) and table 8 (MSFEs for predicting z; using model M, labelled experiments
15-28, and using M3, labelled experiments 29-42). The other regressions are specific to the results for
a particular model.

The explanatory variables are a constant, adummy which is unity if at least one unit root is estimated,
and zero otherwise (Dur), a dummy which is unity if there is a moving-average term, and zero otherwise
(Dma), an interaction dummy for these two effects (DurxDma), and finally, Dcanc, which is unity for
DGP (IXi), M2 and M3 when the MA root is approximately cancelled by an AR root.

The tables report coefficient estimates and standard errors (in brackets). Dcanc is zero for all ob-
servations for the first sub-sample, and Dma and DurxDma are collinear for the second and third, so
the former is omitted. In no case are the constant, Dur and Dma significantly different from zero: in
general, therefore, there is little gain (loss) from DE, and either estimating unit roots or neglecting MA
components, in the absence of the other, does not alter this.

The conjunction of the two (signalled by DurxDma), on the other hand, significantly favours DE,
particularly at 4-steps (table 5), except for the third sub-sample where the model is under-parameterised
for many of the DGPs. Finally, the coefficient on Dcanc is always approximately equal magnitude and
opposite sign to DurxDma, so that there is no gain to DE when the MA term is effectively cancelled by
an AR root (see section 6.1.3).

We now discuss the contributions to forecast errors of stochastic uncertainty, model mis-
specification, and estimation uncertainty.

& While linear projection is not in general equivalent to non-linear minimization, the two coincide here for multi-step es-
timation, but would not do so for models with explanatory variables where there are restrictions on the parameters.
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Table 4 Response surfaces for log(DE/OLS) for 2-step forecasts
All experiments  Exp. 1-14 Exp. 15-28 Exp. 29-42

Constant -0.011 0.003 -0.025 -0.015
(0.017) (0.015) (0.038) (0.017)
Dur 0.017 -0.003 0.032 0.021
(0.024) (0.034) (0.051) (0.023)
Dma 0013 0.026
(0.027) (0.020)
DurxDma -0.065 0121 20.102 20,019
(0.035) (0.040) (0.043) (0.019)
Dcanc 0.078 0.101 0.018
(0.040) (0.072) (0.032)
RZ 0301 0.829 0.400 0.123

Table 5 Response surfaces for log(DE/OLS) for 4-step forecasts
All experiments Exp. 1-14 Exp. 15-28 Exp. 29-42

Constant -0.028 0.007 -0.029 20072
(0.040) (0.027) (0.090) (0.055)
Dur 0.047 0.001 0.050 0.094
(0.058) (0.060) (0.119) (0.072)
Dma 0.038 0.004
(0.065) (0.035)
DurxDma 0233 0355 0248 10.062
(0.084) (0.071) (0.101) (0.061)
Dcanc 0.192 0.246 0.054
(0.094) (0.168) (0.102)
R? 0.347 0911 0.431 0.169

6.1.1 Stochastic uncertainty

The uncertainty from accumulating future disturbances in the DGP sets a baseline level which cannot be
improved upon by stochastic models. This source of forecast uncertainty, as measured by MSFE, is O(1)
in the forecast horizon for 1(0) processes, and O(h) for I(1) processes (see, e.g. Engle and Yoo, 1987,
and Clements and Hendry, 1994b), as is reflected in our results. For example, from the first column of
MSFEs in Table 8, the MSFE for DGP (VIILi) is O(h?) in the forecast horizon, since ; is |(2); for DGP
(VIILi), it is O(k) in the forecast horizon, since z; is I(1); and for DGP (VIILiii), it is O(1) since z; is
[(0). Table 7 conveys the same information for Az; where the orders of integration and their rates of
increase are reduced by unity.

Although the effects of this source of uncertainty can be obtained analytically, the figures in the tables
are Monte Carlo estimates calculated numerically by simulating forecasts from (23)—(25) with the dis-
turbances set to zero over the forecast period. Such estimates reflect Monte Carlo variability, but this
is small for 10, 000 replications. For example, when the process is a linear trend or white noise (DGPs
(VL VII)), the theoretical conditional forecast error variances for predicting Az are 1 for A = 1, and 2
for h > 1 compared with Monte Carlo estimates for the /- to 4-step horizons of [1,1.99, 2.04,2.01]: see
Table 7.

6.1.2 Model mis-specification

To gauge the impact of model mis-specification in the absence of parameter-estimation uncertainty, we
generated forecasts using the pseudo-true values of the models’ parameters under the DGP (referred to
as [1p : T,p)] for I-step, and [r5 : Y}] for A-step, in section 3). These values are derived analytically.
We computed this source of uncertainty including the stochastic element from the future disturbances,
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so these forecasts can be compared against the actual realizations.

Table 7 reveals the main points. First, when the model is correctly specified, the ‘true model’ and
‘control’ (for estimation uncertainty) columns are identical (DGPs (IV,V,VIIIi&ii) in Table 7). Failure
to impose a valid unit root does not constitute model mis-specification (Table 7, DGP (VIILi)), but im-
posing an invalid unit root does (Table 7, DGP (VIIliii)) as over-parameterisation is not a form of mis-
specification, but under-parameterisation is.

Secondly, abstracting from DGP (I), the impact of model mis-specification is largest at I-step
horizons and is typically small at longer horizons (see the ‘I-step control’ in Table 7, for DGPs
(ILIIL,VLVID)). An exception is where the model is mis-specified in terms of omitting a constant (eg.
M3 for DGP (I)). In DGP (VIIIiii), the model incorrectly imposes a unit root for a stationary AR(2)
process, so the impact of model mis-specification is more persistent in the forecast horizon.

For DGPs (VI VILIXii), there is a marked improvement at ~ = 2 from the DE control (‘k-step con-
trol’: T} and 77) relative to the /-period control. Using DGP (VII) as an example, since z; = ¢; then
Az; = Ae¢; when the model is:

Az = ay Az + vs.

Thus, the DGP has a non-invertible MA error which is imperfectly captured by Az;_; in the model: the
disturbance Ae¢; has autocorrelations of — % then zero at longer lags, whereas the mis-specified model has
oy, a%, etc. This affects OLS but not DE, since for i > 1 estimation, the pseudo-true value T} of oy is
zero, and the forecast of the change ZETM = 0forh > 1, with MSFE E[er 4, —ersr_1]% = 202, Thus
the » > 1 control is a white-noise model, while the A~ = 1 control is autoregressive (with oy = —% .
The forecast for 4 = 2 using the h = 1 control is:

e 1\2
A$T+2 = (-—-5) ACET
s0:
g 2 1 2 )
E [(AmT+2 — A:I:T+2) ] =3E (€T+2 —er41 -y (er — 6T—1)) = 2.1250?

The h-step control allows the model to change in response to Az; being unpredictable (white noise) at
more than /-step ahead. Including the Az;_; term simply inflates the forecast error. The forecast for
h = 4 using the » = 1 control is:

— 1\* 1 N
A.’BT+4 = (—5) ACL‘T = EAIIIT ~ 0,
so that the cost of using the /-step control has all but disappeared for h = 4.

A similar analysis hold for DGPs (ILIII), except that the ‘cost’ of using the /-step control for fore-
casting T’ + 2 is quantitatively smaller: the I-step control model has a coefficient of —% rather than —%
and the base-line uncertainty is larger at 202 + o7,

Comparing results for DGPs (VIIli) and (I) suggests that neglecting the MA error is responsible for
the large increase in forecast uncertainty relative to that inherent in predicting an |(2) process. The I-
step and multi-step controls for DGP (I) have all had the slope parameter set to unity (the constant, where
estimated, is zero). This is only correct asymptotically, but is a reasonable approximation unless the MA
roots are close to minus one. DGP (IXi&ii) Table 7 has only a first order MA and a stationary root,
compared to the second-order MA and unit root in DGP (I). The impact of model mis-specification is
largest at a I-step horizon, and is more persistent than for DGPs (II,IIT), due to the interaction of the
omitted MA error with the autoregressive dynamics. Nevertheless, that the AR dynamics are stationary
implies that the impact of the MA mis-specification dies out in the horizon: this is not the case when the
AR dynamics have a unit root as in DGP (I). The AR component in DGP (IXi) relative to DGP (VII),
reduces the gains from the multi-step control characteristic of processes with MAs.



6.1 Analysis of results 14

6.1.3 Estimation uncertainty: /-step and multi-step criteria

The impact of I-step estimation uncertainty is generally fairly small apart from DGPs (I, VIIIi), Table 7,
when a unit root is being estimated. DE is significantly better for DGP (I), when a unit root is being estim-
ated in conjunction with omitted MA errors, but not in the absence of MA mis-specification as in DGP
(VIIi). An omitted MA error in the absence of implicit unit-root estimation (Table 7, DGP (IXi&ii))
leads to only a small increase in overall forecast uncertainty above that due to model mis-specification,
and no significant benefit from multi-step estimation. In summary, unit-root AR dynamics together with
omitted MA errors seem necessary here for gains from multi-step over /-step estimation.

In Table 8, DGP (VIII), the AR(2) model is correctly specified, so that the - and h-step estimation
columns measure the impact of estimation uncertainty, and estimating the unit roots (two for VIIIi, one
for VIIIii) significantly inflates the forecast-error variances, but there is no gain to DE.

1-step estimation is also better here than DE when there are unit roots and the model is under-
parameterised (Table 8, DGPs (VIIIi&ii) and AR(1) model), although there is little between the two
when the model is under-parameterised and unit roots are not being implicitly estimated (Table 8, DGP
(VIIIiii), AR(1) model).

Further evidence that DE appears to be most advantageous when unit roots are being estimated and
there are omitted MA components is provided by Table 8, DGPs (ILIII), the AR(1) model. However,
merely over-parameterizing the autoregressive part of the model largely removes the gains from DE and
yields a lower forecast-error variance: the extra autoregression corrects the missing MA error. Table 8
DGP (I), AR(2) model shows gains from DE when MA components are present and a double unit root
is being estimated (but not when the AR component is under-parameterized).

At first sight, Table 8, DGP (IXi) is an anomaly since the DGP is an ARIMA(1, 1, 1), and the models
are AR(2) and AR(1) inlevels. Thus, a unit root is being estimated with a neglected MA error, but -step
estimation is preferred. The reason is that the second autoregressive root approximately cancels the MA
term so that the DGP is nearly ARIMA(0, 1, 0). The implied value of 8 is:

g V@t -2-¢ 9,

h D
5 where ¢ = —3,

(see Harvey, 1993). For DGP (IXi), § ~ —0.382, so that the AR and MA polynomials are (1 — L)(1 —
0.5L) and (1 — 0.382L), leading to near cancellation of the MA root with the second AR root.

For DGP (IXii), # ~ —0.605 but 7; = 0.1, ensuring that the process is ARIMA(1,1,1), and deliv-
ering the expected gains from DE for both the AR(2) and under-parameterised AR(1) model (see Table
8).

6.1.4 Matching the linear transforms of estimation and forecast criteria

Table 9 compares DE based on minimizing in-sample errors in predicting multi-period differences of the
data and multi-period levels of the data, when the evaluation criterion is in terms of predicting differences.
There are benefits to be had from matching the linear transformation in estimation with that used in
evaluation for DGPs (I, VIIIi), where two unit roots are being estimated in the AR(2) model, and in those
cases the gain is increasing in the forecast horizon. In all other cases, the MSFEs are very similar.

6.1.5 Explaining other researchers’ findings

Our results help explain some other researchers’ findings. First, Stoica and Nehorai (1989) find that in
the ARMA(2, 2) DGP given by:

Yi — 0.98yt_2 = € — 0.876t_1 — 0.7756,:_2,

DE yields superior forecasts to OLS when the forecasting model is an AR(1). They interpret this as being
due to the model being under-parameterized and only poorly approximating the true process. Consistent
with this, the gains to DE disappear for an AR(6) model. However, the process has a near-unit root
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and negative MA errors, precisely the circumstances under which DE performs well. If we set the AR
coefficient to —0.90 instead of —0.98, and re-run their simulations, the gains to DE disappear, suggesting
that the relevant feature is not under-parameterization per se.” However, over-parameterization is likely
to lessen the gains to DE (see section 6.1.3).

Secondly, Weiss (1991) considers a stationary second-order autoregressive-distributed lag process
with a strongly exogenous [(0) variable. Various mis-specified models are estimated by OLS and DE,
and forecast performances are compared. Our analysis indicates little gain to DE in these circumstances,
and indeed Weiss finds the differences between DE and OLS MSFEs are small.

7 Unit roots and neglected moving-average errors

We have established that neglecting MA errors in unit-root processes provides a rationale for DE at short
horizons due to ‘model mis-specification effects’ (Table 7, DGPs VI, VIL,IXii). In this section, we derive
the asymptotic distributions of the estimators, and perform a Monte Carlo to compare the empirical distri-
butions of the unit-root estimates from OLS and DE to check whether the divergence between parameter
estimates accounts for the forecast differences. The Monte Carlo examines a range of values of the MA
parameter, namely § = {-0.9,-0.5,-0.1,0,0.1,0.5,0.9} and sample sizes T = {25,50,100}, us-
ing 50000 replications. We include the IV estimator suggested by Hall (1989) in the comparison, and a
fourth estimator, obtained by applying IV to DE (IVDE), which is motivated below. The DGP is:

Y = Yi—1+ U
ur = €+ 0e_q
& ~ IN(0,02),

where o2 = 1 and the h-step forecast function is:
YT+h = P(R)YT,

where p(p,) is alternatively (ﬁOLs)h, PDE;,» (ﬁlv)h , and prvpE, for OLS, DE, IV and IVDE. The first two
are defined by the scalar versions of (3) to the power h and (6) at h (rather than 2) lags, and the last two

by: X
Z YtYi—2 )

Z Yi—1Yi—2

. Z YtUt—h—1
IVDE: PIVDE, = Ey—
t—hYt—h—1

Hall (1989) shows that the I'V estimator of p in y; = py;_1 + e; has the Dickey—Fuller (DF) distribution
when an instrument dated y; ¢, £ > 1, is used (or more generally, when u; follows an MA(q) process,
fork > q). porg will not have the DF distribution because of the bias induced by the correlation between
y:—1 and u;. IV is valid because the unit root in the process implies that y; is correlated with y, for all
s, but y5 (s < t) will not be correlated with u; for t — s sufficiently large (depending on the order of
the MA), and thus are valid instruments. Below, we derive limiting distributions for any 4 of the four
estimators to examine the impact of estimation on multi-step forecasting for a first-order neglected MA
ITOI Process.

V: (pv)* = (

T We were unable to replicate the values of the parameters and prediction criteria given in Stoica and Nehorai (1989) Table
IV, p.365, but found gains for DE relative to I-step. They report the AR(1) model parameter averaged over replications for
1-step estimation. The population value for this parameter can be deduced, and is at odds with their estimate, so there may be
an error in their calculations.
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First, for the IV estimator at h = 1:

T -1 T
T(pv—1)= (T”Zyt_lym) T psus (31)
t=1 =1

Using the usual notation that:
i
St = Z Us,
s=1
and:

T
lim 77! Z u?

o?=1lim T7'E (.5’12«) , 0=
T—co T—oco =

then:

T =

ol=(146>%0? and o?= (1—}-02) oZ.

The denominator in (31) is:

T 1
T2 p1y2 = 0° / W (r)*dr (32)
0

t=1

where => denotes weak convergence (see e.g. Banerjee, Dolado, Galbraith and Hendry, 1993). Since:

T 2 2 2
o o —o0
Ty g > o w12 -1] + o (33)
=1
and:
T
71 Zutut_l = 003.
t=1
the numerator:
gy T 1 o2
Ty gt =T ) g — T vy g = 5 (W (1)* - 1) (34)
=1 =1 t=1
and hence: )
. 1 1 B
T(pwv—1)= 3 (W(l)2 - 1) (/0 W (r)? dr> (35)

which is the Dickey—Fuller distribution (see Dickey and Fuller, 1979, 1981) for testing for a unit root in

a univariate process, independently of the residual autocorrelation. The numerator in (35) is (see Fuller,
1976):

[wmaw e =1(wmt-1)~3(m-1)

and as P(x?(1) < 1) ~ 0.7, this imparts a negative shift to the distribution.
The outcome in (35) contrasts with:

T =1 T
T (poLs — 1) = (T—2 Zy?..l) T yquy. (36)
=1 =1

The denominator converges to the same limit as (32), and the numerator is given by (33). Hence:

(s - 1) = ([ Werar) [% (W@ -1)+ ﬁ] . €D
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Consequently, the appropriately normalized distribution is non-central; in particular, when 6 < 0, the
leftward shift of the limiting distribution is exacerbated. For § > —0.2, the non-centrality is minor (<
—0.3), but when —1 < 6 < —0.73, the non-centrality exceeds 10, and for § < —0.9, it is very large
(> —90).

To compare the performance of the estimators for multi-step forecasting, we need the asymptotic
distributions of ( pOLs) and ( pIV)h (Appendix B provides details). For OLS:

T ((pors)* - 1) (/ W (r)® dr) ﬁ[é (W(1)2_1)+(1+69)2] (38)

indicating a bias h times as large as for pors. However, a better approximation in finite samples takes
account of lower-order biases:

h—1

T ((pors)" — 1) = [Z—_—:o (1+77'B)’ ] B~ h[1+ (h — (h-1)p ]B (39)

where B is (37). Thus, the increase in the bias for finite 7" should be less than h times that of the I-step.
For IV, the Appendix B shows that:

T ((pv) - 1) = ( /0 ' W (r)? dr) - g (w@y?-1)~ [1 + (h2}1) C’] c (40)

taking account of lower-order biases as for OLS, where C is given by (35) and replaces B from (37).
Appendix B also derives the asymptotic bias for the h-step DE:

T (ppE, — 1) = (/OIW(T)2dr>_1h[ 3 (W(1)2—1) +Eﬁi—0)2} . (41)

The IVDE estimator is motivated by noting that in the DE estimator the regressor is correlated with
the disturbance term, but when u; is MA(1), y;—p—1 is a suitable instrument. Thus, for the h-step IVDE:

T lzyt h— 12’% 5

T (prvoe, — 1) = " (42)

T-2 Z Yt—hYt—h—1
t=1

Similar arguments to those set out in Appendix B for the DE estimator show that:

s, 0+ ([ werar) [,

which is the same as the A-step IV limiting distribution (40).

Thus, for OLS, the leftward non-centrality due to § < 0 increases in 4, whereas for DE it does not,
and their limiting distributions coincide if § = 0, suggesting no gain to DE in that case (as borne out by
our Monte Carlo). IV is better still, and asymptotically the distributions of IV and IVDE coincide.

7.1 A Monte Carlo study of the estimators

The results of the simulations are given in Tables 10-14. The IV methods (IV and IVDE) have no mo-
ments of any order for any value of 6, but this does not prevent apparently sensible values of the mean
and variance being obtained by simulation for some values of 8 (see Sargan, 1982, and Hendry, 1990).
Moreover, moments would exist if more than one lag were used as an instrument (eg. ¥z—k, - . ., Ys— k—p>
where & > ¢, p > 0) . For those values of § for which the estimator is poorly behaved (6 large and
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negative)® extreme values can be discarded. Here, we signal estimates of the mean in excess of 10 by a
‘-’ in the tables, and report selected percentiles of the empirical distributions, including the median.

A striking feature of the results, in line with the asymptotic bias formulae, is the marked increase
in bias for OLS as / increases, when there is a negative moving-average error, and the correspondingly
much smaller increase in bias for DE. This is 111ustrated graphically in figure 2 which shows the densities
of OLS and DE at powers of 2 and 4 ((,OOLs) and ppg,,, h = 2,4)for 8 = {-0.9,-0.5,0,0.9} at
T = 100. In the presence of negative MAs, OLS and DE are median-biased for both » = 2 and / = 4,
their means and medians being roughly similar otherwise.

As expected, Hall’s IV estimator is approximately medjan unbiased for all 6, as is IVDE, but for § >
0, IV generally has a smaller Monte Carlo variance than IVDE. The inter-quartile ranges (25% — 75%)
for the two IV estimators are similar except when § = —0.9.

Figure 3 plots the densities of the resulting 2- and 4-step forecast errors for OLS and DE correspond-
ing to the densities in figure 2. These are visually much better behaved, due to the relatively dominant
role played by error accumulation.

OLS 2-step; MA=-0.9 OLS 4-step; MA=-0.9 DE 2-step; MA=-0.9 DE 4-step; MA=-0.9
2 1+
1r Sk
I | IS T H | |
0 5 1 0 5 1 -5 0 5 1
75 OLS 2-step; MA=-0.5 4 OLS 4-step; MA=-0.5 10 DE 2—step, MA— 0. 5 75 DE 4-step; MA=-0.5
sh 3 I sk
r 2 5+ L
2.5 - 1F | 2.5 -
1] PR U |

0 .5 1 0 5 1 5 1
OLS 2-step; MA=0 10 OLS 4-step; MA=0 DE 2-step, MA=0 DE 4-step; MA=0
151 I 15H ]
10 - 5k 10 r 5r
5+ L 5r L
I A R, 7 [ [ |
; 8 1 5 1 i .5 1
OLS 2-step; MA=0.9 OLS 4-step; MA=0.9 20 DE 2—step MA—O 9 10 DE 4-step; MA=0.9
20 10 L L
10k sk 10 5F
I | . l 1 I PR PR | s 1 1 L |
8 9 1 1.1 5 1 1.25 5 1

Figure 2: Densities of OLS and DE at powers of 2 and 4

& As 6 — —1, the correlations between successive ys go to zero, so the instruments become useless.
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Figure 3: Densities of the OLS and DE 2 and 4-step forecast errors

Table 6 compares the values of (ﬁOLs)h for h = 2,4 predicted by (38) and (39) (taking account
of lower-order biases) with the means of the Monte Carlo.® The asymptotic formulae use estimates of
B (see (37)) from the same set of replications. The table illustrates the usefulness of the asymptotic
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formulae for OLS for 7" = 100, and § = —0.9,—0.5. The rows (38) are calculated as hBT—' 41,
where B = T(poLs — 1), and the rows (39) as BT~ *(X"=}(1 + T~ B)') + 1. Allowing for lower-
order biases is important for the accuracy of the formulae when 6 = —0.9.

Table 6 Estimates of E [ijOLS] for 7' = 100.

8 Conclusions

6=-09 6=-05

7 =2 MCestimate 0.288 0.890
(38) -0.066 0.880
39) 0.218 0.884
j =4 MCestimate 0.145 0.810
(38) -1.132 0.760
39) 0.048 0.781

Model mis-specification is necessary but not sufficient to justify DE. Multi-step estimation criteria can
lead to different parameter estimators from I-step, and can even alter the implicit model class. Con-
versely, a switch in the implicit model class implies model mis-specification. In stationary processes,

® The Monte Carlo estimates in table 6 were produced from 5000 replications, and differ slightly from those reported in

table 13.
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DE, approximated by OLS projection, maintains the pseudo-true values of AR parameters when the step-
ahead error horizons being optimized over are larger than the degree of the MA process, and results in
enhanced forecast accuracy. However, the gains will typically fade rapidly in the forecast horizon. For
example, if an AR(1) model is used to approximate an MA(1) process the pseudo-true value of the AR
parameter for 2-step projection is zero, yielding the optimal 2-step forecast of zero: the I-step AR para-
meter will be non-zero, but will rapidly approach zero as it is powered up.

When the process contains unit roots, forecast success depends upon how accurately these are estim-
ated. Here, large negative MA errors are pernicious since they exacerbate the downward bias of OLS. A
separate Monte Carlo assessed the usefulness of DE in these circumstances, and the results bore out the
hypothesis that the improved forecast accuracy from DE, when unit roots are estimated in the presence
of neglected negative MA errors, stems from better estimates of the unit roots. The properties of two
other estimators were also explored.

Few economic time series seem likely to exhibit negative moving-average error autocorrelation of
the size liable to cause really serious problems for OLS. However, some economic variables may be
I(2), represented as I(1) in differences with large negative moving averages (as in our DGP ), resulting
in poor forecasts of growth rates. In such a state of nature, DE may be beneficial but there are sensible
alternatives. The analysis in section 7 indicates that IV may be a better solution. Indeed, the limiting
distributions of IVDE and IV coincide so that once the correlation between the regressor and the error
have been taken care of by IV there are no additional gains to DE. A drawback of DE is that it is not
invariant to linear transformations since it is dependent on the exact criterion selected for minimization,
so very different decisions could result for levels versus first differences, say.

Finally, a focus of this paper has been when E [x7.1 | x7] = ¥xq, say, but E [x14p | x7] # ®Px7
because of neglected moving-average terms. Other causes may include non-linearity in the generating
process, for example, an ARMA model of a fractionally integrated process (see Tiao and Tsay, 1994),
and outliers (see Pefia, 1994). However, in each instance we suspect reasonable alternatives exist, for
example, MAD for outliers.
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9 Appendix A

When p = 0, y; = v; sothatsetting? = 7715 vy o T 1y

1 T (ve —v) (vi—2 — D) N (T 'Y vwy—g — 12) [o?
Bl lp=0] =E [ T15 (Vg — 7Y ] =F [1+ (T8 (w12 —17)2/03—1)] '

Expanding the denominator as a power series and retaining terms of O (1/7T'):

[P 1p=o] w1 R (,_T7Bes )]

2 2
gy oy

Multiplying out:

E [//)5 lp= 0] ~E [(‘2’72) N (Cw)’Evi, f}

2 354 4
ol T%0} o5

where the middle term is:
E lzzzutysyf_zl =>YE [Vf] E [1/3_2] +2 > E[n,_2) Elvsvr_s] ~ 20
t s 7 t=s T t=s=r—2
and noting that: , »
E l%l - —;;andE [%} :%
then, again retaining terms of O (1/T'):

E[;E|p:0]:—-%;.

This matches the Monte Carlo finding (section 5).
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To derive the asymptotic distribution of ( ﬁoLs)h when p = 1, first consider (sors)?.

T T .
(PoLs)® = poLs X (T_2 Z%%q) (T*2 Zy?_l) .
t=1

t=1
where:
T T -1
poLs = 1+ (T_l Z Ut!/t-—l) (T"2 ny_1) = (1+ B),
=1 t=1
then:
T T -1
(Pors)? =1+ (1 + pors) (T_2 > Utyt—1> (T_2 > yt2—1) -
t=1 t=1
Thus:
T T -1
T ((ﬁOLs)2 - 1) = (1+ pors) (T—l Zyt—lut) (T_Z E yt2—1)
=1 t=1
= (2 n T—lB) B.
Further:
h—1 . T T -1
(o -1) = Soors) (17 L) (5ot
=0 t=1 t=1
h—1 ;
= (Z (1 + T‘lB) ) B,
=0
which is (39).

The derivation of the asymptotic distribution of ( 41y )" follows in a similar vein. For (p1v)?:

(prv)*

T T -1
pIv X (T_2 Z ?/t?/t-—Z) (T_2 Z Yt—1 yt—Z)
t=1 t=1
T T -1
1+ (14 pwv) (T—Z > Ut?lt—z) (T_2 > yt—lyt—2> .
t=1 =1

Thus:

T T -1
T ((/5IV)2 = 1) = (1+pw) (T_l Z Utyt—2) (T_2 2_: yt—lyt——z)

= (2 + T‘lc’) C,

so that:
h—1 i i t
T ((p”Iv)h - 1) = Y 5t (T_l Zutyt—2) (T—2 > ?/t—lyt—2)
=0 t=1 t=1
h—1 ;
= (Z (1 + T-lc) ) c,

1=0

23
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which is (40).
For the h-step DE:

—_ T h—
Tt Et:l Yi—h ( i=01 Ut—i)
o T :
T 2 Et:l ytz-h
The denominator is again (32). For the numerator, the various terms are:

T (ppe, — 1) =

T 2 2 2
- g g” — O
Tt Eyt—hut—h+1 = -5 [W (1)2 - 1] + 5 R
t=1
whereas for j = 2,...,A:
T T T
T Z Y—hUi—ht; = T7° Z Yt—ht1Ut—htj — Tt Z Ut— bt 1 Ut—htj
=1 t=1 t=1
2 2 _ 2

= % [W (1)? - 1] + 2 "% 602,

so that:
2 2

T h~1
h o‘ — o o2
-1 , 2 [ 2 _ v (h — e
T t§=1: Yieh .E_O Uty => O l2 (W (1) 1) +h 557 (h 1)002]

and hence we obtain equation (41) in the text:

T (pos, — 1) (/01W(r)2dr)~1h B (W@ -1)+ ——h(lio)Z] :

(43)

(44)

(45)
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Table 7 AR(2) model imposing a unit root. MSFE differences

Constant No constant
DGP True 1-step 1-step h-step  h-step 1-step 1-step h-step  h-step
Model Control Est. Control  Est. Control Est. Control  Est.
I 3.08 8.97 8.82 - - 8.97 8.88 - -
5.03 8.02 10.76 8.02 8.00 8.02 9.07 8.02 8.06
6.06 9.09 14.23 9.09 9.21 9.09 11.26 9.09 9.17
6.93 9.96 17.05 9.96 10.12 9.96 13.37 9.96 10.05
Tii 2.30 7.47 7.46 - - 747 745 - -
4.25 6.45 891 6.45 6.53 6.45 7.32 6.45 6.51
5.32 7.58 12.13 7.58 7.80 7.58 9.35 7.58 7.70
6.21 8.46 14.77 8.46 8.77 8.46 11.23 8.46 8.61
Tiii 2.30 8.19 6.85 - - 8.19 7.59 - -
3.52 6.53 7.75 6.53 571 6.53 7.69 6.53 6.26
3.80 6.82 8.99 6.82 6.03 6.82 9.15 6.82 6.50
3.97 6.99 9.78 6.99 6.15 6.99 10.78 6.99 6.66
I 2.02 2.72 2.78 - - 3.12 3.15 - S
3.00 3.04 3.07 3.02 3.06 3.24 3.25 3.24 3.28
3.02 3.03 3.04 3.04 3.09 3.30 3.31 3.27 3.32
2.99 2.99 3.00 3.01 3.04 3.25 3.25 3.23 3.27
m 2.02 2.72 2.78 - - 2.72 2.75 - -
3.00 3.04 3.07 3.00 3.06 3.04 3.06 3.00 3.05
3.02 3.03 3.04 3.02 3.09 3.03 3.03 3.02 3.08
2.99 2.99 3.00 2.99 3.04 2.99 2.99 2.99 3.03
v 1.03 1.03 1.06 - - 1.23 1.25 - -
0.98 0.98 0.99 1.04 1.00 1.21 1.21 1.18 1.19
0.98 0.98 0.99 1.05 1.00 1.25 1.24 1.19 1.21
1.01 1.01 1.02 1.07 1.03 1.26 1.26 1.21 1.22
\'% 1.03 1.03 1.06 - - 1.03 1.05 - -
0.98 0.98 0.99 0.98 1.00 0.98 0.98 0.98 0.99
0.98 0.98 0.99 0.98 1.00 0.98 0.98 0.98 0.99
1.01 1.01 1.02 1.01 1.03 1.01 1.01 1.01 1.02
VI 1.00 1.51 1.54 - - 2.00 2.01 - -
1.99 2.11 2.12 2.02 2.02 2.22 2.22 2.22 2.24
2.04 2.06 2.07 2.06 2.08 2.31 2.31 2.27 2.30
2.01 2.02 2.03 2.04 2.05 2.27 2.27 2.25 2.28
viI 1.00 1.51 1.54 - - 1.51 1.53 - -
1.99 2.11 2.12 1.99 2.02 2.11 2.12 1.99 2.02
2.04 2.06 2.07 2.04 2.08 2.06 2.07 2.04 2.08
2.01 2.02 2.03 2.01 2.05 2.02 2.03 2.01 2.05
VI 1.02 1.02 1.05 - - 1.02 1.03 - -
1.99 1.99 2.12 1.99 2.13 1.99 2.06 1.99 2.06
2.98 2.98 3.22 2.98 3.28 2.98 3.12 2.98 3.13
3.96 3.96 433 3.96 448 3.96 4.19 3.96 422
VIIIii 1.02 1.02 1.04 - - 1.02 1.03 - -
1.23 1.23 1.26 1.23 1.28 1.23 1.24 1.23 1.25
1.28 1.28 1.30 1.28 1.32 1.28 1.28 1.28 1.30
1.32 1.32 1.35 1.32 1.38 1.32 1.33 1.32 1.35
VIILEE  1.02 1.17 1.20 - - 1.17 1.19 - -
0.98 1.16 1.18 1.19 1.17 1.16 1.17 1.19 1.15
1.02 1.14 1.16 1.17 1.14 1.14 1.15 1.17 1.12
1.14 1.20 1.21 1.21 1.20 1.20 1.20 1.21 1.19
IXi 2.08 2.68 2.74 - - 2.68 2.71 - -
2.52 2.70 2.73 2.69 2.76 2.70 2.70 2.69 2.72
2.56 2.60 2.63 2.60 2.66 2.60 2.60 2.60 2.63
2.67 2.69 2.72 2.69 2.74 2.69 2.69 2.69 2.71
IXii 1041 14.58 14.83 - - 14.58 14.69 - -
17.32 17.99 18.45 17.38 17.61 17.99 18.41 17.38 17.58
16.98 17.02 17.13 16.98 17.28 17.02 17.12 16.98 17.26

17.58 17.59 17.65 1758 17.81 17.59 17.64 17.58  17.80




Table 8 AR(2) model and AR(1) model. MSFE levels
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AR(2) Constant No const. AR(1) Constant No const.
DGP  True 1-step h-step 1-step h-step 1-step h-step 1-step h-step
Ii 3.08 8.79 - 9.16 - 21.28 - 50.32 -
8.18 29.68 24.83 30.01 25.49 78.78 81.46 196.44  199.53
1836  73.35 54.99 74.77 55.32 179.10  191.74 45240 466.89
35.10 14483 10294 15146 101.10 32394 35890 82378  863.86
Lii 2.30 7.47 - 7.71 - 20.43 - 49.51 -
6.60 25.28 20.79 24.89 21.05 76.96 79.63 19497  198.06
1597  63.62 46.60 62.51 46.15 176.05 188.64  450.02 464.51
3203 12775  88.67 127.88 85.51 319.94 35477 82098  861.06
Tiii 2.30 6.33 - 7.39 - 7.71 - 15.00 -
433 17.64 15.48 22.29 18.50 23.01 23.62 52.10 52.85
7.68 38.59 31.38 52.67 3749 4932 52.40 117.19  120.79
12.56  69.41 54.60 101.26 64.61 86.44 95.15 210.57  220.62
II 2.02 2.86 - 2.84 - 3.14 - 3.10 -
3.00 4.01 4.00 3.96 3.97 438 424 421 4.19
4.02 535 531 5.21 5.23 5.87 552 5.46 542
497 6.72 6.65 6.49 6.52 743 6.82 6.72 6.67
m 2.02 2.83 - 2717 - 3.09 - 3.03 -
3.00 3.92 391 3.78 3.78 4.50 4.13 4.10 4.01
4.02 5.16 5.08 493 491 6.13 529 5.39 5.13
497 6.35 6.29 6.01 5.99 7.75 6.45 6.60 6.18
v 1.03 1.09 - 1.09 - 1.07 - 1.07 -
2.04 222 2.24 222 2.24 220 2.20 2.20 2.20
3.01 343 347 3.40 3.43 340 3.42 3.38 3.39
3.96 4.70 4.79 4.66 4.72 4.67 4.71 4.65 4.66
v 1.03 1.08 - 1.06 - 1.06 - 1.04 -
2.04 2.16 2.19 2.11 2.12 2.14 2.15 2.09 2.09
3.01 324 3.31 3.16 3.19 3.20 3.26 3.13 3.14
3.96 4.35 4.51 421 427 429 4.44 4.17 421
VI 1.00 1.59 - 1.61 - 2.10 - 2.08 -
1.00 1.74 1.59 1.78 1.69 2.19 2.07 2.14 2.12
1.02 1.73 1.62 1.89 1.85 2.39 2.12 232 2.28
1.00 1.81 1.59 2.06 2.01 2.57 2.10 2.46 241
viI 1.00 1.04 - 1.02 - 1.03 - 1.02 -
1.00 1.02 1.03 1.01 1.02 1.01 1.02 1.00 1.01
1.02 1.03 1.06 1.02 1.04 1.03 1.05 1.02 1.03
1.00 1.01 1.04 1.00 1.03 1.01 1.02 1.00 1.01
VI  1.02 1.08 - 1.06 - 18.02 - 46.85 -
5.03 5.59 5.70 542 5.46 74.28 77.01 192.87  196.00
14.04 16.16 16.99 15.58 15.86 17240 185.10 446.86 46141
29.91 35.53 38.89 34.15 35.30 31630 351.19 81840  858.53
VILi  1.02 1.06 - 1.04 - 1.40 - 1.38 -
3.26 3.51 3.54 3.40 342 426 4.38 4.18 421
6.30 6.95 7.10 6.67 6.75 7.89 8.29 7.73 7.85
9.74 10.95 11.36 10.44 10.64 11.91 12.78 11.67 1191
VIOiii  1.02 1.05 - 1.04 - 1.11 - 1.09 -
1.99 2.10 2.11 2.05 2.06 2.14 2.15 2.10 2.10
2.53 2.67 2.71 2.60 2.62 2.72 2.72 2.67 2.64
2.78 2.94 3.00 2.85 2.89 3.01 2.98 2.94 2.87
IXi 2.08 2.80 - 2.75 - 2.81 - 2.77 -
4.60 6.45 6.50 6.26 6.30 6.46 6.55 6.30 6.33
7.69 10.53 10.76 10.13 10.26 1048 10.81 10.19 10.28
11.03 14.72 15.34 14.15 1443 14.58 15.36 14.21 14.41
IXii 1041 14.60 - 14.57 - 1641 - 16.86 -
11.33 17.73 16.81 17.66 16.80 21.93 19.07 21.29 19.87
1243  20.30 18.16 19.10 18.00 26.53 2041 24.61 21.07
13.64 2290 19.53 21.16 19.36 30.78 21.73 28.29 2241




Table 9 Multi-step estimation in differences versus levels. MSFE differences

DGP True  Est. differences Est. levels
 §1 3.08 8.79 8.79
5.03 8.11 8.24
6.06 9.66 10.32
6.93 10.91 12.19
Tii 2.30 7.47 747
425 6.67 6.76
5.32 8.22 8.79
6.21 9.54 10.66
Thii 2.30 6.33 6.33
3.52 5.44 5.57
3.80 5.95 6.36
3.97 6.12 6.79
i1 2.02 2.86 2.86
3.00 3.09 3.10
3.02 3.13 3.14
2.99 3.08 3.10
I 2.02 2.83 2.83
3.00 3.06 3.07
3.02 3.10 3.11
2.99 3.07 3.09
v 1.03 1.09 1.09
0.98 1.03 1.03
0.98 1.04 1.05
1.01 1.07 1.08
v 1.03 1.08 1.08
0.98 1.01 1.02
0.98 1.02 1.02
1.01 1.05 1.06
VI 1.00 1.59 1.59
1.99 2.02 2.02
2.04 2.08 2.08
2.01 2.05 2.05
v 1.00 1.04 1.04
1.99 2.03 2.03
2.04 2.09 2.09
2.01 2.06 2.06
VIIIi 1.02 1.08 1.08
1.99 2.28 2.32
2.98 3.63 3.81
3.96 5.21 5.67
VILi 1.02 1.06 1.06
1.23 1.33 1.34
1.28 1.40 1.42
1.32 145 1.49
VI  1.02 1.05 1.05
0.98 1.02 1.02
1.02 1.04 1.05
1.14 1.17 1.17
IXi 2.08 2.80 2.80
2.52 2.84 2.85
2.56 2.74 2.77
2.67 2.80 2.85
IXii 1041 14.60 14.60
17.32 17.70 17.71
16.98 17.31 17.33
17.58 17.89 17.88
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Table 10 Mean, variance and percentiles of empirical distributions of 70)

Mean Variance 1% 5% 10% 25% 50% 75% 90% 95% 99%

T=25

¢ =-0.9

h=2

OLS 0.2566 0.0624 000 000 001 003 017 044 0.65 0.74 0.86
v - - 000 005 016 060 098 160 659 2451 558.61
DE 0.3921 0.1042 -033 -0.15 -005 0.15 041 0.66 0381 0.87 0.94

IVDE 0.5722  4077.5759 -12.06 -2.03 -069 050 095 115 1.78 2.97 12.78

h=4

OLS 0.1283 0.0349 000 000 000 000 003 019 043 0.55 0.74
v - - 000 000 0.03 036 097 255 4344 60097 312046.95
DE 0.3871 0.1114 -035 -0.17 -0.07 0.13 040 0.67 082 0.88 0.97

IVDE - - -12.73 204 -071 045 094 1.17 185 3.16 12.96

#=-0.5

h=2

OLS 0.8185 0.0566 005 026 044 074 092 098 1.01 1.02 1.05
v - - 0.18 061 078 093 099 103 1.08 1.16 2.15
DE 0.8717 0.0408 0.11 042 059 083 095 1.00 1.02 1.04 1.07

IVDE 0.9396 2.4198 006 063 079 093 099 1.02 1.06 1.11 1.37

h=14

OLS 0.7266 0.0940 000 007 019 055 084 096 1.02 1.05 1.11
v - - 0.03 037 061 08 098 1.06 1.17 1.35 4.62
DE 0.8428 0.0700 -007 025 045 076 094 101 1.06 1.10 1.19

IVDE 0.9415 16.7073 041 036 061 08 098 105 1.13 1.20 1.57

8 =-0.1

h =

OLS 0.9376 0.0179 041 066 078 091 098 1.0t 1.04 1.06 1.11
v 0.9515 0.1304 038 068 080 093 099 102 1.05 1.07 1.15
DE 0.9415 0.0181 040 067 079 092 098 1.01 1.04 1.06 1.12

IVDE 0.9452 0.0243 032 067 08 092 099 1.02 1.05 1.07 1.15

h=14

OLS 0.8970 0.0448 016 043 060 083 096 1.02 1.08 1.12 1.23
v 1.0356  582.1255 014 047 065 08 097 1.04 1.10 1.15 1.33
DE 0.9033 0.0535 004 041 061 084 097 1.03 1.09 1.14 1.27

IVDE 0.9057 0.0836 -0.14 039 061 085 097 104 1.11 1.17 1.33
6=0.0

h=2

OLS 0.9497 0.0144 048 070 0.81 092 098 1.02 1.04 1.06 1.12
v 0.9488 0.0185 039 068 080 092 099 1.02 1.05 1.07 1.14
DE 0.9477 0.0163 044 069 080 092 098 102 1.04 1.07 1.12

IVDE 0.9450 0.0226 033 067 079 092 099 1.02 1.05 1.07 1.14
h=4

OLS 0.9164 0.0388 0.23 050 065 085 097 1.03 1.09 1.13 1.26
v 0.9187 0.0624 015 047 065 085 097 104 1.10 1.15 1.30
DE 0.9085 0.0522 005 043 062 085 097 104 1.10 1.15 1.28

IVDE 0.9059 0.0883 -0.13 039 061 085 097 104 1.11 1.16 1.32
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Table 11 Mean, variance and percentiles of empirical distributions of P(n) (continued)

#=0.1
h=2
OLS 0.9584 0.0121 053 074 083 093 099 1.02 1.05 1.07 1.13
v 0.9482 0.0175 040 068 080 092 099 1.02 1.05 1.07 1.14
DE 0.9521 0.0151 046 071 081 093 099 102 1.05 1.07 1.13
IVDE 0.9448 0.0220 033 067 079 092 099 102 1.05 1.07 1.14
h=14
OLS 0.9307 0.0345 028 055 069 087 098 1.04 1.09 1.14 1.28
v 0.9166 0.0446 0.16 047 064 085 097 103 1.09 1.14 1.29
DE 0.9122 0.0513 006 044 063 085 097 1.04 1.10 1.15 1.29
IVDE 0.9052 0.0699 -0.12 039 061 085 097 104 1.11 1.16 1.31
=05
h=2
OLS 0.9746 0.0084 064 080 087 095 099 102 1.05 1.08 1.15
v 0.9476 0.0170 041 068 080 092 099 102 1.05 1.07 1.13
DE 0.9599 0.0130 051 074 083 093 099 1.02 1.05 1.07 1.14
IVDE 0.9446 0.0213 034 067 079 092 099 1.02 1.05 1.07 1.13
h=4
OLS 0.9583 0.0273 040 064 075 090 099 1.05 1.11 1.17 1.33
v 0.9149 0.0431 0.17 047 064 085 097 103 1.09 1.14 1.27
DE 0.9186 0.0500 007 046 064 086 098 1.04 1.10 1.16 1.30
IVDE 0.9052 0.0668 -0.10 039 061 085 097 104 1.11 1.16 1.31
#=0.9
h=2
OLS 0.9780 0.0078 066 081 088 095 099 1.02 1.06 1.08 1.16
v 0.9475 0.0170 041 068 080 092 099 1.02 1.04 1.07 1.13
DE 0.9615 0.0126 052 074 084 094 099 1.02 1.05 1.08 1.14
IVDE 0.9445 0.0212 034 067 079 092 099 1.02 105 1.07 1.13
h=4
OLS 0.9642 0.0260 043 066 077 090 099 1.05 1.11 1.17 1.34
v 0.9147 0.0430 0.17 047 064 085 097 103 1.09 1.14 1.27
DE 0.9198 0.0498 007 047 065 086 098 1.04 1.11 1.16 1.30
IVDE 0.9051 0.0664 -0.10 039 060 085 097 104 1.11 1.16 1.31
T =150
8 =-0.9
h=2
OLS 0.2637 0.0615 0.00 000 0.01 004 019 045 0.65 0.74 0.85
v - - 000 008 025 071 099 136 397 12.94 329.51
DE 0.4226 0.0853 -0.18 -0.05 003 0.19 043 067 0381 0.86 0.92
IVDE 0.2414 6253.6473 -8.53 -1.14 -0.08 073 098 1.11 1.55 2.34 9.05
h=4
OLS 0.1310 0.0338 0.00 000 0.00 000 003 020 043 0.55 0.71
v - - 000 001 006 051 098 186 1573 167.55 108576.81
DE 0.4168 0.0891 -020 -0.06 002 0.18 042 067 082 0.87 0.94
IVDE 0.5765 7398.7948 -821 -1.17 -0.13 070 097 1.12 1.56 245 9.35
f=-0.5
h=
OLS 0.8524 0.0351 020 043 058 079 093 098 1.00 1.01 1.02
v 0.9948 239171 050 078 086 095 099 1.01 1.04 1.06 1.20
DE 0.9017 0.0208 035 059 071 087 096 099 1.01 1.02 1.03
IVDE 0.9657 0.0354 055 079 087 095 099 1.01 1.03 1.05 1.10
h=4
OLS 0.7617 0.0683 004 018 033 063 086 096 1.00 1.02 1.05
v - - 025 060 075 090 098 1.03 1.08 1.13 1.44
DE 0.8768 0.0361 020 046 061 082 095 1.00 1.03 1.05 1.09

IVDE 0.9349 0.1893 026 061 075 090 098 1.02 1.06 1.09 1.17



Table 12 Mean, variance and percentiles of empirical distributions of P(n) (continued)
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8 =-0.1
h=2
OLS 09558 0.0075 0.61 078 0.85 094 098 101 1.02 1.03 1.06
v 09643 0.0067 063 080 0.87 095 099 1.01 1.03 1.04 1.07
DE 09596 0.0070 0.62 079 0.86 094 099 101 1.02 103 1.06
IVDE 09634 0.0072 0.62 0.80 0.87 095 099 101 1.03 1.04 1.07
h=4
OLS 09211 0.0217 037 061 073 088 097 101 104 1.06 1.12
v 09366 00196 040 065 0.76 090 098 1.02 1.05 108 1.14
DE 09292 0.0220 037 062 074 089 097 1.02 105 1.07 1.13
IVDE 09319 0.0243 032 062 075 089 098 1.02 1.06 108 1.14
8=0.0
h=2
OLS 09651 0.0057 0.67 0.81 0.88 095 099 101 1.02 1.04 1.06
v 09642 0.0065 0.64 0.81 0.87 095 099 1.01 1.03 1.04 1.07
DE 09643 0.0061 0.65 081 0.87 095 099 101 1.02 1.04 1.06
IVDE 09633 0.0071 0.62 0.80 0.87 095 099 101 103 1.04 1.07
h=14
OLS 09372 0.0175 045 066 0.77 090 098 102 1.05 1.07 1.13
v 09363 0.0193 041 065 0.76 090 098 1.02 105 1.08 1.14
DE 09334 0.0209 038 064 075 089 098 1.02 105 1.08 1.13
IVDE 09318 0.0241 033 062 075 089 098 102 106 108 1.14
=0.1
h=2
OLS 09716 0.0046 0.71 084 0.89 095 099 101 1.03 1.04 1.07
v 09642 0.0065 0.64 081 0.87 095 099 101 1.03 1.04 1.07
DE 09676 0.0055 067 0.82 088 095 099 101 1.03 1.04 1.07
IVDE 09633 0.0070 0.63 0.80 0.87 095 099 101 103 1.04 1.07
h=4
OLS 09486 0.0147 050 070 0.80 091 098 1.02 105 1.08 1.14
v 0.9361 0.0192 041 065 076 090 098 1.02 105 1.08 1.14
DE 09363 0.0202 040 065 076 090 098 102 105 1.08 1.14
IVDE 09318 0.0240 033 062 075 089 098 102 106 1.08 1.14
=05
h=2
OLS 09832 0.0029 0.78 0.88 092 097 100 1.01 103 1.05 1.08
v 0.9641 0.0063 064 0.81 087 095 099 101 1.03 1.04 1.06
DE 09733 0.0045 071 0.84 090 09 099 101 103 1.04 1.07
IVDE 09632 0.0070 0.63 080 0.87 095 099 101 103 104 1.07
h=4
OLS 09696 0.0103 061 077 0.85 093 099 103 106 109 1.17
v 09358 0.0189 042 065 076 090 098 1.02 105 107 1.13
DE 09413 0.0190 042 067 077 090 098 1.02 106 108 1.14
IVDE 0.9317 0.0239 034 062 075 089 098 102 106 1.08 1.14
#=0.9
h=2
OLS 09855 0.0027 0.80 0.89 092 097 100 101 1.03 1.05 1.08
v 09641 0.0063 065 0.81 087 095 099 101 103 1.04 1.06
DE 09744 0.0043 072 085 090 09 099 101 103 1.04 1.07
IVDE 09632 0.0069 063 0.80 087 095 099 101 103 1.04 1.07
h=4
OLS 09739 00095 064 079 085 094 099 103 107 1.10 1.17
v 09358 0.0189 042 065 0.76 090 098 1.02 105 107 1.13
DE 0.9423 0.0187 043 067 078 090 098 102 106 1.08 1.14
IVDE 0.9317 0.0238 034 062 075 089 098 102 1.06 1.08 1.14
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Table 13 Mean, variance and percentiles of empirical distributions of P(n) (continued)

T =100
g=-0.9
h=2

OLS 0.2922 0.0628 000 000 001 006 023 049 068 076 0.85
v - - 001 020 045 082 100 1.19 212 492 78.06
DE 0.4688 0.0717 -0.07 004 0.11 025 048 0.70 083 087 0.92
IVDE 0.4384 306794171 -3.53 009 054 088 100 108 135 181 5.39
h=14
OLS 0.1482 0.0368 000 0.00 000 0.00 005 024 046 057 072
v - - 000 000 0.04 020 067 099 141 451 24.16
DE 0.4644 0.0744 -0.08 0.03 010 024 047 070 083 088 093
IVDE 12162 6235759 -340 001 049 086 099 108 134 179 542
#=-05
h=2
OLS 0.8920 0.0178 040 060 071 0.85 094 098 100 1.00 1.01
v 0.9785 0.0033 075 088 092 097 099 101 102 103 1.06
DE 0.9318 0.0090 056 073 0.81 091 097 099 1.00 101 1.02
IVDE 0.9778 0.0026 077 088 092 097 099 101 1.02 102 1.04
h=4
OLS 0.8134 0.0418 0.16 036 050 073 089 096 099 100 1.02
v 0.9608 0.0106 056 077 085 094 099 101 104 105 1.12
DE 0.9139 0.0158 044 065 075 088 096 100 1.02 103 1.05
IVDE 0.9570 0.0085 059 078 085 093 098 101 1.03 104 1.08
8 =-0.1
h=2
OLS 0.9716 0.0027 077 087 091 096 099 100 101 102 1.03
v 0.9778 0.0021 0.80 0.89 093 097 099 100 1.0t 102 1.04
DE 0.9746 0.0023 078 0.88 092 096 099 100 101 1.02 1.03
IVDE 0.9775 0.0022 079 089 092 097 099 100 1.01 1.02 1.03
h=14
OLS 0.9467 0.0088 059 076 083 092 098 101 1.02 104 1.06
v 0.9582 0.0071 063 079 086 093 098 101 103 104 1.07
DE 0.9542 0.0078 061 078 085 093 098 101 103 104 1.07
IVDE 0.9566 0.0079 061 078 0.85 093 098 101 1.03 1.04 1.07
#=0.0
h=2
OLS 0.9780 0.0019 081 089 093 097 099 1.00 1.01 102 1.03
v 0.9778 0.0021 080 089 093 097 099 100 101 1.02 1.03
DE 0.9778 0.0020 0.80 089 093 097 099 100 101 1.02 1.03
IVDE 0.9775 0.0022 079 089 092 097 099 100 1.01 1.02 1.03
h=14
OLS 0.9585 0.0066 065 079 086 093 098 101 103 1.04 1.07
v 0.9581 0.0070 063 079 0.86 093 098 101 103 104 1.07
DE 0.9572 0.0073 063 079 085 093 098 101 103 1.04 1.07
IVDE 0.9566 0.0079 061 078 0.85 093 098 101 103 104 1.07




Table 14 Mean, variance and percentiles of empirical distributions of P(n) (continued)
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8 =0.1
h=2
OLS 0.9824 0.0015 0.83 091 094 097 099 101 101 1.02 1.04
v 09777 0.0021 080 089 092 097 099 100 1.01 102 1.03
DE 0.9800 0.0018 0.82 090 093 097 099 101 101 1.02 1.03
IVDE 09775 0.0021 0.79 0.89 092 097 099 1.00 101 102 1.03
h=4
OLS 0.9667 0.0053 0.70 0.82 088 094 099 101 1.03 1.04 1.07
v 0.9580 0.0070 0.64 079 086 093 098 101 1.03 1.04 1.07
DE 0.9592 0.0069 0.64 0.79 086 093 098 101 103 1.04 1.07
IVDE 09566 0.0078 0.61 078 0.85 093 098 1.01 1.03 1.04 1.07
#=0.5
h=2
OLS 0.9901 0.0009 0.88 093 095 098 1.00 101 102 102 1.04
v 09777 0.0020 0.80 089 092 097 099 100 101 1.02 1.03
DE 0.9838 0.0014 0.84 091 094 097 099 101 102 102 1.04
IVDE 09775 0.0021 0.79 0.89 092 097 099 1.00 1.01 1.02 1.03
h=4
OLS 0.9811 0.0034 078 087 091 096 099 1.02 104 105 1.08
v 0.9580 0.0069 0.64 079 086 093 098 101 103 1.04 1.07
DE 0.9628 0.0064 0.66 0.81 0.87 094 098 101 103 104 1.07
IVDE 09565 0.0078 0.62 0.78 085 093 098 101 1.03 104 1.07
=079
h =
OLS 0.9916 0.0008 0.89 094 096 098 100 101 1.02 1.03 1.04
v 0.9777 0.0020 0.80 089 092 097 099 100 1.01 1.02 1.03
DE 0.9845 0.0014 0.84 091 094 097 099 101 1.02 102 1.04
IVDE 09774 0.0021 0.79 0.89 092 097 099 100 101 1.02 1.03
h=4
OLS 0.9840 0.0031 0.79 088 092 096 099 102 1.04 105 1.09
v 09579 0.0069 0.64 079 086 093 098 1.01 1.03 104 1.07
DE 0.9634 0.0062 0.66 0.81 087 094 099 1.01 1.03 1.04 1.07
IVDE 09565 00078 062 078 085 093 098 101 103 1.04 1.07



