%‘““‘“\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/

ED

Queen’s Economics Department Working Paper No. 1309

Bootstrap Score Tests for Fractional Integration in
Heteroskedastic ARFIMA Models, with an Application to
Price Dynamics in Commodity Spot and Futures Markets

Giuseppe Cavaliere Morten AYrregaard Nielsen
University of Bologna Queen’s University and CREATES

A.M. Robert Taylor
University of Essex

Department of Economics
Queen’s University
94 University Avenue
Kingston, Ontario, Canada
K7L 3N6

12-2013



Bootstrap Score Tests for Fractional Integration in Heteroskedastic
ARFIMA Models, with an Application to Price Dynamics in
Commodity Spot and Futures Markets*

Giuseppe Cavaliere?, Morten Qrregaard Nielsen® and A.M. Robert Taylor®
@ University of Bologna
b Queen’s University and CREATES
¢ University of Essex

Abstract

Empirical evidence from time series methods which assume the usual I1(0)/I(1) paradigm suggests
that the efficient market hypothesis, stating that spot and futures prices of a commodity should co-
integrate with a unit slope on futures prices, does not hold. However, these statistical methods are
known to be unreliable if the data are fractionally integrated. Moreover, spot and futures price data
tend to display clear patterns of time-varying volatility which also has the potential to invalidate
the use of these methods. Using new tests constructed within a more general heteroskedastic
fractionally integrated model we are able to find a body of evidence in support of the efficient
market hypothesis for a number of commodities. Our new tests are bootstrap implementations of
score-based tests for the order of integration of a fractionally integrated time series. These tests are
designed to be robust to both conditional and unconditional heteroskedasticity of a quite general
and unknown form in the shocks. We show that neither the asymptotic tests nor the analogues of
these which obtain from using a standard i.i.d. bootstrap admit pivotal asymptotic null distributions
in the presence of heteroskedasticity, but that the corresponding tests based on the wild bootstrap
principle do. A Monte Carlo simulation study demonstrates that very significant improvements in
finite sample behaviour can be obtained by the bootstrap wvis-a-vis the corresponding asymptotic
tests in both heteroskedastic and homoskedastic environments.

Keywords: Bootstrap; efficient market hypothesis; fractional integration; score tests; spot and
futures commodity prices; time-varying volatility

J.E.L. Classifications: C12, C22, C58, G13, G14.

1 Introduction

A large body of empirical literature has developed aimed at assessing to what extent futures commodity
markets are efficient. Suppose we let s; denote the (log) spot price of a particular commodity at time

t, and let ft(k) denote the (log) price of the corresponding k-period futures contract at time ¢, with
k a positive constant. Then, in its simplest form, the Efficient Market Hypothesis (EMH, hereafter)

states that in a frictionless market ft(k) is an unbiased predictor of sy1%; that is,

ft(k) = E(styxlZi) (1.1)
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where Z; denotes the available information set; that is, the sigma-algebra generated by current and
past values of z; := (s¢, f;)’. Equivalently, letting ugk) = ft(]_gac — s¢ denote the so-called forward
premium, the relation (1.1) can be reformulated as

E@®,|T) =0, (1.2)

which asserts that the expected forward risk premium is zero. Under the standard assumption of (log)
spot prices being well approximated by (possibly heteroskedastic) I(1) processes, the relations in (1.1)
and (1.2) imply that: (i) t(k) is I(1); (ii) ¢+ and ft(k) are co-integrated; (iii) the co-integrating vector
has the form 8 = (1,—1)’; (iv) the co-integrating residuals (or spread), s; — ft(f)k, form a (possibly
heteroskedastic) martingale difference sequence. Weaker forms of the EMH require that, due to time
varying risk premia, interest rates and storage costs, in equilibrium, the right-hand side of (1.2) is
equal to some arbitrary (possibly nonzero) constant (see, e.g., Luo, 1998), and that in place of (iv)
we have the weaker condition (iv’) ugk) can be described as a mean reverting, stationary (aside from
possible heteroskedasticity) process. Observe that this need not therefore be an 1(0) process, as, for
example, any fractionally integrated I(d) process with d < 1/2 satisfies condition (iv’).

Despite the fairly widespread acceptance of the EMH in theory, the long-run one-for-one relation-
ship between spot and futures prices that it postulates has proven very difficult to verify empirically;
see, for example Baillie and Bollerslev (1994) and Figuerola-Ferretti and Gonzalo (2010) for detailed
discussions of early and more recent empirical evidence, respectively. Although the presence of unit
roots in both spot and futures prices tends to be supported for most commodities when data are ana-
lyzed by means of standard stationarity and unit root tests, most of the early empirical evidence based
on the usual I(0)/I(1) paradigm rejected the hypothesis of any co-integration between spot and future
prices; see the discussion in Westerlund and Narayan (2013) and the references therein. While more
recent approaches, although still based on the standard I(0)/I(1) paradigm, do often find some form
of co-integration for most commodities they still, however, tend to reject the (1,—1)" co-integrating
vector in (iii); see inter alia Figuerola-Ferretti (2010) and Westerlund and Narayan (2013) and the
references therein.

Most of the empirical evidence is based on the following two assumptions: (a) the data are well
described by I(d) processes with d = 0 or d = 1; and (b) the degree of possible (conditional and
unconditional) heteroskedasticity in the series is small enough to guarantee that standard statistical
procedures for integrated and co-integrated conditionally i.i.d. data apply. Both assumptions, however,
would appear to be at odds with the empirical features of price series in both spot and futures markets,
and indeed in financial data more generally.! Regarding (a), researchers have reasonably claimed
that data seem to be better characterised by fractional integration, i.e. by a general I(d) process, in

particular where the forward premium ugk) is concerned; see, for example, Baillie and Bollerslev (1994,
2000). Consequently, inference methods which do not allow for the possibility of fractional integration
in the data will be biased where it is present, in the sense that they will tend to reject (1,—1)" co-
integration between spot and forward prices; see Maynard and Phillips (2001). Regarding (b), it is
now a well established fact that the existence of time-varying conditional and unconditional volatility
can seriously affect standard inference procedures for unit root and co-integration tests (Cavaliere
and Taylor, 2007, 2008a, 2009, and Cavaliere, Rahbek and Taylor, 2014). Hence, existing evidence
against co-integration and/or a (1, —1)" co-integration relation between spot and futures prices is likely
to be affected by time-varying conditional and/or unconditional volatility in the data. Moreover, as
we show in this paper, inference on the fractional integration order is very likely to be affected by
time-varying behaviour in the volatility process; that is, existing evidence of fractional integration in
futures markets may also be driven by non-stationarity in the second-order moments.

In response to these issues we focus on the problem of conducting inference on the fractional in-
tegration (long memory) parameter, based around the score or Lagrange multiplier [LM] principle, in
univariate autoregressive fractionally integrated moving average [ARFIMA| time series which display

!For example, Sensier and van Dijk (2004) report that over 80% of the real and price variables in the Stock and
Watson (1999) data-set reject the null of constant innovation variance, while Loretan and Phillips (1994) report evidence
against the constancy of unconditional variances in stock market returns and exchange-rate data.



time-variation in the volatility process of the driving shocks. We allow for both unconditional hetero-
skedasticity (often referred to as non-stationary volatility in the literature) and conditional heteroske-
dasticity in our analysis. The score test for fractional integration was pioneered by Robinson (1991,
1994) and has been applied in early empirical work by, e.g., Gil-Alana and Robinson (1997), among
numerous other studies. The classical likelihood-based tests, and in particular the score-based tests,
for inference on the long memory parameter have been derived under the assumption of conditionally
(and, hence, unconditionally) homoskedastic shocks; see, among others, Robinson (1994), Agiakloglou
and Newbold (1994), Tanaka (1999), Nielsen (2004), Lobato and Velasco (2007), and Johansen and
Nielsen (2010). Very few contributions in the fractional integration literature investigate the impact of
time-varying volatility on inference in long memory series. A small number of papers have considered
the case where the shocks can display certain forms of conditional heteroskedasticity (but maintaining
the assumption of unconditional homoskedasticity); see, for example, Robinson (1991), Baillie, Chung,
Tieslau (1996), Ling and Li (1997), Ling (2003), Demetrescu, Kuzin and Hassler (2008) and Hassler,
Rodrigues and Rubia (2009). To the best of our knowledge, the only paper in this literature which
allows for non-stationary volatility is Kew and Harris (2009) who propose heteroskedasticity-robust
versions, based around the use of White (1980)-type standard errors, of the recently proposed frac-
tional Dickey-Fuller-type regression-based test of Dolado, Gonzalo and Mayoral (2002) and Lobato
and Velasco (2006).

This paper aims to make two distinct contributions to the literature. Our first contribution is to
the theoretical econometrics literature. Here we first examine the impact of time-varying conditional
and/or unconditional volatility on standard score-based tests for the long memory parameter. Our
analysis is based on a new framework which includes the general form of non-stationary volatility con-
sidered in Cavaliere and Taylor (2005, 2008a) as a special case and also includes a set of conditional
heteroskedasticity conditions which are similar to those employed in Robinson (1991), Demetrescu,
Kuzin and Hassler (2008) and Hassler, Rodrigues and Rubia (2009), among others. Neither of these
conditions involve specifying a parametric model for the volatility process. We show, in the context
of the resulting conditionally and unconditionally heteroskedastic ARFIMA model, that the limiting
distributions of the score test statistics under both the null and local alternatives are non-pivotal
with their functional form depending on nuisance parameters which derive from the heteroskedasticity
present in the shocks. Consequently inference based on conventional asymptotic critical values leads
to tests which are not in general asymptotically correctly sized under the null when heteroskedasticity
is present. In response to this we then propose bootstrap implementations of the aforementioned score
tests. We examine both standard (or i.i.d.) bootstrap and wild bootstrap based implementations of
the tests. We show that the i.i.d. bootstrap correctly replicates the asymptotic null distribution of
the standard test statistics only under constant volatility so that inference will again not be pivotal
under unconditional or conditional heteroskedasticity. However, the wild bootstrap implementations
are shown to correctly replicate the limiting null distributions of the test statistics. As a consequence,
asymptotically valid bootstrap inference can be performed in the presence of time-varying volatility
using the wild bootstrap versions of these tests. Simulation evidence is reported which clearly demon-
strates the superior finite sample properties of our proposed bootstrap tests over their asymptotic
counterparts in both homoskedastic and heteroskedastic environments.

Our second contribution is to employ our newly developed tests to re-analyse the sample of daily
data covering the period 2005-2011 for four commodities — gold, silver, platinum and crude oil —
recently analysed in Westerlund and Narayan (2013). As Narayan, Huson and Narayan (2012) point
out, these four commodities together constitute 76% of total commodities trading, with crude oil
the most commonly traded commodity. Westerlund and Narayan (2013) find strong evidence of
conditional heteroskedasticity in both the spot and futures prices of each of these commodities and,
as a result, recommend using weighted least squares, based on the assumption that volatility follows
a finite-order ARCH process, to estimate the co-integrating relationship between the spot and futures
prices, again within an I(0)/I(1) paradigm. In recognition of the financial crisis, and the associated
increase in the unconditional volatility apparent in all of these series, they also consider splitting
the sample at September 2008. The methods which we develop in this paper allow us to control
for a wide class of conditionally heteroskedastic processes without the need to specify a parametric



model, unlike Westerlund and Narayan (2013) who need to, and simultaneously to allow for changes
in the unconditional volatility of the process, including any which might be associated with the recent
financial crisis. At the same time our methods allow us to move beyond the strictures of the pure
I(0)/I(1) paradigm, thereby permitting valid testing on condition (iv’) in cases where the spread is
stationary but not I1(0). We find significant evidence of conditional heteroskedasticity in all of the series
and of unconditional heteroskedasticity in all but the silver series. The results from our bootstrap tests
suggest that the EMH holds within a standard I(1) to I(0) co-integrated relationship for silver and
platinum. For gold the EMH is accepted but within a stationary fractionally co-integrated relationship.
For oil, our results suggests that the spread is fractionally co-integrated but non-stationary. A rolling
sub-sample analysis of the data is also reported and this does not appear to uncover any major
within-sample departures from these conclusions based on the full-sample.

The remainder of the paper is organised as follows. Section 2 outlines our heteroskedastic, frac-
tionally integrated ARFIMA model. Section 3 analyses the effects of time-varying volatility on the
large sample behaviour of the standard (asymptotic) score-based tests for hypotheses on the fractional
integration parameter. The bootstrap algorithms and related bootstrap score-based tests are outlined
in section 4, and the large sample properties of the bootstrap procedures are established. The results
of a Monte Carlo study are given in section 5. Section 6 contains the empirical analysis of the efficient
market hypothesis for futures markets, and section 7 concludes. Mathematical proofs are contained
in the appendix.

In the following, — denotes weak convergence, 2 convergence in probability, Ly convergence in
L,-norm, and ﬂp weak convergence in probability, in each case as T' — oo; for any space A, int(A)
denotes the interior of A; I(-) denotes the indicator function; z := y indicates that x is defined by y;
for any square matrix, A, ||A| is used to denote the norm ||A||* := tr {A’A}; for any vector, z, ||z||
denotes the usual Euclidean norm, |z| := (m’x)1/2; for any matrix, A, (A)y, denotes its (m,n)’th
element and for any vector, z, (x),, denotes its m’th element; for any real number, z, |z] denotes the
integer part of . Throughout, we use the notation K for a generic, finite constant.

2 The Heteroskedastic ARFIMA Model

Suppose we observe the real-valued, fractionally integrated stochastic process {y;,t = 1,2,...,T} gen-
erated by the linear model
Alyy = uy, (2.1)

where the operator Ai is given by Aizt = Ayl (t>1) = Ef;é 7; (—d) zi—; with

i (v) == I'(v+1) :U(U'i‘l)...(v—i—i_l)

['(v)T(1413) i! (22)

denoting the coefficients in the usual binomial expansion of (1 — z)~". The unobserved error process
{u:} is assumed to have the following ARMA(p, ¢) generating mechanism

c(L,)us = ey, (2.3)

where ¢ (z,v) := a(z,¢) /b(z,v) and a (z,%) and b (z,1) are polynomial functions (of orders p and ¢,
respectively) in the complex variate z, depending on the k x 1 parameter vector ¢). The polynomials
are assumed to satisfy the following standard conditions,

Assumption R The parameter space for v is ¥, which is convex, compact, and such that, for all
Y € WU, the polynomial functions a (z,) and b(z,v) of the complex variate z have no common roots
and all their roots lie strictly outside the unit circle.

As is standard in this literature, the orders p and ¢ are assumed known, although in practice they
could be determined by general-to-specific testing or by an information criterion such as the usual BIC,
the latter being valid under both homoskedasticity and non-stationary volatility. The parameters of
the model are collected in the vector v := (d,v’)" with true value denoted by o := (do, )"



The innovation process {e;} is taken to satisfy the following assumption which embodies both
unconditional heteroskedasticity (part (a)) and conditional heteroskedasticity (part (b)):

Assumption V The innovations {e;} are such that e = oz, where {o:} and {z:} satisfy the

conditions in parts (a) and (b), respectively, below:

(a) {0t} is non-stochastic and satisfies oy := o (t/T) > 0 for all t = 1,...,T, where o (-) € D[0, 1],
the space of cadlag functions on [0, 1].

(b) {z:} is a martingale difference sequence with respect to the natural filtration F, the sigma-field
generated by {zs}s<t, such that Fr_y C Fy for t = ..., —1,0,1,2,..., and satisfies

(i) B(zf) =1,

(i) 75 == E(ztzzt_rzt_s) is uniformly bounded for all t > 1,7 > 0,s > 0, where also 7., > 0

for all r >0,

(iii) For all integers q such that 3 < q < 8 and for all integers ry,...,rq—2 > 1, the q’th order cu-
mulants kiq(t, t,t—r1, ..., t=rq 2) of (2t 2t, Zt—rys - - - » 2t—r,_») SaLisfy sup, Z?f,...,rq,zzl |kq(t, T, t—
T1,...,t—Tq_2)| < o0.

A special case of Assumption V, where o (-) is constant and {z:} is conditionally homoskedastic,
is, in addition to a higher-order moment condition, the following classical assumption.

Assumption H The innovations {e;} form a martingale difference sequence with respect to the

filtration Fi, where, almost surely, E (€%|-7:t—1) =02,

Assumption H is a conditional homoskedasticity requirement for martingale differences, which
goes back to, at least, Hannan (1973), and has become rather standard in the time series literature.
Conversely, Assumption V allows for both conditional and unconditional heteroskedasticity of very
general forms.

The conditions in part (a) of Assumption V, see Cavaliere and Taylor (2008a), imply that the
unconditional innovation variance o7 is only required to be bounded and to display at most a countable
number of jumps, therefore allowing for an extremely wide class of potential models for the behaviour
of the unconditional variance of ¢;. Models of single or multiple variance shifts, satisfy part (a) of
Assumption V with o (-) piecewise constant. For instance, the case of a single break at time |7'7]
obtains for o (u) := o9+ (01 —00)I(u > 7). If 0 () is an affine function, then oy displays a linear trend.
Piecewise affine functions are also permitted, thereby allowing for variances which follow a broken
trend, as are smooth transition variance shifts. The requirement within part (a) of Assumption V
that o (-) is non-stochastic is made in order to simplify the analysis, but can be generalised to allow
for cases where o (-) is stochastic and independent of z;; see Cavaliere and Taylor (2009) for further
details.

Part (b) of Assumption V allows for conditional heteroskedasticity in {z;}. We do not assume
a parametric model of the generalized autoregressive conditional heteroskedasticity form as in, e.g.,
Baillie et al. (1996), Ling and Li (1997) and Ling (2003). Instead, the conditions in Assumption V(b)
allow for conditional heteroskedasticity of unknown and very general form and are typical of those used
in this literature; see, for example, Robinson (1991), Demetrescu, Kuzin and Hassler (2008), Hassler,
Rodrigues and Rubia (2009) and Kew and Harris (2009). However, we note that the conditions
given in part (b) of Assumption V are somewhat weaker than required by these authors. First of all,
they impose the assumption that, for any integer ¢, 2 < ¢ < 8, and for ¢ non-negative integers s;,
E(TT{Z; 2!) = 0 when at least one s; is exactly one and )], s; < 8, see, e.g., Assumption E(e) of
Kew and Harris (2009). This implies, in particular, that 7, = 0 for r # s, which rules out a large
class of asymmetric conditionally heteroskedastic processes. We are not aware of any other work in
the fractional integration literature that allows for 7.4 # 0. Secondly, these authors assume strict
stationarity of z;, which we do not.



Remark 2.1 Observe that the moment condition sup, E|z|® < oo, imposed by a number of other
authors, is necessary for part (b)(iii) with ¢ = 8 to hold and therefore is not stated explicitly. Moreover,
notice that the boundedness assumption in (b)(ii) does in fact follow from the conditions imposed in
(b)(iii). Finally, notice also that the assumption that z; is a martingale difference sequence implies
that for any k,(+), ¢ > 2, if the highest argument in the cumulant appears only once, then the cumulant
is zero. This result is stated and formally proved in Lemma A.1 in the appendix. For this reason, our
stated assumptions deal only with cumulants where the first two (the highest) arguments coincide.

Remark 2.2 Since o, depends on (¢/7'), a time series generated according to Assumption V form-
ally constitutes a triangular array of the type {e7; : 0 < ¢ < T,T > 1}, where ep; = o742 and
ort = o(t/T). Because the triangular array notation is not essential, for simplicity the subscript T is
suppressed in the sequel.

Remark 2.3 Deterministic terms such as unknown mean, trend, and/or seasonal dummies can also
be added to the model by assuming that the observed process is 8'x;+y;, where y; is generated by (2.1),
2 is the deterministic term, and the coefficient 3 is estimated by maximum likelihood jointly with the
other parameters. Under very weak conditions, not even requiring the usual Grenander-Rosenblatt
assumptions, estimated deterministic terms would not alter the form of the asymptotic distributions
given in this paper due to the block-diagonality of the Hessian matrix; see, for example, Robinson
(1994) and Nielsen (2004). However, we leave out deterministic terms to simplify the notation and
discussion.

Remark 2.4 Our model (2.1) is fractionally integrated of type II, where the fractional differencing
filter is truncated, i.e. the AL operator. Alternatively, a fractional model of type I would apply integer
differencing until the fractional integration order of y; is in the interval (—1/2,1/2), and then apply
the untruncated fractional differencing operator. The type II model applied in this paper has the
advantage that it is applicable for any value of d and without any prior knowledge of the integration
order. O

3 Score-based Tests on d

In this section we first derive one-sided and two-sided (quasi-) score tests under the assumption of
homoskedastic Gaussian innovations. We then establish the large sample properties of the standard
(asymptotic) test statistics based on comparing these statistics with standard (homoskedastic) critical
values when the innovations in fact display unconditional and/or conditional heteroskedasticity of an
unknown form as given in Assumption V.

The main focus in this paper is thus to test the null hypothesis

Hy:d=d (3.1)

in the context of (2.1). We will test this hypothesis by using score tests in the time domain. The
score tests may be performed against either a one-sided or a two-sided alternative. An example of
the former is Hy : d < d, in which case d > d is implicitly part of the null, or vice versa. On the
other hand, the more traditional two-sided score test is performed against the two-sided alternative,
H; : d # d. The one-sided score test is often referred to as Rao’s score test; see Lehmann and Romano
(2005, pp. 512, 566) for further details. In what follows we will refer to the one-sided score test simply
as the score test, and the two-sided score test as the LM test.

To derive the test statistics, first define & (v) = & (d,¢) = c¢(L,%) A%y,. Then the (Gaus-
sian) log-likelihood function, conditionally on the initial values and under the assumption of constant
variance, o () = o, is given, up to a constant term, by

L(d,¢,0%) = —g log (0°) — 5= > & (d,¢)*.

Concentrating out the nuisance parameter o2 yields, aside from a constant, the concentrated likelihood

0(d,) i= — 7 Tog (67 (d, ) (3:2)



where
T
52 Z (3.3)

The unrestricted conditional quasi-maximum hkehhood [QML] estimator is then given as the maxim-
izer of (3.2), which is equivalent to the conditional sum-of-squares estimator given as the minimizer of
(3.3). To calculate the score and LM test statistics, estimation is carried out under the null hypothesis.
To that end, let a tilde (7) denote an estimator obtained under the restrictions of the null, i.e. while
fixing d = d. Specifically,

ﬂ \

Y= arggfez%(ﬁ (d @D) = arg melna (d @ZJ) (3.4)

and the estimator of the full parameter vector v under the null is then given by 5 = (d, o ).
Let Dp(y) := 0L () /0y and Hrp(y) := 0?£(y) /0v0~' denote the score vector and Hessian matrix,
respectively, of the likelihood. We will consider the following one-sided score statistic,?

Sir = Dr()1y/ —Hp' (), (3.5)
as well as its square, which is the more traditional LM test statistic,
Sor := =Dr(3) Hy (3)Dr (7). (3.6)

Under the null hypothesis (3.1) and homoskedasticity, as in Assumption H, the tests statistics (3.5) and
(3.6) are asymptotically N(0,1) and x? distributed, respectively; see, for example, Robinson (1994),
Tanaka (1999), or Nielsen (2004). The former result motivates the use of (3.5) as a test of (3.1)
against one-sided alternatives, where the null would be rejected in favor of the right-tailed alternative
if S17 > Z1_4, where Z1_, is such that P(Z > Z1_,) = a when Z ~ N(0, 1), and vice versa for the
left-tailed test; see Robinson (1994, p. 1424) for details. This allows the testing of interesting one-sided
hypotheses such as testing d = 1/2 against either d < 1/2 or against d > 1/2, or testing the unit root
d =1 against d < 1, or even d = 2 against d < 2 to check whether y; is I(2). Of course one-sided tests
will be more powerful than two-sided tests (in the correct tail).

We now turn to detailing the asymptotic behaviour of the statistics (3.5) and (3.6) under un-
conditional and/or conditional homoskedasticity of the form given in Assumption V. To do so, we
introduce the parameter w? which derives from the weak dependence present in the shocks. In the
simplest case, where p = ¢ = 0, w? = (72/6)~!. In order to obtain a general expression for cases where

(p,q) # (0,0), first define £ (z,7) := dlog ((1 —2)4c (z,w)) /Oy and & (2) = £ (z,7) =: Zj; &2

Observe in this expression that §; = (—j_l,c;.)’ , where c¢; is defined as the coefficient on 2/ in the

expansion of dlogc(z,v)/ 81/)|¢:w0 in powers of z. Under Assumption R, it holds that ¢; decays

exponentially. Further define
ZOO 2 / 6 «

with k= -2, j tej and @ = 721 ¢jcy; notice that, under Assumption R the matrix = is finite

and positive definite. With these definitions, w? := (271); 1 = (72/6 — k'@ 1k)~L. Tt is easily shown
that ® is the Fisher information for ¢; for example, if {u;} is an AR(1) process with coefficient a then
cj=—a’"tand ® = (1-a?)"L.

Where conditional heteroskedasticity is present in {z;} we also need to define the quantity?
o
= > &&GTik
jk=1

where the 7 coefficients derive from the higher-order dependence in the shocks induced by the
conditional heteroskedasticity; see part (b) of Assumption V. In such cases, the relevant quantity is

*Note that —H;'(5)11 is not guaranteed to be positive in finite samples. To circumvent this issue, —Hr (%) could be
replaced by a positive definite estimator of its asymptotic limit Zo given in (3.7), although we prefer the computationally
simpler version given here.

3Note that Assumptions R and V imply that Y is finite. This follows because ||&;]| < K ™! under Assumption R,
and using condition (b)(iii) of Assumption V we thus find [[Y]| < 3775 ) 1§16kl < K 32754 G T < 0.
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now given by w? := (E71T="1); 1. If {2} is conditionally homoskedastic, then 7;; = I(j = k) such
that T = Z;; §;€; = E, and, hence, w? = w?.

In order to investigate the impact of heteroskedasticity on both the asymptotic size and local power
of the tests we will derive asymptotic distributions under the relevant (local) Pitman drift alternative;
that is,

Hl,T tdo = dor = J+ (5/\/?, (38)

where § is a fixed scalar. Notice that for § = 0, Hy 1 reduces to Hy of (3.1).

Theorem 1 Let Assumptions R and V be satisfied and assume that vy € int(V). Then, under Hyp
of (3.8), it holds that

2
Sip % ()\%)1/2]\7(513’1)\’1/2, 1) (3.9)
w T 2 (52 _—2y—1
Sor — (Aﬁ)h (P27, (3.10)

where \ := (fol 04(s)ds)/(f01 o2(s)ds)?.

Corollary 1 Let the conditions of Theorem 1 be satisfied. Under Hy of (3.1),

NG 1/2
Sur % 0 5) 2N (0,1), (3.11)
2
w w
Sor — (Aﬁ)X% (3.12)

We next discuss the results in Theorem 1 and Corollary 1.

Remark 3.1 Suppose that there is no conditional heteroskedasticity present in {z:}, such that
w? = w?. Here the right members of (3.9) and (3.10) simplify to N(dw ™, A) and A3 (*w™2A71),
respectively. These limits depend on the scalar parameter A, which is then a measure of the degree of
unconditional heteroskedasticity present in the process {e;}. For a homoskedastic process, where o(-)
is constant, A\ = 1, whereas when o(+) is non-constant A > 1 by the Cauchy-Schwarz inequality. For
the single break in volatility example discussed in Remark 2.1 with o9 = 1 and 01 = 3 (017 = 1/3) then:
for 7 = 0.25 we find A = 1.245(2.333); for 7 = 0.75, A = 2.333(1.245), and for 7 = 0.5, A = 1.640
in both cases. On the other hand, under constant unconditional volatility, A = 1, the right members
of (3.9) and (3.10) simplify to (f—;)l/gN(éw_l, 1) and (Z—j)x% (6%cw™2), respectively, so that both the
asymptotic size and local power functions of Si7 and Ss7 depend on both w? and w?. O

Theorem 1 and Corollary 1 contain three key results. For concreteness, this discussion is based on
the two-sided LM test, but similar remarks can be made about the one-sided score test.

1. If the errors are (conditionally) homoskedastic then A = 1 and Z—; =1 and the standard results
are special cases of the representations in (3.9) and (3.10). Specifically, under (3.8) and Assump-
tion H it follows from Robinson (1994) that the Sor test statistic is asymptotically non-central
X7 distributed with non-centrality parameter 62w ™2; that is, Sor — x3(0%w™2).

2. Under the null, § = 0, the asymptotic distribution of Sor is (/\%22))(%, see (3.12). When the

factor )\f—; > 1, for example if A > 1 and f—; = 1, it therefore follows that the LM test will
over-reject asymptotically. Notice also therefore that a necessary (but not sufficient) condition
for under-rejection to occur in the limit is for conditional heteroskedasticity to be present in {z;}.
Specifically, the LM test rejects if Sop > Xil_a, where X%,l—a is such that P(x? > Xil—a) = q.
Thus, rejection occurs with probability converging to

w2 w2 wZ
P(A—5)xi > Xla-a) = POA > X110/ 5)) = 1= A1/ (A 3)): (3.13)

where F}(-) denotes the cumulative density function [cdf] of the (central) x? distribution. To
illustrate this phenomenon, the asymptotig size of the LM test under heteroskedasticity is shown
in Figure 1 as a function of the factor A%;.



Figure 1. Asymptotic size of Sop under heteroskedasticity at 5% nominal level
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3. Under local alternatives the non-centrality parameter is scaled by ()\%22)*1, compared to the
homoskedastic case, and the entire asymptotic distribution of Syp is scaled by )\%22. The size-
corrected LM test rejects when Sop > ()\%22))(%,170{ such that size-corrected asymptotic local
power is given by

2
o o _ w
P(X%(62w QA 1) > Xil—oz) - l_Fl(X%,l—oz?62w 2)‘ 1) = 1_F1(X%,1—o¢752w 2/(AF))7 (314)
where Fi(-,c) is the cdf of the non-central x? distribution with non-centrality parameter c. An
implication of this is that the size-corrected asymptotic local power function of the Sor test will
2
be monotonically decreasing in AT for a given value of 6. The size-corrected asymptotic local

power of Syp for various choices of /\f—; and/or ¢ are illustrated in Figures 2 and 3 (the figures
are displayed with w? = (72/6)71).

The results in Theorem 1 and Corollary 1 therefore establish that the standard tests (obtained
under the assumption of homoskedasticity) are not asymptotically correctly sized under heteroske-
dasticity of the form given in Assumption ¥V and that these tests will also have asymptotic local power
properties that depend on the degree of heteroskedasticity present in the process even when size-
corrected. The finite sample effects of a variety of shock processes which display a one-time change
in variance and/or a GARCH-type structure on the size and power properties of the LM test will be
quantified by Monte Carlo simulation methods in section 5.

Remark 3.2 In the Gaussian homoskedastic single-parameter model the one-sided test based on
(3.5) is asymptotically uniformly most powerful (UMP), and the two-sided test based on (3.6) is
asymptotically UMP unbiased, see Tanaka (1999) and Nielsen (2004) for the fractional model or
Lehmann and Romano (2005) for a general treatment. O



Figure 2. Size-corrected asymptotic local power of Ser under heteroskedasticity

4 Bootstrap Inference

In this section we outline bootstrap-based analogues of the score and LM tests from section 3. We
will first consider tests based on the wild bootstrap principle in section 4.1 and will subsequently also
discuss in section 4.2 the corresponding tests based on the i.i.d. bootstrap. We will demonstrate that
the wild bootstrap implementations of these tests are asymptotically valid under heteroskedasticity of
unknown form since they correctly replicate the large sample distributions of the test statistics. This
is shown not to hold for the i.i.d. bootstrap tests.

4.1 The Wild Bootstrap Algorithm

We first outline our proposed algorithm which draws on the wild bootstrap literature; see, inter alia,
Wu (1986), Liu (1988) and Mammen (1993).

ALGORITHM 1 (WILD BOOTSTRAP):

(i) Estimate model (2.1)-(2.3) under the null hypothesis (3.1) using Gaussian QML yielding the

estimates (d, 1), see (3.4), together with the corresponding residuals, &, :=£&;(d, v).

(ii) Compute the re-centered residuals &.; := & — 71 ZZ'T:1 €; and construct the bootstrap errors
ef := Ecpwy, where wy, t=1,..., T, is an i.i.d. sequence with E(w;) = 0, E(w?) = 1 and E(w}) <
0.

(iii) Construct the bootstrap sample {y;} from
y; = A;‘iu,’f,u;‘ = (L) er, t=1,..,T, (4.1)

with the T bootstrap errors € generated in step (ii) and with ¢f = 0 for ¢t <0.

10



Figure 3. Size-corrected asymptotic local power of Ser under heteroskedasticity

(iv) Using the bootstrap sample, {y;}, compute the bootstrap test statistic S, denoting either the
score statistic (i = 1) or the LM statistic (¢ = 2), as detailed in section 3. If S}, is the score test
statistic for a left-tailed test, define the corresponding p-value as Pj := G (Sir), and if S} is
the score test statistic for a right-tailed test or the LM test statistic, define the corresponding
p-value as Pr :=1— G (S;r). In either case, G} (-) denotes the conditional (on the original
data) cdf of

(v) The wild bootstrap test of Hy against H; (defined in accordance with the test statistic) at level
a rejects if P < a.

Remark 4.1 In the context of stationary data, it is often seen in the wild bootstrap literature
(for a review, see Davidson and Flachaire, 2008) that improved bootstrap accuracy can be achieved
by generating the pseudo-data according to an asymmetric distribution with E(w;) = 0, E(w?) = 1
and E(w}) = 1 (Liu, 1988). A well-known example of this is the Mammen (1993) distribution:
P(w; = —0.5(v/5 - 1)) = 0.5(v/5+ 1)/v5 = 7, P(w; = 0.5(v/5+ 1)) = 1 — 7. Two other commonly
used distributions are the simple two-point distribution P(w; = —1) = P(w; = 1) = 0.5 and an i.i.d.
N(0,1) sequence. The large sample properties of the resulting bootstrap tests are not affected by this
choice, since all that is required in Algorithm 1(iii) is F(w;) = 0, E(w?) = 1 and E(w}) < oo. In
simulations we found that, of these three distributions, the simple two-point distribution gave slightly
better small sample performance than the other two, and so the results presented in section 5 relate
to the use of the simple two-point distribution for w;.

Remark 4.2 In step (i) of Algorithm 1 the parameters characterizing (2.1), which are then used
in constructing the bootstrap sample data in steps (ii) and (iii), are estimated under the restriction
of the null hypothesis, Hy of (3.1). It is also possible to estimate these parameters unrestrictedly
and subsequently calculate a bootstrap test statistic for the hypothesis that d = d where d is the
unrestricted estimate of d obtained from the original sample data. A finite sample comparison of

11



these two possible approaches is conducted in section 5, where it is shown that the bootstrap based
on restricted estimates is preferred.

Remark 4.3 In practice, the cdf G7.(-) required in step (iv) of Algorithm 1 will be unknown, but
can be approximated in the usual way through numerical simulation. This is achieved by generating
B (conditionally) independent bootstrap statistics, S}, ¢ = 1,2, for b = 1,..., B, computed as in
Algorithm 1 above. The simulated bootstrap p-value for Sep, for example, is then computed as
Pi:= B! 25:1 1(S4r., > Sar), and is such that P} “3 P as B — oco. The choice of B is discussed

by, inter alia, Andrews and Buchinsky (2000) and Davidson and MacKinnon (2000). O

In Theorem 2 and Corollary 2, we now provide results which establish the asymptotic validity of our
proposed wild bootstrap fractional integration tests. For these results to hold we need to strengthen
part (i) of Assumption V(b) as follows:

Assumption V' Assumption V holds with (i) replaced by:

(ii") 75 = E(222_r2_s) is uniformly bounded for all t > 1,7 > 0,5 > 0, where Trr > 0 for all
r >0 and 7.5 =0 for r # s.

Remark 4.4 Assumption V' imposes the additional condition that Trs = 0 for r # s. However,
Assumption V' is still slightly weaker than the corresponding conditions imposed in Robinson (1991),
Demetrescu, Kuzin and Hassler (2008), Hassler, Rodrigues and Rubia (2009) and Kew and Harris
(2009), see the remarks after Assumption V. O

Theorem 2 Let Assumptions R and V' hold. Then under (3.8) it holds that

o?
w2
2
* W w 2
Sor —p (A—wz X1

Sir “p (A—5)'2N(0,1),

Theorem 2 has the following corollary, where P; denotes the (wild bootstrap) p-value associated
with any of the test statistics considered.

Corollary 2 Let the conditions of Theorem 2 be satisfied. Under the null hypothesis (3.1), Py =
U0,1], i.e. a uniform distribution on [0,1].

An immediate implication of the result in Corollary 2 is that the wild bootstrap implementations
of the one-sided score and two-sided LM tests will have correct asymptotic size in the presence of both
unconditional and conditional heteroskedasticity of the form given in Assumption V’. Notice that
these results are trivially also seen to be true under conditional homoskedasticity since that special
case is contained within both Assumptions V and V’'. Moreover, the results in Theorem 2 also imply
immediately that, under Assumption V', the wild bootstrap tests will attain the same asymptotic local
power function as the size-adjusted asymptotic tests; cf. Theorem 1.

4.2 The i.i.d. Bootstrap Algorithm

We next lay out the i.i.d. bootstrap analogue of Algorithm 1. This yields i.i.d. bootstrap variants of
the wild bootstrap tests from section 4.1.

ALGORITHM 2 (I..D. BOOTSTRAP):

(i) As in Algorithm 1.

(ii) Compute the re-centered residuals é.; = & — T -1 Zz‘T:1 &; and construct the bootstrap errors
e == €.u,, where Uy, t = 1,...,T is an ii.d. sequence of discrete random variables from the
uniform distribution on {1,2,...,7T}.

12



iii) Construct the bootstrap sample {y;*} from (4.1) using the T" bootstrap errors €;* generated in
p ple 1Yy g P t 8
step (ii) and e;* = 0 for ¢ < 0.

(iv) Using the bootstrap sample, {y;*}, compute the bootstrap test statistic S}, denoting either the
score statistic (¢ = 1) or the LM statistic (i = 2), as detailed in section 3. If S}} is the score test
statistic for a left-tailed test, define the corresponding p-value as Pj* := G} (S;r), and if S} is
the score test statistic for a right-tailed test or the LM test statistic, define the corresponding
p-value as P;* := 1 — G (Sir). In either case, G}7(-) denotes the conditional (on the original
data) cdf of S

(v) The i.i.d. bootstrap test of Hy against H; at level « rejects if P < a.

In Theorem 3, we now detail the large sample properties of the resulting i.i.d. bootstrap tests from
Algorithm 2. Note that this theorem is valid under Assumption V, without the need to strengthen
this with the stronger moment condition in Assumption V.

Theorem 3 Let Assumptions R and V be satisfied. Then, under (3.8), it holds that

ST’; E’p N(07 ]-)7
Sor g:0 X%-

The result in Theorem 3 demonstrates that the i.i.d. bootstrap statistics, S}, correctly replicate

the asymptotic null distribution of the corresponding original statistic, S;r, only when /\f—z2 =1, as
holds in the homoskedastic case.

Corollary 3 Let the conditions of Theorem 8 be satisfied and suppose in addition that the homoske-
dastic Assumption H holds. Then, under the null hypothesis (3.1), the i.i.d. bootstrap p-value for Sip,
i = 1,2, satisfies P+ % U0, 1].

The result in Corollary 3 establishes that the i.i.d. bootstrap implementations of the score and LM
tests are asymptotically correctly sized only in the homoskedastic case.

5 Monte Carlo Simulations

In this section we use Monte Carlo simulation methods to compare the finite sample size and power
properties of the asymptotic tests and their bootstrap implementations described above, for both
homoskedastic and heteroskedastic errors. To conserve space in the tables, we present results only for
the two-sided LM statistic (results for the one-sided score test statistics are qualitatively similar).

5.1 Monte Carlo Setup

The Monte Carlo data are simulated from the model (2.1) with errors
(1 —aLl)uy = (14 bL)ey,

where €; = 0,2 and oy, z; are defined in the subsections below.

We report results for sample sizes T = 100 and T° = 250, and under T' = oo we also report
the asymptotic size (for 6 = 0) or size corrected local power (for 6 # 0) calculated from (3.13) and
(3.14). Note that the simulated finite sample power of the asymptotic test has been size corrected,
while the reported power values for its bootstrap implementations have not been size corrected. All
tests were computed at 5% nominal size. The LM test statistic in (3.6) was implemented using
numerical derivatives. For the bootstrap implementations, we used 499 bootstrap replications and
the i.i.d. sequence w; for the wild bootstrap was chosen as P(w; = —1) = P(w; = 1) = 0.5. All
simulation results were done in Ox version 6.3, see Doornik (2007), and are based on 10,000 Monte
Carlo replications.
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Table 1. Simulated size and power: one-time shift in unconditional volatility

size power
BS null BS alt. BS null BS alt.
T 0 T A asy iid. wild iid.  wild asy iid.  wild iid.  wild
1 100 1 5.87  5.02 495 502 5.09 40.58 40.22 39.62 40.33 41.41
1 250 1 5.16 4.78 4.73 4.81 4.93 44.97 44.01 43.85 44.11 44.31

1 00 1 5.00 5.00  5.00 5.00  5.00 48.56 48.56 48.56 48.56  48.56
1/4 1/3 100 2.333 1778 1642 528 1646 6.73 19.46 40.82 21.06 40.69 23.29
1/4 1/3 250 2.333 18.71 1831 4.60 18.39 5.32 22.85 4426 21.66 44.30 22.67
1/4 1/3 oo 2.333 19.95 1995 5.00 19.95 5.00 2424 2424 2424 2424 2424

1/4 3 100 1.245 9.37 8.20 5.38 8.25 5.74 30.63 39.32 31.69 39.17 32.68
1/4 3 250  1.245 8.17 7.61 5.03 7.62 5.17 36.36 44.48 36.34 44.34 36.92
1/4 3 oo  1.245 7.90 7.90 5.00 7.90 5.00 40.69 40.69 40.69 40.69 40.69
3/4 1/3 100 1.245 8.36 741 5.21 7.37  5.66 33.50 40.82 32.98 40.76 34.33
3/4 1/3 250 1.245 8.43 7.82 5.24 7.78 5.42 34.41 43.27 35.18 43.37 35.70
3/4 1/3 oo 1.245 7.90 7.90 5.00 7.90 5.00 40.69 40.69 40.69 40.69 40.69
3/4 3 100 2.333 19.78 18.51 5.55 1843 6.91 16.92 3935 18.14 39.41 20.45

3/4 3 250 2.333 19.02 18.59 524 1846 5.86 19.41 43.08 19.60 4291 20.97
3/4 3 oo 2333 19.95 1995 5.00 19.95 5.00 2424 2424 2424 2424 2424

Notes: Entries for finite T are simulated rejection frequencies of the tests. Entries for T' = oo are calculated from (3.13)

and (3.14). Power is measured at 6 = 1.5 and is size corrected for the asymptotic test, but not size corrected for the
bootstrap tests. The bootstrap procedures are based on B = 499 bootstrap replications and all entries are based on
10,000 Monte Carlo replications.

5.2 Results With Unconditionally Heteroskedastic, Uncorrelated Errors

We shall first consider the case where the shocks do not display weak dependence (i.e., a = b = 0) and
analyse the impact of unconditional heteroskedasticity on the tests, uncontaminated by the influence
of weak dependence. Suppose {z;} is conditionally homoskedastic. Specifically, we simulate it as an
i.id. N(0,1) sequence.

The unconditional variance profile is generated according to the following one-shift volatility pro-

cess,

of = 0f + (0F — o) I(t > 7T),

that is, there is an abrupt single shift in the variance from 03 to o? at time 7T, for some 7 € (0,1).
Without loss of generality we normalize 03 = 1. We let the break date vary among 7 € {1/4,3/4}
and vary the ratio 0 := o1 /09 among 6 € {1/3,1,3}. Note that § = 1 corresponds to homoskedastic
errors, in which case 7 is irrelevant. These values of 7 and 6 are motivated by the so-called “great
moderation” and the recent financial crisis, as mentioned in the introduction, suggesting a decline in
the volatility early in the sample and an increase in the volatility late in the sample, respectively.

The results for the case with conditionally homoskedastic {z;} are given in Table 1. Even in the
homoskedastic case (the rows relating to § = 1 in Table 1), a comparison between the results for
the asymptotic LM test and the corresponding results for the i.i.d. bootstrap test (Algorithm 2) and
wild bootstrap test (Algorithm 1) shows that the bootstrap can deliver some improvement over the
empirical size of the asymptotic LM test. For example, for 7' = 100 the empirical rejection frequency
of the Sor test is 5.87% while that of the corresponding wild bootstrap test is 4.95%.

It is where heteroskedasticity is present in the shocks (the rows where 6 # 1) that the wild bootstrap
based tests clearly display their superiority over the other available tests. From the results in Table 1
we see that the asymptotic LM test can be severely over-sized with this phenomenon persisting as the
sample size is increased, as predicted by the asymptotic distribution theory in Theorem 1. Again as
predicted by Theorem 1 the degree of over-sizing seen in the asymptotic test worsens as A increases.
For example, in the two cases where A = 2.333 (see Remark 3.1 and column 4 in Table 1) we see
that the empirical rejection frequency of these tests is about 19% regardless of the sample size. The
i.i.d. bootstrap analogue of the LM test in displays much the same patterns of size distortions as the
asymptotic test, as predicted by Theorem 3. The wild bootstrap test is clearly the best performing
test in Table 1 and displays excellent size control throughout; the largest entry relating to size for
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the wild bootstrap test calculated under the null is a rejection frequency of 5.55% which occurs for
T = 100 with 7 = 0.75 and 0 = 3. A comparison of the size results for bootstrap tests calculated
under the null and under the alternative in Table 1 suggests that finite sample size control is superior
for the bootstrap tests which impose the null in estimating the parameters of (2.1), as in step (i) of
Algorithm 1, rather than those which use unrestricted estimates, as discussed in Remark 4.2.

Turning to the power of the tests, we see again from the results in Table 1 that the predictions
from the asymptotic theory are strongly reflected in finite samples with the size-corrected empirical
power of the asymptotic tests being lower the larger the value of A, and that, as with the size results,
these effects do not vanish as the sample size is increased. Indeed, the size-adjusted power of the
tests can be significantly lower; for example, when A = 1 all of the tests display an empirical rejection
frequency of 40-50% but for A = 2.333 (size-corrected) power is roughly half this level. Interestingly
it appears that the i.i.d. bootstrap test achieves higher power than the other tests. However, this is
purely an artefact of the corresponding size results which show that the i.i.d. bootstrap test is not
size-controlled under heteroskedasticity. In contrast, a notable feature of the power results for the
wild bootstrap test calculated under the null is how close these results are to the size-adjusted power
results for the asymptotic test. This is of course predicted by the large sample distribution theory
in sections 3 and 4, but it is interesting to see how closely the finite sample results adhere to this
prediction. Interestingly, even though, as noted above, the unrestricted wild bootstrap yields a test
with, in general, more liberal finite sample size properties than the corresponding test obtained from
the restricted wild bootstrap, it is seen from Table 1 that the power of the tests from the restricted
and unrestricted bootstraps differ only very slightly, suggesting that the improved finite sample size
control of the restricted bootstrap does not come at the cost of reduced power. Overall, the restricted
wild bootstrap test is clearly the best performing test with excellent size control and hardly any loss
of empirical power in finite samples.

5.3 Results With Conditionally Heteroskedastic, Uncorrelated Errors

Next, we consider models where {z;} is conditionally heteroskedastic. Specifically, we assume one of
the following models for {z:}, in each case with {e;} forming an i.i.d. sequence.

Model A : g = 2z = htl/Qet, hy =0.1+ O.5z,?_1, er ~ N(0,1).

Model B : &, = 2 = hi/2es, hy = 0.1+ 0.522 |, ¢4 ~ (3/5)"/2¢s.

Model C : &, = 2 = hi'2e;, hy = 0.1 +0.222 | + 0.79h4_1, e, ~ N(0,1).

Model D : & = 2 = hy/?e;, hy = 0.1+ 0.222 1 +0.79h;_1, €, ~ (3/5)"/ts.

Model E : &, = 2 = hy?e;, log by = —0.23 + 0.91og hy_1 + 0.25 (Je2_;| — 0.3¢,_1) , e ~ N (0, 1).

Model F : &, = 2 = hy/%e;, hy = 0.0216 + 0.6896h,_1 + 0.3174 (21—, — 0.1108)% , e, ~ N(0, 1).

Model G : e = 2 = hy/%e, hy = 0.005 + 0.7hs_1 + 0.28 (|z0—1| — 0.232,-1)%, & ~ N (0, 1).

Model H : g, = z; = ey exp(hy), by = 0.936h,—1 + 0.5v4, (v4, €4) ~ N(O,diag(ag, 1)), 0, = 0.424.

3

Model I : ey = opz4,00 = 1+ 21(t > ZT)’Zt = hi/2et, hy =0.1+ 0.52?_1,6,5 ~ N(0,1).
The conditionally heteroskedastic configurations for {z;} specified in Models A-H are a subset of those
used in Section 4 of Gongalves and Kilian (2004), to which the reader is referred for further discussion.
Models A-D are standard stationary GARCH(1,1) models driven by either Gaussian or ¢-distributed
shocks with unit variance, while Model E is the is the exponential GARCH(1, 1) [EGARCH(1, 1)] model
of Nelson (1991). Model F is the asymmetric GARCH(1,1) [AGARCH(1, 1)] model of Engle (1990),
Model G is the GJR-GARCH(1, 1) model of Glosten, Jaganathan and Runkle (1993), and Model
H is a first-order autoregressive stochastic volatility model. Finally, Model I combines conditional
heteroskedasticity in {z;}, of the form specified by Model A, together with the one-time change model

for the unconditional variance considered in the previous subsection (for the particular case of § = 3
and 7 = 0.75). The results relating to Models A-I are presented in Table 2.
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Table 2. Simulated size and power: conditionally heteroskedastic Models A-I

size power
BS null BS alt. BS null BS alt.
T asy iid.  wild @ iid.  wild asy iid. wild iid. wild
Model A 100 15.77 1434 530 1419 6.7 20.81 42.75  26.47 42.70 27.74
250 17.33 16.83 535 16.93 6.38 21.09 44.33 25.20 44.30  25.96
Model B 100 1787 16.76 5.17 16.78 7.40 17.50 4230 24.20 4233 26.74
250 22.03 21.58 5.14 2164 7.01 13.68 4542 22.02 4529 24.04
Model C 100 11.31  10.09 493 10.33 5.59 26.85 40.89 29.43 41.03 30.64
250 15.68 15.23 487 15.11 5.53 21.27  43.66 25.38 43.64 26.31
Model D 100 13.51 1242 518 1240 6.35 24.22  41.35 28.33 41.25  30.09
250 17.89 1751 499 1752 5.70 18.02 44.12 2445 4438  25.88
Model E 100 16.93 15.66 5.39 15.53 6.78 18.64 40.85 2296 40.87 24.31
250 21.55  21.12 535 21.19 6.57 15.71  43.82  20.75 43.91 22.07
Model F 100 15.85 14.52 496 14.46 6.06 20.41 40.53 23.69 40.35 24.72
250 2292 2252 510 2236 6.19 1449 4533 19.58 4532 20.67
Model G 100 15.12 14.00 4.88 13.76 5.89 19.59 38,97 22.88 38.71 24.07
250 21.33  20.87 5.056 20.94 5.96 13.30 42.63 18.99 42.64 20.09
Model H 100 28.41 27.61 5.14 2766 7.71 9.54 4430 1527 4442 19.16
250 38.90 38.83 5.01 3894 7.78 6.63  50.69 11.19 50.64 14.66
Model I 100 28.06 26.68 5.52  26.71 7.88 11.39 4189 1534 4177  17.63
250 31.91 31.54 536 31.68 7.22 10.44 4571 14.06 45.53 15.93

Notes: Entries are simulated rejection frequencies of the tests. Power is measured at 6 = 1.5 and is size corrected for
the asymptotic test, but not size corrected for the bootstrap tests. The bootstrap procedures are based on B = 499

bootstrap replications and all entries are based on 10,000 Monte Carlo replications.

Consider first the results in Table 2 for the empirical size of the asymptotic test. Here we see
that for these commonly encountered models of conditional heteroskedasticity the asymptotic test can
be very badly over-sized; indeed, the degree of over-sizing is, if anything, more pronounced than was
observed in this test for the models of unconditional heteroskedasticity in Table 1. While it was seen
in Table 1 that the degree of size distortions under the single break model depends on both the change-
point location and the magnitude of the break (with these distortions being relatively moderate for
increases in variance early in the sample and decreases late in the sample), there are no entries for size
of the asymptotic test in Table 2 that lie below 11%. Models H and I clearly effect the greatest degree
of over-sizing, with the empirical size under Model H approaching 40% for T' = 250. Consistent with
the results in Theorem 1, it is observed that these size distortions do not disappear as the sample size
is increased; indeed, the opposite phenomenon occurs. Turning to the results for the i.i.d. bootstrap
analogue of the LM test we see, as in Table 1, that the i.i.d. bootstrap test has very similar size
properties to the asymptotic test and offers no improvements. In contrast, looking at the results for
the wild bootstrap test in Table 2 we see, as with the case of unconditional heteroskedasticity in Table
1, that the wild bootstrap again does an excellent job in controlling size under all of Models A-I. The
best performance is again achieved with the restricted wild bootstrap (using step (i) of Algorithm
1); no empirical sizes are observed for the restricted wild bootstrap in Table 2 which are in excess of
5.39% or below 4.87%.

Consider next the power results for the tests. As with the results in Table 1, we again see from
the results in Table 2 that the size-corrected empirical power of the asymptotic test is very strongly
affected by the presence of conditional heteroskedasticity in each of Models A-I, which is expected
from Theorem 1. In line with the empirical size results reported in the table we again see that this is
most pronounced for Models H and I and that these effects do not vanish (indeed they again become
more pronounced) as the sample size is increased. Again it is seen that the size-adjusted power of
the test can be significantly lower than in the homoskedastic case; for example, under Model H the
size-corrected power is barely above the nominal level. The power results for the i.i.d. bootstrap
implementation of the LM test in Table 2 should again be discounted because they are not size-
controlled. The empirical power of the restricted wild bootstrap test now lies above the size-adjusted
power results for the asymptotic test. Again there are only very slight differences between the power of
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Table 3. Simulated size: weakly dependent errors

homoskedastic case T=1/4and § =1/3 7=3/4and § =3
BS null BS alt. BS null BS alt. BS null BS alt.

a/b T asy ii.d. wild iid. wild asy iid. wild iid. wild asy iid. wild iid. wild
Panel A: moving average errors (a = 0)

-0.80 100 8.44 4.90 5.05 6.28 6.63 15.83 10.45 5.61 12.27 7.33 17.85 12.01 5.62 14.37 8.08
-0.80 250 6.83 4.99 5.00 5.15 5.26 18.13 15.05 551 14.63 6.35 19.88 16.33 5.28 15.79 6.51
-0.80 oo  5.00 5.00 5.00 5.00 5.00 19.95 19.95 5.00 19.95 5.00 19.95 19.95 5.00 19.95 5.00
0.80 100 8.71 5.22 538 6.34 6.63 15.05 10.01 544 11.82 6.99 17.88 12.53 5.72 14.73 8.13
0.80 250 6.89 5.06 5.24 5.34 549 18.34 14.80 5.13 14.44 6.07 20.67 17.28 5.02 16.62 6.35
0.80 oo 5.00 5.00 5.00 5.00 5.00 19.95 19.95 5.00 19.95 5.00 19.95 19.95 5.00 19.95 5.00
Panel B: autoregressive errors (b = 0)

-0.80 100 6.67 5.25 5.08 5.31 5.39 18.53 16.37 543 16.22 6.74 19.80 17.63 5.41 17.74 6.52
-0.80 250 6.03 5.38 5.37 5.41 5.50 20.07 19.14 536 19.11 5.84 19.53 18.64 5.08 18.62 5.75
-0.80 oo  5.00 5.00 5.00 5.00 5.00 19.95 19.95 5.00 19.95 5.00 19.95 19.95 5.00 19.95 5.00
0.80 100 4.28 4.84 4.76 3.98 4.15 6.73 743 491 6.92 5.03 6.84 7.55 4.50 6.77 4.69
0.80 250 6.28 4.71 495 4.81 491 11.07 798 494 7.72 4.67 10.82 840 4.78 7.86 4.06
0.80 oo 5.00 5.00 5.00 5.00 5.00 19.95 19.95 5.00 19.95 5.00 19.95 19.95 5.00 19.95 5.00

Notes: Entries for finite 7" are simulated rejection frequencies of the tests. Entries for 7' = oo are calculated from (3.13)

and (3.14). The bootstrap procedures are based on B = 499 bootstrap replications and all entries are based on 10,000

Monte Carlo replications.

the restricted and unrestricted wild bootstrap tests, and we note the poorer size control of the latter.

5.4 Results With Weakly Dependent Errors

We finally turn our attention to the results presented in Table 3 which investigate the finite sample
size properties of the asymptotic and bootstrap tests for processes driven by shocks which can display
both weak dependence and unconditional heteroskedasticity of the type considered also in Table 1.
Consider first the results for the homoskedastic case, A = 1, presented in the first block of columns in
Table 3. These results demonstrate that the asymptotic test has the potential for really quite poor
finite sample size control in the presence of weak dependence; most notably, over-sizing when an MA
component is present. For example, for b = 0.8 and 7" = 100 the asymptotic LM test has empirical
rejection frequency of 8.71%. In contrast both the i.i.d. and wild bootstrap based analogues display
very good size control throughout, particularly so where the restricted bootstrap is used; in the above
example the corresponding restricted wild and i.i.d. bootstrap LM tests display rejection frequencies
of 5.22% and 5.38%, respectively.

Turning to the results for the two heteroskedastic cases reported in Table 3, the patterns of size
distortions seen in the asymptotic test and its i.i.d. bootstrap equivalent are very similar to those
seen for these two cases in Table 1, with empirical sizes generally around 15-20%. This suggests that
even in relatively small samples the impact of any heteroskedasticity in the shocks largely dominates
the impact of any weak dependence present, at least for the two heteroskedastic cases reported here.
In contrast, the wild bootstrap tests reported in Table 3 do an excellent job for all the reported
combinations of heteroskedasticity and weak dependence; most of the empirical sizes reported for the
restricted wild bootstrap test lie very close to the nominal level, with no entry in excess of 5.72% or
below 4.50%. Slightly higher distortions on average are again seen with the unrestricted wild bootstrap
test, confirming our previous recommendation to use the restricted version of the bootstrap.

Based on the simulation results reported in this section, coupled with the large sample properties

of the LM test detailed in sections 3 and 4, we unambiguously recommend the use of the restricted
wild bootstrap implementation of the test in practice.
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Figure 4. Graphics for gold
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Note: Left panels show time series plots of Asy, Afi, s;— f;—1, middle panels show the residual variance
profiles, and right panels show the residual cusum of squares process with 95% confidence bands.

6 Empirical Analysis

In this section we employ the asymptotic score-based tests and their bootstrap counterparts from
sections 3 and 4 to re-assess the degree of support provided for the EMH in a number of commodity
markets. By adopting the heteroskedastic ARFIMA model of section 2, along with the novel (wild
bootstrap) testing procedures outlined in section 4, we simultaneously allow for the possibility of both
fractional integration and time-varying conditional and unconditional volatility in the data. This allows
us to analyse the empirical validity or otherwise of the EMH in a more general and empirically well-
grounded model framework than those which have previously been employed in the extant empirical
literature.

Our analysis is based on the data-set recently considered in Westerlund and Narayan (2013). This

consists of (logged) spot prices (s;) and corresponding one-period futures contract prices (f; := ft(l))
of four commodities, namely, gold, silver, platinum and crude oil. Prices are recorded at the daily
frequency (five observations per week) and cover the period July 5, 2005, to November 22, 2011. The
number of available observations is T = 1665. All data were obtained from Bloomberg; see Westerlund
and Narayan (2013) for full details and data definitions. Plots of s, f; (both in first differences) and
of (minus) the forward premium (the spread) s; — f;—1 are reported in the left-hand panels of Figures
4-7.

To investigate for the possible presence of heteroskedasticity in the series, we first report in the
top panel of Table 4 results for the LM test of the null hypothesis of conditional homoskedasticity
against the alternative of ARCH(k) dynamics. These tests are based on the squared residuals* of an

*Comparable results are obtained when the test statistics are computed on the original series rather than on the
residuals.
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Figure 5. Graphics for silver
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Note: Left panels show time series plots of Asy, Afi, s;— f;—1, middle panels show the residual variance
profiles, and right panels show the residual cusum of squares process with 95% confidence bands.

ARFIMA (p, d, ¢) model fitted to each series (As;, Af; and s; — f;_1) individually.” The AR and MA
orders p and ¢ for the ARFIMA model are selected using the BIC, while the number of ARCH lags k
used for the LM test regression is set to either 5 (weekly frequency) or 21 (monthly frequency). For
all commodities, conditional homoskedasticity is easily rejected at any conventional significance level
for spot and futures prices and for the spread, s; — fi_1.

To visualise the possible presence of non-stationary volatility (unconditional heteroskedasticity)
in the data, we plot in the central panels of Figures 4-7 the sample variance profiles corresponding
to the residuals, say é;, of the fitted ARFIMA models. The sample variance profiles, see Cavaliere
and Taylor (2007), are plots of 7 (u) := Vip(u)/Vr(1) against u € [0, 1], where Vp(u) := T qufj é2
denotes the cumulated squared residuals. In large samples, 7 (u) ~ (fol o(s)ds)™t [ o (s)ds =:n(u),
which equals u when the unconditional volatility is constant; that is, when there is no unconditional
heteroskedasticity. Consequently, under conditional homoskedasticity or — more generally — under
stationary conditional heteroskedasticity, VT(u) should be close to the diagonal (45 degree) line, and
significant deviations of this function from the 45 degree line point to the presence of persistent changes
in volatility.

These deviations, along with the corresponding 95% confidence bands®, are reported in the right-
hand panels of Figures 4-7. Correspondingly, in the lower panel of Table 4 we also report the associated
stationary volatility tests of Cavaliere and Taylor (20085, pp. 311-312). With the exception of silver,

®In all estimations and tests here and in the remainder of the empirical analysis, we allowed for a constant term in
the model; see Remark 2.3, and in particular Robinson (1994) and Nielsen (2004). For all of the series considered, an
additional linear trend term was found to be statistically insignificant at all conventional levels.

5The confidence bands are obtained as suggested by Cavaliere and Taylor (2008b) and Cheng and Phillips (2012).
This requires estimation of the long-run variance of u? under the null hypothesis, which is done here using a sums-of-
covariances estimator with the Bartlett Kernel and a lag truncation of five.
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Figure 6. Graphics for platinum
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Note: Left panels show time series plots of Asy, Afi, s;— f;—1, middle panels show the residual variance
profiles, and right panels show the residual cusum of squares process with 95% confidence bands.

there is strong evidence of unconditional heteroskedasticity (non-stationary volatility) in all of the
commodities. This evidence is manifested, and to similar extents, in both the spot and futures prices,
as well as in the associated forward premium. Notice also that clear changes in the variance profile
with associated significant values of the cumulated sum of squared residuals are apparent (even to some
extent for silver) at around the time of the financial crisis, as might be expected. Given the strength of
these rejections it is therefore quite striking that most empirical studies (including that of Westerlund
and Narayan, 2013) are based on the maintained assumption of (un)conditional homoskedasticity.
We now turn to testing the main implications of the EMH; that is, conditions (i)—(iii) and (iv’)
discussed in section 1. As stated in condition (i), under the assumption that spot prices are I(1),
futures prices should also be I(1). We test both claims in the first two columns of Table 5, where
we present results for the LM test of the null hypothesis Hy : d = 0 for As; and Af;, respectively
(note this is equivalent to testing Hy : d = 1 in the levels). For each series, we report the (QML)
estimate of the fractional parameter d, the two-sided LM test statistic Sor of Hy : d = 0 , along with
the corresponding asymptotic p-values together with the wild bootstrap and i.i.d. bootstrap p-values,
computed as in Algorithms 1 and 2, respectively, in each case using B = 9999 bootstrap replications.
For gold, silver and crude oil, the null hypothesis, Hy : d = 0, cannot be rejected at any conventional
significance level using any of the tests, with p-values all above 20% (30% using the wild bootstrap),
leading us to conclude that the spot and future prices are indeed both I(1); moreover, the lag lengths
selected by the BIC then suggests that these series both follow random walks. On the other hand, for
the data on platinum the tests lead to quite different conclusions. When using either the asymptotic
or i.i.d. bootstrap tests, the null hypothesis is rejected at the 1% level for both spot and futures
prices. However, based on the results from Table 4 where the hypothesis of constant (un)conditional
variance is strongly rejected for the platinum spot and futures prices, our Monte Carlo results in
section 5 would suggest that both the asymptotic and i.i.d. bootstrap tests for d = 0 are likely to
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Figure 7. Graphics for crude oil
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Note: Left panels show time series plots of Asy, Afi, s;— f;—1, middle panels show the residual variance
profiles, and right panels show the residual cusum of squares process with 95% confidence bands.

be unreliable. This standpoint is supported by the corresponding results for the wild bootstrap test.
Specifically, when the wild bootstrap is employed, the null hypothesis is now not rejected at the 5%
level for both the spot and futures prices (p-values are 7.9% and 5.4%, respectively). Hence, the
strong heteroskedasticity characterising both spot and futures prices for platinum might explain why
the asymptotic and i.i.d. bootstrap tests lead to the rejection of the I(1) hypothesis for spot and
futures prices. However, by using a test which is robust to heteroskedasticity we are able to accept
the hypotheses that both the spot and futures prices for platinum are I(1).

Overall, at least when the heteroskedasticity-robust wild bootstrap tests are employed, requirement
(i) of the EMH is seen to be consistent with the data. We now analyse the spreads, s; — f;—1, for each
of the four commodities considered. For gold, the hypothesis d = 0 is easily rejected with p-values
less than 1% for the asymptotic and i.i.d. bootstrap tests. Using the wild bootstrap test the evidence
against the null is not as strong but it can still be rejected at the 5% level. Importantly, however,
these are left-tail rejections meaning that the I(0) null is being rejected not because of the presence
of long memory’ but because of ‘anti-persistence’ in the data; observe that the estimated value of d
is negative. Anti-persistent series are less persistent even than I(0) series and so these results show
that for gold while fractional dynamics appear to exist in the forward premium, there is nonetheless
significant evidence of (fractional) co-integration.

The results for the silver and platinum forward premia are qualitatively similar to one another.
For both of these commodities the estimate of d is relatively close to zero (slightly negative for silver
and slightly positive for platinum), and all reported tests do not reject the null hypothesis, Hy : d = 0,
at any conventional significance level. Again, this supports the hypothesis that spot and futures

"One-sided tests against the alternative of long memory, that is Ho : d < 0 against H; : d > 0, were also computed
and yielded p-values in excess of 98% for all of the tests.
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Table 4. Conditional and unconditional heteroskedasticity tests

Gold Silver
St ft St _ftfl St ft St _ftfl

ARCH(5) 48.576% 84.805% 57.507%  72.408* 72.752% 81.799*
ARCH(21) 193.896% 150.103% 142.410* 161.138* 99.837* 168.663“

Hrs  1.469°  1.345¢  1.384b 0.850 1.206 1.042
Hi  2.197¢  2.239¢  2.170¢ 1.337 1.402 1.455
Heonr  0.432¢ 0.380¢  0.376¢ 0.173 0.327 0.241
Hap  2.837°  2.452¢ 2.423 0.995 1.847 1.364

Platinum Crude oil
St ft St _ftfl St ft St _ftfl

ARCH(5) 232.795% 233.656% 228.694% 294.233* 307.836% 257.533%
ARCH(21) 322.834% 338.595% 341.414* 441.169* 454.992* 440.536

Hiks  1.633%  1.871° 1.809¢ 1767 1.9656*  2.037¢

Hyrg 2897  3.046°  3.0107 3.031*  3.292¢  3.278¢

Heon 0837 0.931¢ 0.910¢ 0.972¢  1.135¢ 1.090°

Hap  5.357*  5.981*  5.826“ 6.445%  7.560? 7.3507
Notes: ARCH(k) denotes the LM test for ARCH(k) based on a AR(k) regression fitted to the squared residuals, and
Hrs, Hix, Hcom and Hap denote the stationary volatility tests proposed in Cavaliere and Taylor (20085, pp. 311-312).

The superscripts a,b and ¢ denote significance at the 1%, 5% and 10% nominal (asymptotic) levels, respectively.

prices are co-integrated with co-integrating vector (1, —1)". Unlike gold, however, the results for these
two series suggest that the spread is a standard (non-fractional) I(0) process. As a result, using our
heteroskedastic fractionally integrated model we are able to conclude that all of the requirements in
(i)—(iii), as well as (iv’), of the EMH are consistent with the price data for the gold, silver and platinum
markets. Our results also highlight that fractional behaviour and/or heteroskedasticity are present in
these data which may help to explain why some previous studies have struggled to find support for
the EMH in these commodities.

The picture is, however, somewhat different for the forward premium for crude oil. The point
estimate of d is 0.78 which is clearly much higher than the estimates of d obtained for the other three
commodities. Consequently, we do not present results for the hypothesis d = 0 (it is overwhelmingly
rejected in any case) and instead present results for one-sided tests of Hy : d < 1/2 and Hp : d > 1.
The former is a test of the null of stationarity of the spreads and the latter is a test of the null of no
(fractional) co-integration with co-integrating vector (1, —1)". Firstly, the null hypothesis Hy : d > 1
is very easily rejected by all of the tests. This result provides evidence in favour of the existence of
the (1, —1)" co-integrating relationship between spot and futures prices. Secondly, the spread does not
appear to be I(0), as noted above, but rather the spread appears to be fractionally integrated. Indeed,
stationarity of the spread, Hy : d < 1/2, is strongly rejected by the asymptotic test and by both
bootstrap tests. As a result, the statistical evidence for oil suggests the existence of co-integration
in the spread, but that the associated linear combination (1,—1)", does not decrease the order of
integration sufficiently to render the spread stationary. That is, the EMH, even in its weaker form
(iv’), does not appear to hold in the case of the crude oil market. This result is not at odds with recent
empirical evidence that underlines the inefficiency of the futures crude oil market, see, for example,
the discussions on this point in Narayan, Huson and Narayan (2012) and Westerlund and Narayan
(2013). However, it is worth noting that these authors, using the more restrictive I(0)/I(1) paradigm,
reject the hypothesis that the oil spread constitutes a co-integrated relationship.

We complete our empirical analysis by considering a brief examination of the time (in)stability
of the results obtained for the four spreads. This is mainly motivated by the recent financial crisis.
Westerlund and Narayan (2013) also investigate the stability of their results across the crisis by
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Table 5. Application to unbiasedness hypothesis in commodity futures markets

Asy Afy s — fi1
Panel A: gold
ARMA order (p,q) (0,0) (0,0) (0,1)
Estimate of d —0.025 —0.004 —0.084
Hypothesis tests Hy:d=0 Hy:d=0 Hy:d=0
Test statistic Sor = 1.523 Sor = 0.033 Sor = 8.897
p-value, asymptotic 21.7% 85.6% 0.3%
p-value, i.i.d. bootstrap 22.1% 85.8% 0.6%
p-value, wild bootstrap 30.1% 89.1% 2.4%
Panel B: silver
ARMA order (p,q) (0,0) (0,0) (0,1)
Estimate of d —0.018 —0.005 —0.017
Hypothesis tests Hy:d=0 Hy:d=0 Hy:d=0
Test statistic Sor = 0.858 Sor = 0.071 Sor = 0.338
p-value, asymptotic 35.4% 79.0% 56.1%
p-value, i.i.d. bootstrap 35.7% 80.1% 57.0%
p-value, wild bootstrap 56.3% 86.0% 68.8%
Panel C: platinum
ARMA order (p, q) (0,0) (0,0) (0,1)
Estimate of d 0.054 0.057 0.038
Hypothesis tests Hy:d=0 Hy:d=0 Hy:d=0
Test statistic SQT = 7.786 SQT = 8.281 SQT = 2.248
p-value, asymptotic 0.5% 0.4% 13.4%
p-value, i.i.d. bootstrap 0.7% 0.5% 14.3%
p-value, wild bootstrap 7.9% 5.4% 28.7%
Panel D: crude oil
ARMA order (p,q) (0,0) (0,0) 0,1)
Estimate of d —0.014 —0.029 0.780
Hypothesis tests Hy:d=0 Hy:d=0 Hy:d<1/2 Hy:d>1
Test statistic SQT = 0.645 SQT = 2.466 SIT = 6.361 SlT = —16.05
p-value, asymptotic 42.2% 11.6% 0.0% 0.0%
p-value, i.i.d. bootstrap 43.1% 12.5% 0.0% 0.0%
p-value, wild bootstrap 56.0% 32.2% 0.0% 0.1%

Notes: The table shows point estimates of d, LM test statistics, and corresponding asymptotic and bootstrap p-values.
For each of the four commodities we analyze: (i) spot returns, Asy, (ii) futures returns, Afy, (iii) spread, st — ft—1. The

ARMA orders are chosen based on the BIC. Bootstrap p-values are based on B = 9999 bootstrap replications.

splitting the sample into two sub-samples at September 12, 2008. Rather than split the data at an
arbitrary time point in this way, we choose instead to repeat our full sample anaysis reported above
across rolling subsamples of the data. To that end, in Figure 8 we report rolling subsample estimates
of d for the four spreads. These are obtained using a rolling window of length approximately equal to
one year (each estimate is based on 260 consecutive observations), where estimates are updated on a
weekly basis (every five observations). The AR and MA orders of the baseline ARFIMA models are
those obtained by BIC on the full sample, see Table 5. Overall, the estimates of d are seen to be fairly
stable over the selected period. These fluctuate around 0 for gold, silver and platinum, and around 0.8
for crude oil. For the latter, the estimate of d increases slightly when the rolling window starts after
the third quarter of 2009, which may be a reflection of some instability due to the financial crisis.

In Figure 9 we report the associated rolling subsample p-values for the tests of Hg : d = 0 against
H; : d # 0. Again, the results are pretty much in line with what was reported for the full sample
above. The wild bootstrap p-values associated with the subsample tests for silver and platinum almost
never fall below 5%, while for gold, the subsample wild bootstrap p-values for d = 0 fall below 5%
for a significant fraction of the rolling windows considered (but as with the full sample results this
is due to anti-persistence in the gold spread, see the first panel of Figure 8). Finally, the p-values
for the sub-sample rolling tests on the crude oil spread lie well below 5% throughout the sample. To
summarise, the rolling sample results suggest firstly that the acceptance of the EMH for gold, silver
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Figure 8. Rolling window estimates of d for spreads
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Note: The figure shows estimates of d for rolling windows of length 260.

and platinum prices is robust as to whether the data sample used includes the recent financial crisis
period or not, and secondly that the failure to accept the EMH for the case of crude oil cannot simply
be attributed to the financial crisis.

7 Conclusions

In this paper we have proposed bootstrap implementations of the asymptotic score (one-sided) and
Lagrange multiplier (two-sided) tests for the order of integration of a fractionally integrated time series.
Two bootstrap resampling methods were discussed, namely the wild bootstrap and the i.i.d. bootstrap.
The former was shown to yield tests which are robust to both conditional and unconditional hetero-
skedasticity of quite general and unknown forms in the shocks. This property was shown not to be
shared by the asymptotic tests or by the i.i.d. bootstrap versions thereof.

A simulation study highlighted both the potential for severe size distortions with the standard
asymptotic LM test in the presence of heteroskedastic shocks and the excellent job done by the wild
bootstrap test in controlling finite sample sizes in these cases. Moreover, the bootstrap tests were also
shown to deliver considerably more reliable finite sample inference than the asymptotic LM test in the
homoskedastic case, particularly so where weak dependence was present in the shocks. The simulation
study also compared the finite sample properties of using a bootstrap algorithm where the bootstrap
sample data were generated using model estimates obtained under the null hypothesis (restricted)
with one where they were estimated unrestrictedly. Based on these results we firmly recommend the
use of the wild bootstrap algorithm based on restricted estimates.

Finally we applied our new bootstrap tests to investigate the price dynamics in four commodity
spot and futures markets: namely, gold, silver, platinum and crude oil. Using daily trading data for the
period 2005-2011, we found that when fractional integration together with conditional and/or uncon-
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Figure 9. Rolling window tests of Hy : d = 0 for spreads
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Notes: The figure shows asymptotic, i.i.d. bootstrap, and wild bootstrap p-values of two-tailed tests of
Hy : d = 0 for rolling windows of length 260. The bootstrap tests are based on B = 999 replications.

ditional heteroskedasticity of very general forms are allowed, the evidence in favour of co-integration in
the spread between spot and futures prices for these commodities is markedly stronger, with, moreover,
the efficient market hypothesis being accepted for all but oil, than had been found in previous work
based on more restrictive (usually) homoskedastic 1(0)/I(1) models; see Figuera-Ferretti and Gonzalo
(2010) and Westerlund and Narayan (2013) and reference therein. Our results were also seen to be
little altered by whether the data samples used included the recent financial crisis or not, further
illustrating the robustness of our proposed tests to large volatility breaks in the data.

A Appendix

Recall that §; = (— G c;-)’ , where ¢; decays exponentially under Assumption R. This implies the
bound [[§;]| < K 4! for some K < oo, which will be used throughout the proofs without special

reference.

A.1 Preliminary Lemmas

The first lemma derives an important consequence of the martingale difference property of z; on the
higher-order moments and cumulants of z;. For the special case with ¢ = 2 we obtain the well-known
result that a martingale difference sequence is uncorrelated.

Lemma A.1 Let z; be a martingale difference sequence with respect to the natural filtration F;, the
sigma-field generated by {zs}s<t, and suppose E|z|? < oo for some integer ¢ > 2. Then the q’th order
moments and cumulants satisfy

E(zzt—ry - 2t—rq_4) =0 and kg(t,t —71,...,t —7141) =0
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for all integers ri, > 1,k=1,...,q— 1.
Proof. The result for moments follows from the law of iterated expectations because
E(thtfrl "'thrq,l) = E(E(Zt|~7'—t71)ztfr1 "'thrq,l) =0

by the martingale difference property of z;. To show the result for cumulants, we start with ¢ = 2. Then
ko(t,t — 1) = E(2t2t—y) = 0 because r > 1. When q = 3, k3(t,t —r1,t —12) = E(2t2t—r, 2t—ry) = 0
by the result for moments. For ¢ = 4 we find ka(t,t — r1,t — 12, t — 73) = E(2t2t—ry 2t—ry2t—rs) —
E(zizt—r) ) E(2t—ry2t—rs) — E(z121—ry ) E(2t—ry 2t—rg) — E(2121—rg ) E(2t—ry2t—r, ). Again, because ry > 1
for k = 1,2, 3, the cumulant is zero by the result for the second and fourth moments. For ¢ = 5 we
have k5(t,t —r1,...t —r4) for rp > 1 and find that it contains the fifth moment, which is zero by the
result for moments, and it contains ten products of pairs and corresponding triplets. In each of these
there will be either a pair with F(z:2;,) = 0 or there will be a triplet with E(zt2z;—r,2¢—,) = 0 as
above. The same argument also applies to the higher-order cumulants and moments. [

Lemma A.2 Let z; be a martingale difference sequence with respect to the natural filtration Fy,
the sigma-field generated by {zs}s<t, and suppose the fourth-order cumulants k4(t,t,t —r,t — s) of
(2ts 2t 2t—r, 21—s) satisfy supy Y7y [ka(t, 1,6 —r,t —s)| < 0o. Let &5, > 1, be vector-valued coeffi-
cients that satisfy || ]| < Kj~1, K < oo, uniformly in j > 1, and let oy satisfy Assumption V(a).
Then

T t—1 T t—1
-1 -1

Zat Z §U7J§0k0t jOt— kE(ZtZt j%t—k) th Z §O,J§0kE tht j2—k) +o(1).
t=1  jk=1 t=1  jk=1

Proof. First notice that

T t—1
-1 -1
ZJt Z §0J§Ok0t JOt— RE(zF 2 j%t—k) Zat Z €O:J§OkE %z j%t—k)
t=1  jk=1 t=1  jk=1
T t—1
T 1 ! . 2 E 2 i
C’ fO,Jfo,k(UthUt—k 07 ) E (2 21— jz—k)
t=1  jk=1
T t—11t—1
1 —1p-1 2 2
KT'Y° k= or—jork — oy ||E(2f ze—j2—1)| = K(Qir + Qar),
t=1 j=1 k:]

where the inequality follows because ||&o || < Kj~!, by Assumption V(a) and by symmetry in j and
k, and where we defined

qr 4T T
ZZ] 11 sup]E(ztzt iz )| T Z |ot—joi—1 — o7,
j=1k=j t=k+1
T-1
Qor = Z Z Gt sup|E(ztzt iz )| T Z |o1—jo1—k — 07.
J=1 k=max(j,qr+1) t=k+1

Let gr := |17 for 5 € (0,1) and let M := sup,¢(o1) o (v), which is finite because o(u) € D[0,1].
Then

’Ut—jUt—k — U?‘ < oilo—j — ol +or—jlor—k — 0| < M (|o4—j — 04| + |o4—k — T4])

such that, for k£ > j > 1,

T T T
Z ‘Ut_jat,k — Jf‘ <M Z (lot—j — ot| + |ot—f — 0¢|) < 2M Z lor_k — o] -
t=k41 t=k+1 t=k+1
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Hence, using the fact that oy = o (¢t/T") € DI0, 1],

T T
sup T7! Z oy jorg, — oF| < 2M 5up T! Z ot — o] = 0as T — oo (A.1)
Jk=1,...q7 =kt 1 k=1,. t=k-+1

by Lemma A.1 in Cavaliere and Taylor (2009).
The convergence in (A.1) allows us to show that Q17 converges to zero as 1" diverges. Note that

T
Qir < < sup T71 ) Ut—jo'tk_0't2|> Qur

]7k:17"'7qT t=k+1

with Qui7 :=sup; > 7-, Zk - G E (222 jzt—k)|. The first factor in Q17 converges to zero as T —
oo by (A.1) and Q11T < supy Zj,k:ﬂ_lk YE(2221—j2_1)|. Since E(222—jz_1) = ka(t, t, t—j,t—k)+
ko(t,t)ka(t—j,t—k) for 5,k > 1, it follows that Q117 < oo because sup, Zﬁzl G Ryttt — g, t —
k)| < oo by assumption and sup, 3 7% _; F ko (t, t)ka(t—7,t—k)| < (sup, ka(t,t)) sup, > G2 ko (t—
gt — )| < (72/6) (sup, ra(t, t))* < co, which shows that Q17 — 0 as T — oo.

The term Qo is bounded as, by another application of Assumption V(a),

T-1
Qor <4M* ) Z Gk sup E(27 2z k)| = 4M*(Qair + Qaar),
J=1 k=max(j,qr+1) !

with Qo171 := IZk qT+1c771k Y sup; E (272 i%t—k)| <Zk ar+1 Z] 1J kT sup, E(27 2 izt—k)|;
Q221 = Z] gt S ]j Y=Y sup, E(2221—j2t—k)|, and M defined above. Rearranging the summa-
tions in Q217 and Q2o we find that Qor < K 2 artl Z] 1J k=L sup, E(222— jz—k)] — 0 as
T — oo because it is a tail sum (g7 — o0) of the convergent sum sup, Zm:l]*lk YE(zRz—jzi—1)|.
This completes the proof. [

Remark A.1 The results obtained in Lemma A.2 hold without requiring that 7, ; does not depend
on t, i.e. without requiring fourth-order stationarity as in Assumption V(b)(ii). Clearly, Assumption
V(b) is sufficient for the conditions imposed on z;, but it is much stronger than necessary. However,
if it were imposed, Lemma A.2 and its proof would be simplified. O

Lemma A.3 Let Zyy = > ( Cin(V)et—n, @ = 1,2, where ¢, satisfies Assumption V and the coefficients
Cin(¥) satisfy > o7 o [Cin(¥)] < 00,4 = 1,2, uniformly in ¢ € U, which is the parameter set defined in
Assumption R. Define the product moment

oF L
Qrlun,ua,9) =T} 5 (AL Z) 5oy (AT 22

for k,1 >0 and the set © = {(uy,uz,¢) : min(u; + 1,ug + 1,u1 + ug + 1) > a,vp € ¥} for a > 0. Then

sup |QT(u1au2v¢)‘ = OP(l)
(u1,u2,)€EO
Proof. First note the bound |£L—mm7rj(u)| < K(1 +logj)™j*~! for the fractional coefficients 7;(u)
defined in (2.2), see Lemma B.3 of Johansen and Nielsen (2010) and Lemma A.5 of Johansen and
Nielsen (2012). The proof of the lemma is given only for k,I = 0 since the derivatives just add a
log-factor, which does not change the proof. Rearranging the summations the product moment is

T—-1 oo T
Qr(ur,ug, ) =T Y mj(—ud)m(—u2) > Ca(®)am(®) D> e jnctkm
j,k=0 n,m=0 t=max(j,k)+1
T-1 T
=T ! Zﬂ-]( Uy 7Tj ’LL2 Z Cln CZm(Q;Z)) Z Et—j—nEt—j—m (AZ)
j=0 n,m=0 t=j+1
T—2 T-1 T
+2071 ) 0 Y m(—ua)mk(—ug) Z Cn()Com () D €t jonftkm. (A.3)
7=0 k=j+1 n,m=0 t=k+1
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Since T~ 1 Z?:j+1 €t—j-nEt—j—m = Op(1) uniformly in j,n,m and Y .~ |(in(¥)| < 00,4 = 1,2, uni-
formly in ¢ € ¥, it holds that

T—1
sup  [(A.2)[ = Op sup Y |mj(—w)| |y (—u2)]
(u1,u2,4)€© (u1,u2,9)€0 ;55
=0Op sup jTuTw=2 ) — Op(1)
(u1,u27¢)69 Z

because —u; —ugs —2< —-1—a < —1.
Next, summation by parts yields

71 T T-1 T
> mn(—u2) > e jnftbom =Troa(—u2) > Y EtjnEt—k-m

k—j+1 =kt 1 k—j+1 t=k+1
T—2
- Z (g1 (—u2) — i (— E Z Et—j—nEt—l—m-
k—j+1 I=j+1t=l+1

To show that both double summations appearing on the right-hand side are O,(T'), suppose m >

n+7j—k+1 (identical arguments are used for the other case). Then ZZ;}H Z?:k+1 Et—jenEt—k—m =

T—j—n s+n—1 _ T—j— s+ n 1 . .
S s Es Yt Estn—kem = D ses n Ws and Ws = 0525 Y py  Ostn—k—mZstn—k—m 1S a martin-

gale difference sequence with respect to F;. It follows that
s+n—1
E 2\ 2 E 2
(U}S) =0y Os+n—k—-m0Os+n—l—-m (ZS Zs+nfkfmzs+nflfm)
k=1
s+n—1
_ 2 2
= 0s Ostn—k—mTk+m—nk+m—n
k=1
s+n—2s+n—1
2
+ 203 Z Z Us+n—k—m0-s+n—l—m/<'4(sv 5,8+mn— k— m,s+n— I - m)a
k=1 I=k+1

where the first term is O(s+n) and the second is bounded by K > 72, Zl i1 |54 (8,8, 8+n—k—m, s+
n—1—m)| < oo by Assumptions V(a) and V(b)( ) (111) Then BE(X1 " w,)? = ZST:_QJ__: E(w?) =
O(T?) by uncorrelatedness of wg, such that Z Sws = Op(T) uniformly in 0 < j <7 —2. In
exactly the same way it follows that Zl:jH Zt:l—i—l Et—jnEt—l—m = ZST:_QJ__; ws = Op(T) uniformly
n0<j<T-2

Now, rearranging the summations and applying the summation by parts result, (A.3) is

T—7—n
2T 1279 —u1) Z Cin () Com () mr_1(—uz) Y wy
n,m=0 s=2—n
T-2 T—j—n
+2T127T] —up) Z Cn () Com() D (Mo (—ug) — mi(—ug)) Y .
n,m=0 k=j+1 s=2—n

Because Y ° \Cm(z/))| < 00,7 = 1,2, uniformly in ¢) € ¥ it thus holds, using the bound on ;(u), that
the supremum over (u1,uz2,%) € © of the first of these terms is

Op sup |mp_1(—uz)| Z [mj(—u1)| | =Op sup T Ul Zj—url
(u1,u2,)€O =0 (u1,u9,1)€O

= OP sup (10g T)Tmax(—ul —u2—1,—u2—1)
(u1,u2,9)€O

=Op((logT)T™%)
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and similarly, using the mean value theorem for 71 1(—u2) — m(—u2), the supremum of the second
term is

Op | sup Zﬂ_“l ' Z ke =0p | sup ZJ‘“I 22| = Op(1).
(U1,u2,¢)€@ k=j+1 (u17u2ﬂli)€@

A.2 Proof of Theorem 1

We begin with a proof of consistency of the maximum likelihood estimator under the null given in
(3.4). This is somewhat more delicate than usual because of the presence of the parameter d, which
is not equal to, but local to, the true value, dy.

Lemma A.4 Let the assumptions of Theorem 1 be satisfied and define

r() = Jim BT L) )
Then
T
sup |71 Zét (J,zb)Q — (1) L0asT — 00, (A.4)
Ppew —

inf r > or all e > 0. A5
pernge oz " P) > 7o) S (4.5)

It follows that 1/; s consistent, i.e., 1; EN Yo as T — oo.

Proof. Consistency of 1) follows from (A.4) and (A.5) by Theorem 5.7 of van der Vaart (1998).

Let /(1)) := ¢ (L, ¥) ¢ (L,1bo) e =: Yoo o ¢n(¥)et—n, where po(¢) = 1 and ¢, (1) decays expo-
nentially for all 1) under Assumption R. We can thus assume, for example, that |p,(v)| < Kn~! for
all ¥ € U, but also that > ° ;|¢n (1) < 0o, and we shall use both in this proof.

To show (A.5) first note that

T
T_le( 12290” .
t=1 t=1 n=0
T [e%S) T oo
=T Y0t e’ + TN wn(@) (01 — o).
t=1 n=0 t=1 n=0

As in the proof of Lemma A.2, let g7 = |TX] for some x € (0,1). Then the last term is bounded as

T
1;2% (o2, —o?) <Z<pn ‘1Z|a§_n—af\ (A.6)
* Z n (0 1Z|ot n— 01l (A.7)

n=qr+1

Because sup,,—; .. 7" ST o2, — 02| — 0 by Lemma A.1 in Cavaliere and Taylor (2009) and

1 on(0)2 < 30° s on(0)? < oo for all ¢ € W, it holds that |(A.6)] — 0. Next, by Assumption V(a)
we have sup; 07 < M < oo such that sup, T-' Y7, |07, — 02| < 2M, and by Assumption R we have
> gt on(0)? — 0 forallp € ¥ (because it is the tail of a convergent sum). Therefore |(A. 7)| — 0,

showing that 7~ 1Zt (E(e}) =171 Zt L0230 s on(¥)? + o(1). Smce ! Zt 07 — fo s)%ds
by Assumption V(a) and the continuous mapping theorem, we have r( fo s)2dsy %, gon(w)Q.
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Under Assumption R, ¢o(¢0) = 1 for all ¢ and Y02 jon(¥)? =1+ Y00 | 0, (¥)? > 1 with equality if
and only if ¢ = 1)y, which proves (A.5).
To show (A.4) note that, by the mean value theorem,

& (d,0) = ATy () = er(1) + —= S m e ()(1+ 0y(1)),

T T T T
TN g () TN Ble@)?) =Ty (etw)? 7! ZE(esW)) (A.8)

t=1 t=1 t=1 s=1
T 5 L
+217! Zet(@b)Qi mep—m(¥)? (A.9)
t=1 \/T m=1
T 52 t—1 t—1
+ 771 — m et m(1)? e, ()2, A.10
;Tml t-m (1) ;J (W) (A10)

First write (A.9) as > >, gpn(d))% S M Y k()T S, Et—nEt—m—k and note that
T-1 Z?:m+1 €t—nEt—m—k = Op(1) under Assumption V. Then,

T-1

2
> 5
(A.9) =0, ( | n(¢)y> — N w7 = 0,(T?(log T))
nz:% © Vs g

m=1

since Yo7 |¢n(1))| < oo for all ¢ € ¥ under Assumption R. The same argument shows that (A.10) =
Op(T 1 (log T)?).

Next, (A.8) clearly has mean zero. The second moment is
T T 2
E (T—l > ew)’ —ETMY es(¢)2>
t=1 s=1

T T
=T72> " Ele(¥)’es(¥)?) = T2 Y Eler(y)*) Eles(v)?)

t,s=1 t,s=1

T o0 [e'¢) 2
DD ( 1som<w>somi<w>otmasmi>

t,s=1n1,m2=0m1,ma=0 \i=

X (E(2t—ny #t—ny Zs—my Zs—ma) — E(2t—ny 2t—ny ) E(2s—my Zs—m5)) ,

where the expectations are zero unless the two highest subscripts are equal, see Lemma A.1. By
symmetry, we only need to consider three cases.

Case 1) t —mn; =t —ng = s —myq = s — mg, in which case the expectations and the oy’s are
uniformly bounded using Assumption V and we find the contribution

T [e's) 2
KT (Zsonw) <KT™ =0

t=1 \n=0

because |¢, (1) < Kn~! for all ¢ € ¥ under Assumption R.
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Case 2) t —ny =t —mng > s—mq > s — mg, where the contribution is bounded by (a constant
times)

T
T2 Z
t

s=1

o0

> 5

=0 mj=max(0,s—t+n+1) me=m1

00 &)

Z %(¢)2|<Pm1(T/J)H<Pm2(¢)H/‘64(t—mt—n,s—m1,8—m2)\

) 0,s

T oo oo oo

=723 5 Y Y (@) ()l ()|t — st —ms — i, s —ma)| (A1)

t<s=1n=0mi=s—t+n+1mza=m1
T
2

o0

0 [e'e)
+1" > > > o)1 oms (loms ()] 5a(t = n,t —n, s —my, s —mo)]
t>s=1n=t—s mi=s—t+n+1ma=m
(A.12)
T t—s—1 o0 00
Y XS 3 el en@len @l ns—ms—ma)| (A1)
t>s=1 n=0 1=0ma=m1

For (A.11) we note that |@m, (¢)] < Km;' < K(s —t+ 1)7! such that Zgzt |om, (V)| < K(logT)
showing that |(A.11)] = O(T~!(logT)) because the summations over mj,ms of k4(-) are bounded
using Assumption V(b)(iii) and the summation over n of ¢,(1)? is bounded using Assumption R.
For (A.12) we note that |, (V)| < Km;* < K(s —t +n)~! such that 3.°°, 0, (1)%|om, (¥)| <
KY > n7H(t—s+n)"t < K(t— )~ for some n € (0,1). Since the summations over my,ms of
r4(+) are bounded using Assumption V(b)(iii), this shows that [(A.12)| = O(T"~!). Finally, we obtain
the bound

t—s—1 00 o
(A13) < KT Z Z ©on(1)? Z Z |ka(t —n,t —n, s —my, s —ma)|
t>s=1 n=0 m1=0ma=m1
T Vtt—s—1 00 0
:KT_QZZ Z on(1)? Z Z |ka(t —n,t —n, s —mq, s —ma)|
t=2 s=1 n=0 m1=0mo=m1
- t—s—1 oo 0
+KT_2Z Z Z on( ZZ Z |ka(t — n,t —m, s —mi, s —ma)|,
s=v/t+1 n=0 m1=0ma=my

where the first term is O(T'/2) and the second term is o(1) because Do =0 Doy |Fa(t =yt —
n,s—mi, s —mgz)| is the tail of the convergent sum » 3" _ = >7" _ [k4(t—n,t—n,s—m1,s—mpa)|
when ¢t — s >t — v/t — 1 — 0o, see Assumption V(b)(iii).

Case 3) t —ny = s —mq >t —mny > s — mg, where the contribution is

T [e'S) [e'¢) o0
T2 Z Z Z Z Py (V) Pny (V) Ps—ttny (V) om ()

t,s=1n3=max(0,t—s) nz=n1+1m=s—t+ns

2
X 0p p Ot—ny0s—mbka(t —n1,t —ng,t —ng, s —m)

T 00
<KT?) > nis—t4mn)!

t,s=1 n;=max(0,t—s)

<KTQZ Zn11+ns—t+n1)1"+KT22 Z nl s —t4mny) "

t<s=1n1=0 t>s=1n1=t—s

T T
SKT? Y (s=t) "+ KT 2> (t—s) "< KT "0
t<s=1 t>s=1

for some 1 € (0, 1), where the first inequality is by Assumptions V(a),(b)(iii) and R. This shows that
the convergence in (A.4) holds pointwise for all ¢ € W.
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The pointwise convergence in probability thus established can be strengthened to uniform conver-
gence in probability by showing that 7! ZtT:1 & (d,¥)? is stochastically equicontinuous (or tight).
From Newey (1991, Corollary 2.2) this holds if the derivative is dominated, umformly in (d,v), by a
random variable By = Op(1). From Lemma A.3 it holds that By = sup \% SIS (dy)? | =
Op(1), where the supremum is taken over (d,v) € {(d,¢) :d —do > —1/2+ ¢,9 € ¥} for some small
¢ > 0 such that u; = up =d — dy > —1/2+ c and @ = 2¢ > 0. This shows that 71 ZtT:l & (d, ¢)2 is
stochastically equicontinuous (on a fixed set) and hence that the convergence holds uniformly. [

Let Yg, Zg and &y ; denote Y, = and §;, respectively, evaluated at the true value ~o.

Lemma A.5 Let Assumptions R and V be satisfied. Then,

1
VT W % N (0,47 / o (s)ds), (A.14)
v ¥="0 0
826—2 (de) P o= ! 2 . D
T o0y . - 2_0/0 o“(s)ds for any 5 — 7o. (A.15)

Proof. The first and second derivatives of (3.3) are

952 (d. ) » o 1
VT2 8 op Zat (d,w)Z&é‘t—j (d, )

v
aQA(d thl
Gy =2 DD e ( j{jékstk
t=1 j=1

-1

&i€kéi—j—1 (d, ) -

t2t

MQ

T
+2071 "8 (d v
t=1

The second derivative is tight (stochastically equicontinuous) by Newey (1991, Corollary 2.2) if its
derivative is dominated uniformly in (d, ) by a random variable By = Op(1). From Lemma A.3 this
is satisfied uniformly in any small neighborhood of (dy, 1), see also Nielsen (2013), showing that the

H
i
I

j:

second derivative is tight in this neighborhood. This result, together with 2, Yo, implies by Lemma
A.3 of Johansen and Nielsen (2012) that the second derivative can be evaluated at the true value, i.e.,

that
82(}2 (da ¢) p 62&2 (d’ ¢)
2 \"Y p 27 \ME) )
el =7 alinl =70
The second derivative, evaluated at the true value, is
82(}2 d, t—1 T t—2t—75—1
P é /w) =27 Z Z £0,j€0 kEt—jEt—k + 2T 12&, Z £0,7€0 kEL—j—k- (A.16)
1O =0 t=1 j k=1 t=1 j=1 k=1
The first term on the right-hand side has mean
t—1 T t—-1 1
o 12 S o601 ior kB gax) =270 056 02, — 25, / o2(s)ds
t=1 j k=1 t=1 j=1

by Assumption V(b)(i) and Lemma A.2. The variance of the (m,n)’th element is

s—1 t—1

AT Z Z Z 507' m 50,] 50 k) (go,l)no's—io's—ja't_k()'t_l

t,s=14,j=1k,l=1

X [E(zs—izs— jzt kzt—1) — E(zs—izs—j) E(2i—p21—-1)]
s—1 t—1
Z

kY Y S Y

t=1 s=t i,j=1k,l=1

)

FT kTN E(2smizs—jzi-kzi—1) — B(2s—ize—j) E(ze—kze-1)|
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which converges to zero by exactly the argument for (A.8) in the proof of Lemma A.4. Thus, the first
term on the right-hand side of (A.16) converges in La-norm, and hence in probability, to 2Z fol o2(s)ds.

The second term on the right-hand side of (A.16) is mean zero with variance of the (m,n)’th
element given by

2

T t—2t—75—1
4T_QZU,52E Z Z (60.5)m (&0 )nTt—j—kzt—j—k
t=1 j=1 k=1
T t—1 4
<KT?2Y (Y 57| <KT'(logT)* — 0,
— j=1

using Assumptions V(a) and V(b)(ii), so that the second term on the right-hand side of (A.16) con-
verges to zero in Le-norm, and hence in probability, which proves (A.15).
The first derivative, evaluated at the true value, is

062 (d, ) 2 L A T
T DIC) SRS
,Jjet—g Tt
Oy =70 VT t=1 j=1 t=1
where zpy = 27 1/2¢, 23;11 §o0,j€t—j = 27126,z Zﬁ;ll £0,j0t—jz—j; is a martingale difference se-

quence with respect to the natural filtration 3, the sigma-field generated by {zs}s<¢, see Assumption
V(b). To apply the central limit theorem, we first verify the Lindeberg condition via Lyapunov’s
sufficient condition that .1, E||zr¢||>t¢ — 0 for some ¢ > 0. Thus,

t—1 t—1
EH¢Tt| |2+6 - E (2T71/2)2+6|0,t2t|2+e” Z fO,jUt—jzt—jHZJre < KTflfe/ZE ‘Zt|2+6(zjfl‘zt_j’)2+e
j=1 J=1

by Assumptions R and V(a). From Minkowski’s inequality we find E(Z |Zt|j Yz )2te < (ZJ 1( (2|77 2
such that

i1 24-€

. e ‘7 e\ 1/(2+e€
Bllep| P < KT | 37 (B(lali~ |z h*) &
j=1

2
i—1 te

S KT—1—6/2 Zj—l S KT—l—e/Z(logT)Q-i-e
J=1

where the second inequality is due to Assumption V(b)(iii) provided e is chosen such that 2e +4 < 8.

Therefore,
T

> EBllan|*te < KT~*(log T)*™ — 0. (A.17)
t=1
The sum of squares of z7; is equal to

t—1
AT~ 1ZUtzt Z fO,JkaUt JOt—k*t—j2t—k
Jk=1
T t—1
=477t ZO’? Z €O,j€(l)7k(7t—j0't—kE(zt22t—jZt—k) (A.18)
t=1  jk=1
T t—1
+477! Z o Z €0,5€0 xOt—jot—k(2t 2—j2t—k — E(ZF 2—j21-1))- (A.19)
t=1 k=1
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By Lemma A.2, (A.18) is

T t—1
TN "ol > os€oumi(1+o(1)
t=1  j k=1
T T-1 T T—1
4Ty 0b ST o umin(140(1) — 4TS 0k ST Go b amin(1+ o(1)),
k=t

t=1  jk=1 t=1  jk=

where the first term converges to 41 fol o4(s)ds. The second term is bounded by

T T-1

KT 3N i by < KT~ 1Zt‘zzfjk,

t=1 j,k=t J,k=t

which converges to zero by Assumption V(b)(iii).
The second moment of the (m,n)’th element of (A.19) is

T s—1 t—1
-2 2 2
16772 " ofo) >~ (€0.)m(&0i)n(Cok)m(Eo.)n0s—i0s— o150 1COV(2 24 k201, 2225 —i%sj)
t,s=1 1,j=1k,l=1

T s—1 t-—1
< KT72 Z Z z_lj_lk_ll_l]C’ov(ztzzt,kzt,l,zgzs_izs_j)\
t,s=14,j=1k,l=1
T t-1 t—1
=KT? Z i T T T Cov(2E iz, 2R 2 k2| (A.20)

t
t—1 s—1 t—1

T —
KT~ 22 Z Z 1 _1]{; - 1‘007](215215 kZt— lazszs i%s— j)| (A21)

t=2 s=114,j=1k,l=1

14,9=1k,l=1

For (A.20) we find the simple bound

KT~ 2Z<Zk ) < KT Y(logT)*
t=1 \k=1

because z; has finite eighth order moments by Assumption V(b)(iii). The covariance in (A.21) is a
combination of the cumulants of z; up to order eight. For the eighth order cumulant we find

t—1 s—1 t—1

T — _
T2 > iy T kst bt — kot —1s,s,s —i,s — )| S KT — 0

t=2 s=114,j=1k,i=1

by Assumption V(b)(iii). There are no seventh order cumulants in (A.21) because they would be
multiplied by a first order cumulant, which is zero. For products of sixth and second order cumulants
we find, for example,

—_
—_

t—1 s—1 t—

T
T QZ Z Z i T T kg (t — Kyt — )| ke(t,t, 8, 8,8 — iy 5 — 7))

t=2 s=114,5=1k,l=1
t—1 s—

T t—1
:TZZ Z ity 1]/16ttsss i,s—7)| (Zk2/§2(t—k,t—k)>§KT1—>()
k=1

t=2 \s=114,j=1
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by Assumption V(b)(iii). Another example is

T t—1 s—1 t—1
T2y % T T Ko (8, ) | Re (E — kot — 1,5, 5,8 — iy s — 7))
t=2 s=14,j=1k,I=1
T t—1
Z Z Z i T T kg (¢, t) | ke (t — kot — 1, s,8,5 — 4,5 — §))|
=11<j<i<s5—1 1<I<k<t—1
T t—1

> S i TR Rt ) ke (t — kot — 15, 5,8 — iys — )

< KT 22
t
—2
<1y
t=2 s=1 1<j<i<s—1t—s<I<k<i—1
t—1—1

T
+ RT3 N N i T e et )|kt — Byt — s s, — s — )

1=2 1<I<k<t—1 s=1 1<j<i<s—1

T-1 T
<KT?2Y Y > > i TR U ke(s, st — kit — 1 s — i, s — j)|

s=1 t=s+11<j<i<s—1 t—s<I<k<t—1
T t—1t—1-1

+ K723 S ST ik Y ke(t — kot — kysosos — s — )

t=2 k=1 s=1 1<j<i<s—1
using Lemma A.1. Here, the second term is clearly O(T~1) by Assumption V(b)(iii) and the first term
is
T-1

T
T2 Z Z Z i T T kg (s, st — kot — 1 s — iy s — )|
+

s=1t=s54+11<j<i<s—1t—s<I<k<t—1

T— T
=72 Z Z Z i v — s+ t) N u—s+t) " ke(s, 8,5 —v,5 —u, 5 —i,5 — j)|

1 t=5+11<j<i<s—10<u<v<s—1
- T
) 11 . . _9
§ E § t ) |H6(31873_,U7S_u>3_278_])’ E (t—S) )
s=1 1<j<i<s—10<u<v<s—1 t=s+1

which is also O(T1) using Assumption V(b)(iii). The remaining products of sixth and second order
cumulants, as well as products of lower order cumulants, are treated similarly.
It follows that the sum of squares of zp; satisfies

t—1 1
4T~ 1ZUtZt Z 50050 ROt— Otk Zt—j %t —k —>4T0/ o (s)ds. (A.22)

7,k=1 0
Now (A.14) follows by the martingale central limit theorem of McLeish (1974), see his Theorem 2.3
and the comments in the two paragraphs following it. [

By consistency of the estimator of « under the null, i.e., the estimator ¥ = (d, 1/;’ ), see Lemma
A.4, we have the following expansion of the likelihood (with subscripts denoting the relevant blocks
of the derivatives),

Dra(7) = Dra(70) + Hrap() (% — vo) + Hraa(7)(d — do),
0 = Dry() = Dry(v0) + Hrpw(3) (% — to) + Hrypa()(d — do),
where 5 denotes an intermediate point between 4 and -y (which can be different for each row of the
Hessian, although this is not important for the subsequent analysis). Using (3.8), this implies, in
particular, that .
b —1ho = —Hryy () Dry(v0) — Hrpy(7) " Hrypa(7)6T 2 (A.23)
and thus
T7'2Drq(7) = (1, —Hrayp(5) Hryy ()" 1T2 Dr(y0)
+ T (Hraa(¥) — Hray () Hryy (5) " Hrya(9)) 6. (A.24)
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Here we note that, by Lemma A.5 combined with 62 (do, ) = T '3[, 7 fo s)%ds,

T~'2Dr(0) 4N (0, o)),
T~ Hr(%) * — o,
as T' — oo. Thus, by the partitioned matrix inverse formula,
T2Dra(3) = [1,—(Z0)a(E0) ) N (0, ToX) — (E51) 41 0

and

Sir =TV Dra(3)\/—TH (3)11
U (Bo Vaall, ~(E0)ap(E0) s LIN(0, Yod) — (Eg 1) ’s,

which shows (3.9) because

w2

(Zo ad[1, =(Z0)ay (o) ) Toll, = (Z0)ay (Zo)yyl = (Zo ' YoZg aa(Eg ) g = "l

by another application of the partitioned matrix inverse formula. The result (3.10) follows immediately.

A.3 Proof of Theorem 2

Throughout the proof, we use P* and E*, respectively, to denote the probability and expectation
conditional on the realization of the original sample. Moreover, for a given sequence X7 computed on
the bootstrap data, with the notations X7. = oy (1), in probability, and X7, rx , in probability, we
mean that P* (| X7}.| > €) — 0 in probability and P*(|X7} — X|) > €) — 0 in probability, respectively,
for any € > 0 as T' — oo0.

We first present a lemma with the asymptotic distribution of the restricted estimator.

Lemma A.6 Let Assumptions R and V be satisfied and let Y denote the restricted estimator (3.4)
obtained under (3.1). Then VT () —1bg) = N(—®5 kod, \B; 1 Ag®y 1), where Ag corresponds to A :=
> 7 k=1CiCkTik cvaluated at the true value .

Proof. Consistency was shown in Lemma A.4 and the asymptotic distribution follows from (A.23)
combined with Lemma A.5. ]

The next two lemmas are versions of Lemmas A.4 and A.5 for the bootstrap data. The bootstrap
obJectlve function is 62(d, ) := T~1 Zt LE5(d,)?, where & (d, %)) := (L )AL yr and y; is defined
n (4.1).

Lemmz{ A.T Let Assumptions R and V be satisfied and let g denote the bootstrap true value; i.e.,
v = (d,¢"). Let the estimator of ¢ for the bootstrap data be given by * = arg minyey 62(d, w)

Then * 2 4, and therefore (d,*) 2 -

Proof. First note that &} (d,¢) = c¢(L,v)c(L, ¢)~Ler and define

T—o00

T —
() == lim ET’lz(c(L,w)c<L71/~z> ez
t=1

Consistency of Y* as an estimator of ¢ follows if we show the following:

T
sup |71 Zéj (d, 1/})2 - T*(@E)| LoasT — 00, (A.25)
pev —

inf r* > r*(1)) for all € > 0. A.26
YeWN{:||[v—pol|>e€} (w) (w) ( )
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The proofs of (A.25) and (A.26) are very similar to those of (A.4) and (A.5). In fact, they are slightly
simpler because only the weak dependence parameter ¢ is involved (and not d), although of course
the bootstrap errors make the proofs slightly different. Thus, we only outline the differences compared
with the proofs of (A.25) and (A.26).

Since €] = & qwy is an i.i.d. sequence, see Algorithm 1(ii), &f (d,v) is a linear process with i.i.d.
innovations and, by Assumption R, exponentially declining coefficients. Because the fourth moments
of e} are bounded uniformly in ¢t by Assumption V and the properties of wy, the law of large numbers
implies that (A.25) holds pointwise for each ¢ € W. The pointwise convergence can be extended to
uniform convergence by the same argument as in the proof of (A.4).

To show (A.26) let ¢ (z,%)c(z,¢) ™" = S20° @u(1))2", where the coefficients @, (1) are expo-
nentially declining under Assumption R. Because €f is an i.i.d. sequence, it is also uncorrelated, so
that 717 B(%°, gbn(z/))et 2 =TT S o ()2 E(e;2,,), whose limit can be shown to
be equal to that of T2 3.7 | B(e}?) 20 " 0 Pn(1)? using the same methods as in the proof of (A.5)
in Lemma A.4. From Assumption R it holds that Go(x)) = 1 for all 1 € ¥ and Y o0 @, (¥)? =
1+ 3% $n(1)? > 1 with equality if and only if 1 = 1. [ |

Lemma A.8 Let Assumptions R and V be satisfied and let v denote the bootstrap true value; i.e.,

Ve = (d, ). Then,

~9 1
v 20+ 9) X N(0,47} / o (s)ds), (A.27)
Oy =75 0
252 (4 . 1
L(’lw) 2,980 [ o2(s)ds, in probability, for any 5 2 g, (A.28)
MO = 0

to_
where Y 1= Z;il €0,5€0,575.i -

Proof. As in Lemma A.5 above it holds that

fa“(;d_ﬂ 12 zgjet]

and

9262(d, ) T t-1 T -2 t—j—1
0 =2T" 1ZZ§JEt —j kast k ( )+2T_125: (d, ) Z Ei€héi—j—r (d, ) .
79y =1 j=1 =1 =1 k=1

We first provide the proof for the weak convergence in (A.27). We have that
T i1

2 .
T ﬁ ZngfﬁLJ’;

Y= t=1 j=1

O

where éj denotes {; evaluated at (d, 1;’)’. Conditional on the original data, z7., := 2T_1/25;5k §;11 éjsffj
is a martingale difference sequence with respect to the ﬁltratlon Fi, i.e. the sigma-field generated by
{ef,...,€7}. First we find the probability limit of Zt 242 and then we show that the Lindeberg
condltlon is satisfied.

The sum of squares of x7, is

T t—1
4T_IZ€Z‘2 Z §j§k5t €tk = AT~ 125 Zﬁjflszkgj (A.29)
t=1

Jk=1

44771 ZS}Q Z Z Eiéuer_sein = Alr + Asr,

j=1k=1k#j
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where we now show that ATT = 4TT fo Y ds and A;T = 0 in probability, respectively. To see

this, recall that ef := &.;w; such that under the wild bootstrap probability measure, we have that
E* (e7?) = éit = (& —ET)2, where ép = T7! Z?:l & and & := &/(d,v) denotes the restricted
residuals.

Consider A}, first. By setting 7; := 5§,t (w? — 1) we can rearrange A} as

T
>{T:4T_12 thf] ct j+4T 1Z€th€] ]nt ]+4T 127775 Zgj ;5;5((2] (A30)
t=1

We first examine the first term of (A.30). By the mean value theorem,

Et = St(d "Lﬁ) Aﬂlrc (L 1/1) Yt = &t —|— 'Y ’}/0 Z mEt— m 1 + Op(l))

m=1

where the oj(1)-term is uniform in ¢ and ignored in the following. From Lemma A.6 and because
Eles| < oo uniformly in ¢, (5 — 70) 3202 Emerm = Op(T~Y2(log T)) and &7 = O,(T~1/?) uniformly
in t. Then & — ér = &; + ay7, where a;r = Op(T_l/2 (logT')) uniformly in ¢, and the first term of A},
satisfies

T t—1 T
T_lz(é‘t—i-atT) 53(815 § - ]T 2o~ 126?25] ]Et —j
t=1 =1
T t—1 ’
:T*lZzsf f}? (a? G+ 2et—ja— ]T)
t=1 j=1
T
+ 71 Z (afp + 2erasr Z & jst i
t=1 7j=1
T t—1
+ 7! Z (a?T + 25tatT) Z 5]53 (af_j,T + 2€t_jat,j,T) ,
t=1 j=1

where each of the three terms on the right hand side converge to zero in Li-norm. Then, by Lemma
A.6 and the delta method, 7! Zf 1€ Zj 1§j 5t = =71 Zf 1€ Zj 1500567]45%7]- +0,(1), so that
we are left with

T t—1 T t—1

AT "> Gososer =AT Y 072y Lolh 0t 5 4TT/ ot (s)ds
t=1  j=1 t=1

Jj=1 0

following the same arguments as in the proof of (A.22).
Next consider the second term of (A.30). Recalling that nf := &2, (wf — 1), its (m,n)’th element
is

t—1 T-1 T—t
AT cht m (&5)nT— _; =41 ! Z s Z m J)negtﬂ
J=1 t=1 =
Conditional on the original data and with (4 := E((w? — 1)?), the second moment of this term is
2
— Tt .
16¢,T~ 2Z€Ct Enélii | 20

under the 8th-order moment condition implied by Assumption V(b)(iii). Thus, the second term of
(A.30) is 0}, (1), in probability. Similarly, conditional on the original data, the second moment of the
(m,n)’th element of the third term of (A.30) is

16C4T 2Z€Ct Z wt jwt k (5 )m(éj)n(fk)m(fk)nggt yft k g 0

t=2 k=1
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such that third term of (A.30) is also o} (1), in probability, and hence A}, YL o4l fo *ds, in
probability

Next, consider A%, = 471 Zfz_ll Zf:_l{s#t wiwsay s, where ag s == Z]T max(t,s)+1 C].fj téj sEctfes
depends only on the original data. Thus, conditional on the original data, A%, is zero mean and the
variance of its (m,n)’th element is

T—-1T7-1 T-1T-1
E*(Abp)mn) = 16772 > " B(wi) E(wl)(ar,s)mn = 167723 D (ars)mn-
t=1 s=1 t=1 s=1
s#t s#t
As above, apart from o,(1)-terms, a; s = Z]T:max(t’s)ﬂ 5?50,j—t€6,j_55t58’ and we therefore examine

-1 T-1 T

- T
7233 S 3 220 tmEogos)nele Con—t)m(Eoss)n

t=1 s=t+1 j=s+1 k=s+1
with expected absolute value bounded by

T-1 T-1
KTzzZ Z Z G—t)'G—s)k—t)" (k—s)""
t=1 s=t+1 j=s+1 k=s+1
T-1 T-1
<SKT2Y " Y (logT)?(s —t) 2 < K(log T)* T,
t=1 s=t+1

using ||&o;|] < Kj~! for all j > 1, so that A}, converges to zero in Li-norm, and therefore in
probability.

For the Lindeberg condition we verify Lyapunov’s sufficient condition. Conditional on the original
data and for any arbitrary conforming vector v,

4

T t—1
T2 Z E* |V | & Z gjaf,j =72 Z E* (e <y'§jy’§~k> E* (72 JEka)
t=1 j=1

T
= B@HT Yk Y Bwd i) (VEVE) 2

where the first equality is because the €f are independent conditional on the original data. By exactly
the same methods as applied in the analysis of the sum of squares of x7, above, the Li-norm of
the right-hand side is bounded by KT 2 ZtT=1<Z§;11<V/ £,)?)2 = O(T~') under the 8th-order moment
condition in Assumption V(b)(iii), so that the right-hand side converges to zero in probability. Thus,
the Lindeberg condition is satisfied, which completes the proof of (A.27).

We finally show (A.28). By the same argument as in the proof of (A.15) in Lemma A.5, the second
derivative can be evaluated at the bootstrap true value, v;. Thus,

9262(d, ) T t-1 t—2t—j—1

* A\ 1 * c &k * *

T ovoa =2T" Z Z CLer jEi—k T 2T Z &t Z Z §i€ket—j—k = Bir + Bir.
VOV = =1 j k=1 t=1  j=1 k=1

First, by the same reasoning used for (A.29), BTT — 2H0 fo s)ds, in probability. Second, also by

the same reasoning as applied above, &} ijl t J 3 fjf € k15 a martingale difference sequence
with respect to Fy', and B3y is therefore oj(1), in probablhty, because of the normalization by 7.

In view of Lemmas A.7 and A.8, the proof of the theorem is completed as in the proof of Theorem
1. We note that, under Assumption V', To = Z;’il fgngé’jTj,j = Tg).
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A.4 Proof of Corollary 2

Theorem 2 implies that, uniformly in probability, G%. () — Fi (W,O), with F} as defined in
section 3. This implies that, under the null hypothesis, P} converges weakly to U|0, 1], see Hansen
(2000, proof of Theorem 5).

A.5 Proof of Theorem 3

The proof is essentially the same as that of Theorem 2, except that now E*(¢}?) = T1 Zthl 53775 does
not depend on ¢, which simplifies the proof. We only outline the proof that the sum of squares of 7.,
from the score now converges to 4Z¢( fol 02(s)ds)? in probability, so that the factor )\Z—; disappears
from the asymptotic distribution of the i.i.d. bootstrap statistics.

The term corresponding to A}, in (A.29) is now given by

T T
AT 1Y e Zgjg'e;‘QJ—le—lZ(e;‘? E*( 25]5’52‘2] (A.31)
t=2 t=1
. T T t—1
i z) DD
t=1

t=1 j=1
Since 471 Zthl éz Lq f s)ds, the result follows by showing that the ﬁrst term on the right-hand
side is 0j,(1), in probability, and that 7! thl ijl fjﬁg-stfj —Z0 fo ds = 05(1), in probability.

We first show the latter convergence.
Thus, noting that for the i.i.d. bootstrap E*(}2) does not depend on t,

T t—1 T t—1 T t—1
TN N &2, =T D §8 (e - B ) + BN DT D EE
t=1 j=1 t=1 j=1 t=1 j=1

where the last term satisfies the required convergence, so we only have to show that the first term is

0%(1), in probability. We find, again noting that E*(¢}?) does not depend on ¢, that

T t-1 T— 1 T—t
-1 1 2 g 5
Ty D &8 (2 - BN e?) =T E*(=i%) ) &),
t=1 j=1 t=1 j=1
which, conditional on the data, is mean zero and the variance of its (m,n)’th element is
2
T-1 T—t
EONACREE by 3
t=1 j=1
2
T-1 [Tt
— E* (5t _ 2T 2
t=1 ]:1

2
T-1 [T—t

T
< le(éc Zact> T2
t=1

Because ¢; is assumed to have finite fourth-order moments under Assumption V), the first factor on
the right-hand side converges in Li-norm, and hence in probability, to a finite constant. The second
factor converges in probability to zero, as above.

Finally, conditional on the original data, the first term of (A.31) has mean zero and the variance

t=1 \j=1
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of its (m,n)’th element is

1

167 2ZE* E* )" D (E)m(En(E)m(E)nE" (1))

7j=1

+ 327~ QZE* QZ Z Em(Ex)n (B* (1))

-+
|

= =1 k=j5+1
T T 2 T t=1 ~ ~ N
<16 | 77! Z (52, —771! Z 5c,t> ( -1 Z e t) T2 Z Z(fy)m(fj)n(fj)m(fj)n
=1 t=1 j=1

T T 2 2 Tot-1 -1 o 3
+32 T*Z(éit—T—lZéit) ( 1Zect> T2 Y EmlEnlE)mErn.
t=1 t=1 t=1 k=j+1

=1 j=1k=

As above, the first two factors in each of these terms converge in Li-norm, and hence in probability,
to finite constants due to the moment condition in Assumption V(b)(iii), and the last factors in each
term converge in probability to zero.

A.6 Proof of Corollary 3

The proof follows from Theorem 3 as in the proof of Corollary 2.
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