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Abstract

The asymptotic distributions of the recursive out-of-sample forecast accuracy
test statistics depend on stochastic integrals of Brownian motion when the
models under comparison are nested. This often complicates their implemen-
tation in practice because the computation of their asymptotic critical values is
burdensome. Hansen and Timmermann (2015, Econometrica) propose a Wald
approximation of the commonly used recursive F-statistic and provide a simple
characterization of the exact density of its asymptotic distribution. However,
this characterization holds only when the larger model has one extra predictor
or the forecast errors are homoscedastic. No such closed-form characterization
is readily available when the nesting involves more than one predictor and het-
eroscedasticity or serial correlation is present. We first show through Monte
Carlo experiments that both the recursive F-test and its Wald approximation
have poor finite-sample properties, especially when the forecast horizon is
greater than one and forecast errors exhibit serial correlation. We then propose
a hybrid bootstrap method consisting of a moving block bootstrap and a
residual-based bootstrap for both statistics and establish its validity. Simula-
tions show that the hybrid bootstrap has good finite-sample performance, even
in multi-step ahead forecasts with more than one predictor, and with hetero-
scedastic or autocorrelated forecast errors. The bootstrap method is illustrated
on forecasting core inflation and GDP growth.
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nested models is particularly interesting because the test
statistics often used—such as the recursively generated

Out-of-sample tests of predictive accuracy have received
considerable attention in the literature." Such testing pro-
cedures often involve comparing the out-of-sample mean
squared forecast error (MSFE) of alternative models to
select the one that minimizes this criterion. The case of

F-statistic [McCracken (2007) and Clark and McCracken
(2001, 2005)]—have nonstandard asymptotic distribu-
tions that depend on stochastic integrals of Brownian
motion; see Clark and McCracken (2012, 2014, 2015),
and Hansen and Timmermann (2015). Many studies have
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developed methods for approximating the quantiles of
the limiting distributions of these statistics, mainly by
using simulation methods; see Rossi and Inoue (2012)
and Hansen and Timmermann (2012). However, these
simulation methods can be computationally burdensome,
especially in the multivariate setting, because it requires
a discretization of both the underlying (multivariate)
Brownian motion and the support of the nuisance param-
eters (such as the relative size of the initial estimation
sample versus the out-of-sample evaluation period).

Recently, Hansen and Timmermann (2015) show that
the recursively generated F-statistic of McCracken (2007)
can be approximated by a Wald-type statistic whose
asymptotic distribution is a convolution of dependent
x%(1)-distributed random variables, thus simplifying the
computation of test critical values. When the underlying
data generating process (DGP) is homoscedastic, their
characterization yields a closed-form expression of the
exact density of the limiting distribution of the F-statistic,
even when the number of extra predictors in the larger
model is greater than one; see Hansen and Timmermann
((2015), Theorem 5). However, no closed-form characteri-
zation of the density of the limiting distribution of this
statistic is available in the multivariate setting (i.e., when
there are more than one extra predictors in the larger
model) if the underlying DGP is heteroscedastic or seri-
ally correlated.

This paper contributes to this research area in two
main ways. First, we show through Monte Carlo simula-
tions that even for moderate sample sizes, both the recur-
sively generated F-test of McCracken (2007) and its Wald
approximation of Hansen and Timmermann (2015) are
often oversized, especially when the forecast errors exhibit
heteroscedasticity or serial correlation. The size distortions
of both tests increase with the forecast horizon. For exam-
ple, in a simple framework where there is only one extra
predictor in the larger model, our simulations show that
under serially correlated forecast errors the rejection fre-
quencies under the null hypothesis of the F-test (at the 5%
nominal level) can jump from 10.6% when T =50, 7.5%
when T =100, and 6.2% when T =200 for I-step ahead
forecasts to 27.6% when T =50, 17.4% when T =100, and
13.9% when T =200 for 4-step ahead forecasts.

Second, we propose a hybrid bootstrap method con-
sisting of a moving block bootstrap (henceforth MBB,
which is nonparametric) and a residual-based bootstrap
(which is parametric) for both the recursively generated
F-test and its equivalent Wald statistic.> Our bootstrap
method builds on earlier work by Corradi and Swanson
(2007), but it differs from theirs in two important aspects.
First, whereas (Corradi & Swanson, 2007) (henceforth
CS) bootstrap is purely nonparametric in the sense that

level data are re-sampled (pairs bootstrap), ours is semi-
parametric and is based on resampling the residuals of
the unrestricted regression that includes the extra predic-
tors. Re-sampling the residuals is paramount to recover-
ing an eventual pattern of serial correlation in the
regression errors, which is not always the case with the
pairs bootstrap. Second, CS establish the conditions on
the block length under which their MBB is consistent,
but there is no practical guidance on the choice of this
block length in their study. Their Monte Carlo experi-
ments [see Tables 2-3 in Corradi and Swanson (2007)]
provide a clear evidence on the importance of choosing
the block length that fits the data better, as the perfor-
mance of the bootstrap CS test varies largely across alter-
native choices of block lengths. In this paper, we suggest
a data-dependent approach to select the block length.
Specifically, we propose setting it equal to the optimal lag
length of the Newey and West's (1987) HAC estimator
used in the expressions of the statistics. As the choice of
the block length aims to capture the dependence struc-
ture of the data, we believe matching it to the optimal lag
length of the HAC estimator is reasonable. However, we
do not claim optimality of this choice, for example, in the
sense of maximizing test power. Rather, we follow
Andrews and Monahan (1992) and the recommendations
of Newey and West (1994) to select the kernel bandwidth
of the HAC estimator and then use it as the block length
in our bootstrap DGP. This choice satisfies the conditions
under which our bootstrap consistency is established,
thus guaranteeing that type I error is controlled for. From
this perspective, our bootstrap method can be viewed as
complementary to Corradi and Swanson (2007).

We show that our proposed bootstrap is consistent
under both the null hypothesis of equal forecast accuracy
and the alternative hypothesis, irrespective of the forecast
horizon and the underlying DGP exhibiting heteroscedas-
ticity or serial correlation. The proof of our bootstrap is
innovative and different from the one in CS. Indeed, due
to nesting, the standard Gaussian approximation used in
CS no longer holds, so one has to resort to the functional
central limit theorem; see Davidson (1994). We present
simulation evidence indicating that the bootstrap approx-
imation performs well in small samples, even with het-
eroscedastic or serially correlated errors. These results are
qualitatively the same across forecast horizons, confirm-
ing our theoretical findings. We illustrate our theoretical
results with empirical applications which look at fore-
casting core inflation and GDP growth.

Important contributions on residual MBB are Efron
((1982), pp.35-36) and Fitzenberger (1998). However,
their bootstrap schemes assume that the regressors are
strictly exogenous, and are therefore kept fixed (not
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re-sampled) in the bootstrap algorithm. For weakly
dependent time series with lagged dependent variables,
as is the case in most applications of out-of-sample tests
of equal forecast accuracy, this type of MBB will not have
the desired size property. Recent contributions on boot-
strapping out-of-sample tests of equal forecast accuracy
include Clark and McCracken (2012, 2014, 2015), who
suggest using the “fixed regressor wild bootstrap
(FRWB).” This bootstrap algorithm maintains the usual
assumption that forecast errors exhibit an MA(r—1)
structure for forecast horizons 7 > 1.

Throughout this paper, convergence almost surely is
symbolized by “ a.s.,” «2» stands for convergence in
probability, whereas «%» means convergence in distribu-
tion. The usual stochastic orders of magnitude are
denoted by O,(-) and op(-). P denotes the relevant proba-
bility measure and E is the expectation operator under P.
The “+” on all these symbols and other variables (for
example P*) indicates the bootstrap world. op*(1)-P
denotes a term converging to zero in P* -probability, con-
ditional on the sample, and for all samples except a sub-
set with probability measure approaching zero, and
O, *(1)-IP is for a term that is bounded in P* -probability,
conditional on the sample, and for all samples except a
subset with probability measure approaching zero. Simi-
larly, 055-(1) and O+ (1) denote the terms that
approach zero almost surely and the terms that are
almost surely bounded, according to the probability law
P* and conditional on the sample. The notation I, stands
for the identity matrix of order q and ||U|| denotes the
usual Euclidean or Frobenius norm for a matrix U.
Finally, sup |f(w)| is the supremum norm on the space of

wEQ
bounded’ continuous real functions with topological

space Q.
The remainder of the paper is organized as follows.

Section 2 presents the setup, formulates the null hypothe-
sis as well as the assumptions used, and summarizes
briefly the asymptotic properties of the tests studied.
Section 3 presents our proposed bootstrap method and
proves the validity of the bootstrap. Section 4 presents
Monte Carlo results on the finite-sample performance of
our proposed bootstrap as well as the asymptotic tests
and the FRWB of Clark and MecCracken
(2012, 2014, 2015). Section 5 applies our bootstrap test to
forecasts of core inflation and real GDP growth for US
data. Finally, Section 6 concludes.

2 | FRAMEWORK

We first introduce the setup and the testing problem of
interest as well as their asymptotic properties.

2.1 | Setup
Let {Y,;: 1<t<T} be a stochastic process defined on
(Q,B,F), where B is a s-algebra on Q, F is the class of
distributions under consideration, and Y, has support on
a compact subset of R? for some positive integer p. Con-
sider the partition Y, := (y,,X5,)’, where y,:1 x 1 and X :
kx1 (k=p—1) may contains lags of y,. By convention,
we assume that a vector (or a matrix) does not appear in
the model if its number of columns or rows is zero. For
example, X,; does not appear in the above partition of Y,
if p=1. Let s= max{q,7} + 1, where g denotes the maxi-
mum lag length of the variables in X,; and z>1 is the
forecast horizon of interest.

Consider the predictive regression model (see Hansen &
Timmermann, 2015)

Ve =Xb, Prtex

, =1 (2.1)
=X P +Xo P teu, t=5,..T,

/

where X, = (X’LI,XZJ)/: X, €RM and X5, eRF
(k=ki+ks); B = (B, B3,) €RY: iy €RM and fy, € R
are unknown, and e, is an error term. We are interested
in testing whether X, has predictive power in forecasting
¥; -periods ahead.

Several studies® show that this testing problem can be
formulated as the comparison of mean squared error
(MSE) of the forecast of y,,, generated using the unrest-
ricted model (2.1) to the one resulting from the restricted
regression

V=X, P +en t=s,..,T. (2.2)

In this setting, the null hypothesis of equal predictive
performance takes the form

Ho: Be[(y,— Xy, S0’ — 0 — X0, 0] =0  (2.3)

for some FeF, where ﬁj‘-’ :argn}}in EF[(yt—XJ’.J_Tﬂj)Z}
J

denote the unknown true values of f; (j=1,2) in (2.1)-
(2.2).

Common to most studies in this literature is the
assumption that the resulting forecast errors exhibit an
MA(z—1) structure for 7>1 (see, eg, Clark &
McCracken, 2012, 2015). In this paper, we emphasize the
possibility that the z-period-ahead forecast errors may be
autocorrelated and the order of the autocorrelation is
unknown. For example, in empirical applications using
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vector autoregression (VAR) framework, the true data
generating process (DGP) in (2.1)-(2.2) may include a
certain number of lags of the dependent variable y, as
predictors but a researcher may only use a smaller num-
ber of lags than the true one, thus leading to autocorre-
lated errors e;. Allowing for autocorrelated forecast
errors helps to reduce bias in the estimates that results
from this lag misspecification.

The form of Hj in (2.3) suggests building test statistics
based on the MSE loss differential
Er((y, X5, )" — (v~ X}, £1)’)- This is usually done
out-of-sample using a recursive estimation of the model
parameters; see, for example, Diebold and Mariano
(1995); West (1996); Clark and McCracken (2001). In this
framework, the test statistics often suggested have limit-
ing distributions that depend on stochastic integrals of
Brownian motions, which makes the computation of
their critical values cumbersome.

In this study, we focus particularly on the recursively
generated F-test of Clark and McCracken (2001), whose
critical values are easier to compute in some cases due to
its equivalence to a Wald-type statistic (Hansen &
Timmermann, 2015). In particular, when the DGP is
homoscedastic, Hansen and Timmermann (2015) provide
closed-form expressions of the exact density of the limit-
ing distributions of this F-statistic, even when the unrest-
ricted model (2.1) contains more than one extra
predictors. However, in addition to its large-sample
approximation nature, there is no such closed-form char-
acterization when the underlying DGP is heteroscedastic
and (2.1) includes multiple extra predictors. This setting
is of great relevance in empirical work, thus providing a
valid statistical procedure that accounts for it is arguably
of interest to applied researchers.

To introduce the recursively generated F-statistic,
suppose that Pr out-of-sample predictions are available,
where the first is based on a parameter vector estimated
using data from s to Ry, the second on a parameter vector
estimated using data from s to Rr+ 1, and so on, and the
last is based on a parameter vector estimated using data
from s to Rr+Pr—t=T—1. Let ﬁm,,(ﬁz,l,r) =V =
X, P, denote the 7-step ahead forecast geperated
from model (2.1) and yt\t—r(ﬁl,t—r) =it :Xll,At—nb)l,t—T be
the one that results from model (2.2), where f;, (j=1,2)
are the recursive OLS estimators of f; from (2.1)-(2.2),
that is,

N 1 , 2
ﬁj,z =arg rr/ljjm;%( n —Xj,n_fﬂ]) ,
Rr<t<T—-1j=1,2. (2.4)

The recursively generated F-statistic for H, (see
Hansen & Timmermann, 2015) takes the form

1 T
Tr=—= . . 2.5
T (32 Z l:(yt*X,z.ff’[ﬂz,t*‘[)27(yfiX/l,[*‘[ﬂlvt*T)sz ’ ( )

€ t=Rr+1

where 62 is a consistent estimator of the variance of the
unrestricted error in (2.1).*
T
Let H, =plim (% ZXZJTX’Z,”) (assuming that the

T—oo t=s
limit exists and also X, includes a column vector of ones)

be partitioned as

H, H%,
HZZ y H11k1><k1,

Hy; H,
H21 :kz X kl, I:Iz :k2 X kz,

and define H,=H,-HuH{'H}, Zi.=Xs .~ HuH; X1z .-
Also, let I, denote the n-th autocovariance (suppose for
now that it exists) of the stochastic process {Z; .}, that is,

T
Iy =plim~ S~z 7
n=plm— t—1€2€5 1 by 1 po

T—oo t=s

and define Q= Zf:_r +1fn. Let ZTJ,Z denote the residual
from the multivariate regression of X, , on X;, ., that

is,

T T -1
- - ’ /
ZT,tfr = XZ,tfr - E XZ,Ierl,t,T § Xl,terL[,T Xl,tfr-

t=s t=s

The Wald statistic for the null hypothesis $,, =0 in (2.1)
is given by

~ N P DN
ST: Tﬂzz.TVT ﬂZZ-T’ (26)

-1
p T T

where  fyr= (ZI:SZT J-TZ/T,tfr) > rZri—y, and

Vi=Vy ([3’2”) is a consistent estimator of the variance of

Tlim var(VTB,, ). Under homoscedastic errors, we can
— 00

o 1 N
express Vr =67 (Z[T:SZTJ_TZ’T,FT) and Sy in (2.6) as

Sr =S8y/6*(T), where Sy =S(T)

_ T ! T ! -t T (27)
= Zt:sytZT,t—r Zt:sZT:t—TZT,I—‘[ > s ZTi-Ves

where 6%(T) is a consistent estimator of o2 =var(ey;)

based on the full sample. Similarly, let S‘RT denote the
Wald statistic for f,, =0, computed using the first Rr
observations in the sample. Hansen and Timmermann
(2015) show that 71 in (2.5) is asymptotically equivalent

85UB01 T SUOWIWIOD BA 81D 8|qeot[dde aup Ag peusenob a1e sejolle YO ‘N Jo s8Nl Joj AkeiqiTaulUO /8|1 U (SUONIPUOD-PUR-SLLIBIWOD A8 |1 Afe.q1jBulJUO//SdnL) SUONIPUOD pue SWB | 81 88S " [£202/50/2z] Uo AridiTauljuo AS|Im ‘luwn|y sprppY Jo AISIBAIUN Ag /862 10}/Z00T OT/I0p/W00" A8 1M AleIq 1 puljuo//sdiy Woly pepeojumod ‘0 ‘XTET660T



DOKO TCHATOKA and HAQUE

WILEY_L_*

to the difference between two Wald-type statistics, that is,
T =Wr+o0p(1), where

W= ST - SRT + nglélog(p), (28)

with & = tr[H, 1Q] under Hy, H, and € are defined above.
It is clear from (2.8) that Wr is related to the homosce-
dastic Wald statistics of the null hypothesis 3,, =0, even
when the underlying true data generating process is het-
eroscedastic. This means that the recursive F-statistic 7 1
is not robust to heteroscedasticity, as Wy is not robust to
heteroscedasticity and both are equivalent under H,.
However, the Wald formulation (2.8) is more interesting
than the F-type one (2.5) because it allows to accommo-
date heteroscedasticity or serial correlation, for example,
by using a HAC estimator of the covariance matrix of the
estimator of f3,, with the full and reduced samples. But,
even if such a correction was implemented, computing
asymptotic critical values of the resulting statistic will
still involve discretization of the underlying multivariate
Brownian motions when (2.1) includes multiple extra
predictors (Hansen & Timmermann, 2015), thus making
it cumbersome to compute test critical values. This pro-
vides a strong motivation for our bootstrap method that
not only alleviates the limitations of the F-statistic 7 1
but also makes its implementation easier.

It is worth noting that in this paper, we consider the
recursively generated F-test of McCracken (2007) and
Clark and McCracken (2001, 2005) that Hansen and Tim-
mermann (2015) showed is equivalent to a Wald-type sta-
tistic. However, Clark and West (2007) suggest that for
nested models the appropriate test statistic to use is the
“MSPE-adjusted” test statistic. This statistic is the differ-
ence between MSPE of the parsimonious model and the
larger model plus an adjustment term. They show that
the adjustment term is needed as the MSPE from the par-
simonious model is expected to be smaller than that of
the larger model, in turn because the larger model intro-
duces noise into its forecasts by estimating parameters
whose population values are zero. Clark and West (2007)
show that standard normal inference for the raw unad-
justed difference in MSPEs—what they call “MSPE-nor-
mal”—performs abysmally. Moreover, they show that the
MSPE-adjusted test statistic is not asymptotically normal
but rather has a non-standard distribution. However,
using the standard normal critical values leads to a con-
servative test asymptotically (i.e., the actual size less than
the nominal size as the sample increases); see Clark and
McCracken (2001, 2005). They also show that simulation
methods, such as bootstrap, work well for both MSPE-

adjusted and MSPE-normal test statistics. Clark and
McCracken (2005) also compare the MSE-F statistic to
the MSPE-adjusted statistic (what they call “ENC-F”)
based on both asymptotic critical values from non-
standard limiting distribution and bootstrap method.
They find that the MSE-F test has better size property
than the ENC-F test, with both the asymptotic and boot-
strap critical values. More generally, the simulations indi-
cate the ENC-F test is more over-sized than the
MSE-F test.

2.2 | Notations and assumptions
Throughout the study, the following notations are used.
For any j € {1,2}, let

$it(Bj) = Xjr— (Ve _Xjf,tfrﬁj) = (Sjyp(t))lspskj’

1
hj, :Xj,th{,tE[hj,Pl(t)Lgp,lskj’ Hjt:?zhj’”_f’
n=s

where (s;,(f)) is a k;-dimensional vector with ele-

lﬁpskj

ments s;,(t) and [hp(t)] is a k;j x k; matrix with

1<p,l<k;
entries hjp(t).

Define f3, = (§,,0')" and consider the selection matrix

!
J= [Iklxkl fOklxkz] such that J'sy(f,)=sui(f;) and

J hyJ = hy;. Also, let

Sx(By) = ‘TS_IAH;/Zszt(ﬂz),
A e R A'A=HY?(—JH'V +H; ) H)?,
(2.9)

where o2=var(ey;) and Hj=Eplh;] for all je{1,2}.
Define B(r) = B (r),..., By, (r)] € R¥2; the standard Brow-
nian motion on ]D)ﬁil], ]D)’[‘OZ’I] is the space of Cadlag map-
pings from [0,1] to R*2. For any positive definite real
matrix X:qxgq,B(X) stands for a g-dimensional
Brownian motion with covariance matrix X (see,
e.g., Davidson, 1994, Section 27.7). We now make the follow-

ing assumptions on the model variables and parameters.

Assumption 1.

/

(i) Up= [sjl(ﬂj)’,vec(hj —Hj)'| is covariance sta-
tionary such that Ex(U;)=0 and H;=
Er(hj) is positive definite for all ¢ and j;

(ii) Uy is 3(2+1/y)-dominated’ uniformly in B;

85UB01 T SUOWIWIOD BA 81D 8|qeot[dde aup Ag peusenob a1e sejolle YO ‘N Jo s8Nl Joj AkeiqiTaulUO /8|1 U (SUONIPUOD-PUR-SLLIBIWOD A8 |1 Afe.q1jBulJUO//SdnL) SUONIPUOD pue SWB | 81 88S " [£202/50/2z] Uo AridiTauljuo AS|Im ‘luwn|y sprppY Jo AISIBAIUN Ag /862 10}/Z00T OT/I0p/W00" A8 1M AleIq 1 puljuo//sdiy Woly pepeojumod ‘0 ‘XTET660T



s | WILEY

DOKO TCHATOKA and HAQUE

for some > 0 and all ¢,j;

(iii) Uj is L+5-NED® on some sequence {Vj}
uniformly in f; of size —2(1+), where
{Vji} is a-mixing of size —2(2+6)(1+
2y) for t,j and some §> 0, y > 0.

Assumption 2. There is a kernel function
K(-) with bandwidth g, + 1 satisfying:

(i) K(-):R—[-11],
K(—x)V x€R,

+o0 +o0
/ K(x)%dx < oo, / K (x)|dx < oo,

K(0)=0,K(x) =

K(-) is continuous at 0 and at all but a
number of other points in
R, Sup, 5 oK (x)] < o0;

(ii) as T — o0,q; — oo and q;/¥/T — 0 for some
q € [0,00) such that

If 9] € [0,00) where f@

1 - . ’
=5 > "B X, )
Jj=—o

(iii) [y K (x)dx < oo where
K(x) = Supyzx‘K(y”‘

Assumption 3.

(i) T=Rr+Prand Ry = |pT| for some p € (0,1);
(ii) Pr/Rr—r=(1—p)/pas T — co.

Remarks. 1. The covariance stationary con-
dition of both the score vector
sjt(f;) and the Hessian matrix h,
in Assumption 1-(i) is standard
in the literature (see,
e.g., Clark & McCracken, 2012).
Assumption 1-(ii) requires the
existence of at least the first six
moments for both s;;(8;) and h;;.
In addition, the NED and strong
a-mixing conditions in Assump-
tion 1-(iii) ensures that the pro-

assumption from previous stud-
ies that s;(f;) and s;, n(f;) are
uncorrelated for order more
than 7 —1 is mainly justified by
the fact that the r-period-ahead
forecast errors exhibit an
MA(z—1) structure. Therefore,
the correlation between s;(f;)
and s;;(f;) vanishes for h>1.
However, as we emphasize on
cases where the r-period-ahead
forecast errors may be autocor-
related, the usual assumption
cannot be sustained.

2. Conditions (i) and (ii) of Assumption 2
ensure the consistency of the HAC
estimator with a rate derived in
Andrews (1991). Under these condi-
tions, the bandwidth parameter g,

satisfies
. T-1 n
limsup su +1)" K <7>
Tﬂoop0<l/<puu (qT ) ; y(qT+1)

for any 0 <1, < oo (see, e.g., Jansson, 2002,
Lemma 1). Note that (2.10) holds for all
the kernels in class K5 of Andrews (1991,
eq. (7.1)) and those satisfying Assump-
tions 1 and 3 in Newey and West (1994).

3. Assumption 3 is frequently used in the
literature of tests of predictive accuracy. It
implies that 0 < 7 < oo, that is, Ry and Py
grow at the same rate as T increases. It
can be extended to z=0, that is, Pr
grows at a lower rate than Ry. Inference
in this case is straightforward as it yields
pivotal statistics (see McCracken, 2007,
Theorem 3.2-(b)), meaning that our boot-
strap method will yield a higher-order
refinement in that case.

2.3 | Asymptotic distributions

<oo (2.10)

Under Assumptions 1-3, Hansen and Timmermann
(2015) provide a characterization of the asymptotic distri-
bution of 77 under the null hypothesis $,, =0 and local
alternatives of the form f,, =cT~/?b for some constant
scalar c and vector b. More precisely, they show that

cess {y,, X5} is ergodic in both
the mean and covariance,
whereby the central limit theo-
rem can be applied. Unlike pre-
vious studies,” Assumption 1
allows for correlation of order

more than ¢—1. The usual (a) if B, =0, then
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00|

(2.11)

ky 1
Tr% 211{2/

P

r~'By(r)dB(r) —/

4

—p B (p) +log(p)]; (2.12)

ky
<Y 4B
=1

(b) and if f,, =T /?b for some c and b (b is such that
b'Eb = ¢%«), then

TT_ZA,{z / r'By(r)dB(r)

~ [ B0+ (- 2B B

_2,1, (B} (1

+2caq [Bz( ) —Bi(p)]];

—p "B (p) +1log(p) + (1 —p)c?

(2.13)

where a=b'H,Q_ 1/ZQ (a1); <1<, Q is an ortholgonal
matrix such that Q= Iy, and QAQ= ‘ZQ H, Ql/ 2
A =diag(A,...,A,), and Q. is the asymptotic variance of
the stochastic process {Z; ey} where Z, .=

v —1
Xoy r—HunH] Xy ;.
Remarks. Several observations are of order.

1. The expression of the limiting distribu-
tion of 77 in (2.11) is well known in the
literature (see, e.g., McCracken, 2007) and
the difficulties in computing test critical
values using this formula are well-docu-
mented. Hansen and Timmermann (2015)
show that this integral of stochastic Brow-
nian motions can be expressed as a convo-
lution of dependent y?(1) variables, as
shown in (2.12).

2. In (2.12), the eigenvalues 4; (I=1,...k;)
measure the degree of heteroscedasticity in
the model (Hansen & Timmermann, 2015).
Under homoscedasticity, 4;=1 for all [,
and (2.11) reduces to the earlier result in
McCracken (2007). However, under het-
eroscedasticity 4; # 1 for some 1=1,...,k;.
Clearly, (2.12) illustrates that 7t (thus
Wr) is not robust to heteroscedasticity.

3. If B(r) is a univariate standard Brownian
motion (i.e., if (2.1) contains only one extra
predictor), the limiting distribution
in (2.12) is identical to that of the random

varlable VI=p(Z3 —Z5) +log(p), where
Z;'< N(O 1),j=1,2 (Hansen &
Timmermann, 2015, Theorem 4). Hence,
test critical values can be simulated easily
given p. This case is somewhat restrictive
as it implies that X, in (2.1) contains only
one regressor (i.e., kp=1). Similarly, if
B(r) is a multivariate standard Brownian
motion (i.e., if X, contains more than one
regressor) and the DGP is homoscedastic
(e, Ah1=..=4 =1), a closed-form
expression of the pdf of the exact density
of the asymptotic limit variable in (2.12) is
provided in Hansen and Timmermann
((2015), theorem 5). As such, the asymp-
totic critical values of 7t can be simulated
under H using this pdf formula. However,
we are not aware of a closed-form charac-
terization of the pdf of the limit variable
in (2.12) under heteroscedasticity or serial
correlation in the multivariate nested set-
ting (i.e., k,>1). Moreover, the equiva-
lence between 71 and Wr is asymptotic
in nature, and as such the finite-sample
behavior of both statistics may differ even
in the case where the DGP is homoskedas-
tic, thus leading to size distortions in small
samples when the simulated critical values
from (2.12) are used. Our bootstrap proce-
dure not only simplifies the computational
burdens of simulating critical values of 71
and Wr, especially when k,>1 and the
DGP is heteroskedastic, but also provides a
framework to improve the finite-sample
performance of the tests.

3 | BOOTSTRAP TEST

In the multistep-ahead forecasting framework (i.e., 7> 1),
bootstrap methods often fail to control the size even for a
well-specified homoscedastic model due to lack of
accounting for the serial correlation structure of the
resulting forecast errors. Building on earlier work by
Corradi and Swanson (2007), we propose a bootstrap
method that performs quite well for both 7 and Wy
irrespective of the forecast horizon 7.

3.1 | Bootstrap DGP

Let &, denote the residuals from the OLS of (2.1), and
define {W,=(X 2,,8“) t=s,..,T} where X‘;, contains
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the variables in X,; other than the lags of the dependent
variable y,. Let 7 € N be a block length (1<¢7 <T —5),
By ={W,Wii1,... Weip—1} be the block of £7 consec-
utive observations starting at W, for t=s,...,T. Assume
that T—s=br¢r so that the moving block bootstrap
(MBB) procedure consists of drawing br=(T—5s)/¢r
blocks, {B{, ,B;, By ; }, randomly with replace-
ment from the set of overlapping blocks
{Bs¢ys-sBr—¢r11,, - The first £r observations in the
pseudo-time series are the sequence of 7 values in BS’}T,
the next 1 observations in the pseudo-time series are the
£r values in Bj, ‘e, and so on, that is,
W= (W* Wi Wi) = ( l*fr Bygpo BbeT) g

where Wt* = [Xét 9%,:} for all t=s,...T. Let I,...,Ip, be

iid. random variables distributed uniformly on
{s—1,s,..,T—¢r+1}. The resulting bootstrap sample
can be defined as {W/ :=W,,t=s,..,T} where 7, is a
random array, that is, {z} = {L + 1,... s + £1, s I, + 1,0, Ty, + 1}
To construct the bootstrap dependent variable y;, we
proceed as follows.

1. If Xz ¢ does not contain any lag of y,, then set X =
XZ*, [X{“[,Xz*t and generate y,* as:

V=X P terat=s5+1,..T. (3.1)

2. If X,; contains lags of y,, then proceed as follows.
First, set y; =y, for all t=1,...,s—1 (initial values)
and form y;* , for [=5,..,S+7— 1,% and partition the
bootstrap draws X ét appropriately to form X' : . Then,
compute y;" for t=s+7,..., T as:

V=X _bir. e t=5+7,..,T. (3.2)

Remarks. 1. The above bootstrap scheme is a
hybrid of moving block boot-
strap and residual-based boot-
strap. As such, it differs from
the previous literature on the
topic in a number of ways. In
particular, it differs from
Corradi and Swanson (2007) in
three important aspects. -
First, whereas the bootstrap of
Corradi and Swanson (2007) is
non-parametric in the sense that
level data are re-sampled (pairs
bootstrap) in their DGP, ours is

semi-parametric in the sense
that it is based on resampling
the residuals. Resampling the
residuals is important for recov-
ering the serial correlation pat-
tern of regression errors. For
example, the Monte Carlo
experiment in Corradi and
Swanson (2007) illustrates that
the pairs bootstrap does not
always mimic well, not only the
serial correlation pattern in
regression errors but also the
persistence of the data, thus
leading to valid but conservative
bootstrap tests. Looking at
Corradi and Swanson ((2007),
tables 2 and 3)], we see that with
moderate autocorrelation of the
errors in their DGP (a;=0.3)
and mild persistence in the data
(a, =0.6), the size2 results indi-
cate a conservative moving
block bootstrap procedure at the
10% nominal level for 1-step-
ahead forecasts. The under-
rejections of this moving block
bootstrap worsens as the persis-
tence in the data increases (see
Corradi & Swanson, 2007, tables
2 and 3, panel C).  Second, to
ensure that our bootstrap pro-
vides asymptotically valid esti-
mates of the appropriate critical
values regardless of whether the
null hypothesis holds, we gener-
ate the bootstrap samples using
the residuals from the unrest-
ricted model (similar to Clark &
McCracken, 2012), and then
form the bootstrap DGP as
=X —Prr- +é5.  Third,
Corradi and Swanson (2007)
establish the conditions on the
block length #r under which
the MBB is consistent. We
establish similar conditions but
also suggest a data-dependent
method to select the bootstrap
block length. As the choice of
the block length should capture
the structure of dependence in
the data, we believe equalizing
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it to the optimal lag length of
the HAC estimator for the vari-
ance of the errors is a reason-
able choice. We are not aware of
any study on this topic that
simultaneously addresses the
problem of autocorrelation and
the selection choice of the boot-
strap block length in a data-
dependent manner. For exam-
ple, Corradi and Swanson (2007,
tables 2 and 3) show clear evi-
dence that the choice of the
bootstrap block length influ-
ences the performance of the
bootstrap CS test. Tables S4 and
S5 and the discussion therein
highlight the impact of the
block length choice on the boot-
strap test properties. In particu-
lar, the bootstrap test can be
under-sized for a choice of the
block length that exceeds the
true one, and over-sized for a
choice of the block length that
is shorter than the true one.
From this perspective, our boot-
strap method is an important
contribution to the literature.

2. An important contribution on residual

MBB is Efron (1982, pp. 35-36), but its
scheme considers the regressors to be
strictly exogenous, thus those regressors
are not re-sampled in the bootstrap algo-
rithm. This type of MBB is not appropriate
for weakly dependent time series with
lagged dependent variables. Fitzenberger
(1998) proposes a MBB where the regres-
sors are re-sampled, but as in Corradi and
Swanson (2007), the choice of block
length is not addressed. Recent contribu-
tions on bootstrapping out-of-sample tests
of predictive accuracy include Clark and
McCracken (2012, 2014, 2015). Their
bootstrap algorithm relies on a variant of
the wild bootstrap that maintains the
MA(r—1) structure of the forecast
errors.

. Although our framework does not
directly address the multiple hypothesis
testing problems analyzed in Clark and
McCracken (2012), our bootstrap method
can be generalized to this framework. We
leave this extension for future research.

Let ﬁ . be the recursive bootstrap estimator similar to
[f]t in (2. 4) that is,

. 1, .

ﬂj,t:argn}jm;z:(yn X Tﬁj) Rr<t<T—zj=1,2.
J n=s

(3.3)

Lemma A.3 in Appendix A establishes that

Z ﬂ]l

TtR

b+ (1) pr—P forall j=1,2.

That is, the limiting distribution of \/—Zt RT(/JJ[ ﬁj ;) is
not centered at zero but is rather characterized by a loca-
tion bias. This means that a bootstrap test based on ﬁji

may not have desirable size properties and some adjust-
ments are required. Several studies, including Politis and
Romano (1994) and Corradi and Swanson (2007), have
proposed methods to eliminate this location bias from

,Bji. Due to its simplicity, we adapt the approach of Cor-
radi and Swanson (2007).

Define the adjusted recursive estimator

ﬁjftzargrr}}in%z {( Xin- fﬁj) +2; <HTZSJV:(/ ﬂ’

J n=s

Ry <t<T-r, (3.4)

where u;=1/(T—7—s+1) and sjn([;'jt)szn Oy, —
Xin Tﬁj ;) for all j=1,2. We can solve (3.4) explicitly for
ﬁj,t to get

, = (1)
% (%Z;s [Xjfn—ry: _.“Tzzsfsj’n(/}j,t)})’ (3:5)

Ry <t<T-—r,
where h/, = *nffij‘nLT is the bootstrap analog of
hj,n r—Xjn TXJn —7*

Before moving on to the bootstrap tests, we first state
the following result on the asymptotic behavior of ﬁjz
in (3.5)

Theorem 3.1. Suppose Assumptions 1-3 are
satisfied and £ =0 (T%). Then

limP|w: sup
T—o0 P
v eRY

=S =
P (\/—P—T[;T( ﬁ,;rﬁ,;L)SVj)*P’(\/—P—T;;T(/fj,rﬂ?)ﬁvj) >C] =0

forany {>0.
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Remark 4. Theorem 3.1 establishes the con-
sistency of the limiting distribution of

\/;TT'Z[T Igr(ﬁjt ﬁjt) to that Of\/“'Zt RT(ﬂ}t

p)) for all j=1,2. It is similar to Corradi and
Swanson ((2007), theorem 1); however, its
proof differs from theirs mainly because the

asymptotic distribution of \/—Z[ Rr(ﬂ” ﬂj(-))

is a mixture of Brownian motions (see Lemma
A.2(b) in Appendix A), rather than a standard
Gaussian process as in Corradi and Swanson
(2007). Under the conditions of Theorem 3.1,
the Mann and Wald's (1943) theorem implies
that any bootstrap statistic that is a continu-

ous function of J—Zt Rr(ﬁjt ﬁjt) should

control test size. This result is important
because it implies that our proposed hybrid
bootstrap statistics in Section 3.2 provide a good
approximation of the limiting distribution of
the standard test statistics 7+ and Wr without
the usual re-centering as in Corradi and
Swanson (2007).

Section 3.2 presents our bootstrap statis-
tics and characterizes their asymptotic behav-
ior under both the null hypothesis (size) and
the alternative hypothesis (power).

3.2 | Bootstrap statistics

We suggest the following recursive bootstrap F-statistic
and its equivalent Wald formulation:

.1
TT:&*Z Z [(J"t X5 Tﬂ2t 7) W = X7, ’[ﬂlt 2 ]
e t=Rr+1
(3.6)
Wi =8y —Sp, +6) K*log(p), (3.7)

where Bji is given in (3.5), S, =S, /61"
counterpart of §m for me {T Rr}  with
S ( )=V Z g T(ZIW;S mt—cLmi 1') Zr Lmi—Vi s

and 6, * and #* are the bootstrap counterparts of 62 and
%, respectively.” We implement the bootstrap test using
the following algorithm:

is the bootstrap

1. Given the observed data, construct an estimate of the
test statistics 7 r and Wy defined in (2.5)-(2.8).

2. Construct j=1,...,N bootstrap pseudo-samples inde-
pendently as described in Section 3.1, and compute
the bootstrap statistics 7+ and Wy as in (3.6)-(3.7).

3. Reject the null hypothesis at the a% level if the test
statistic (7t or Wr) is greater than the (100 — ) per-
centile of the empirical distribution of the N simu-
lated test statistics.

We can now state the following theorem on the valid-
ity of the bootstrap:

Theorem 3.2. Suppose Assumptions 1-3 are
satisfied and £ =0 (T%). Then:

IimP|w: sup |P*(7T; <v) —P(Tr<v)|>{| =0,
T—oo VjERkj
IimPw: sup |P* Wy <v) —PWr<v)|>n| =0
T—o0 vjéRkj

forany {>0and n> 0.

Remark 5. Theorem 3.2 holds irrespective of
whether the null hypothesis H is satisfied or
not. Moreover, our bootstrap approximates
well the limiting distribution of the standard
test statistics 7 r and Wr even if the data gen-
erating process is heteroscedastic or weakly
dependent. This contrasts with the fixed regres-
sor bootstrap for which only the MA(r—1)
structure of forecast errors are accounted for
(see Clark & McCracken, 2012, 2015). In par-
ticular, Theorem 3.2 allows for a more general
ARMA structure for the forecast errors, which
as discussed previously, can of be great impor-
tance in applied work when 7> 1.

Now, let ¢* (@) and ¢} (a) denote the (1—
a) quantiles under H, of the bootstrap statis-
tics 77 and Wj respectively for some
€(0,1). Theorem 3.3 characterizes the
behavior of the statistics 71 and Wr under
the alternative hypothesis H; :f,, 70 when
the bootstrap critical values ¢’ (a) and ¢ (a)
are utilized.

Theorem 3.3. Suppose Assumptions 1-3 are
satisfied, ¢t :O(T}t) and f,, 70 is fixed.
Then:

]P’[’Z'T>CT* (a)} -1, P[Wpc;(a)} —1 as T — .
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Note that although Theorem 3.3 only focuses on fixed
alternative hypotheses, there is no impediment to extend-
ing it to local alternative hypotheses of the form given
in (2.13).

Next, we investigate the finite-sample performance of
both the asymptotic and proposed bootstrap through
Monte Carlo experiments in Section 4.

4 | FINITE-SAMPLE
PERFORMANCE OF THE TESTS

We consider the following DGP described by a bi-variate

vector autoregression (VAR) (similar to Hansen &
Timmermann, 2015):

Vi =03y, + PopXi—z + Uy, (4.1)

Xt = O.SX[77 + Uy, (42)

where uy, uy are the error terms and 7 is the forecast
horizon. To simplify the presentation, the experiments
are run with 7€ {1,4}, but the results are qualitatively
the same for alternative forecast horizons. In all experi-
ments, the null forecast model is of “no-influence” of x;_,
in (4.1), and the alternative (unrestricted) forecast model
takes the form of (4.1)-(4.2) with f,, # 0. Therefore, the
testing problem of interest can be formulated equiva-
lently as

Ho:ﬂZZZOVS. leﬂzzio. (43)

We consider four DGPs for the error vector (uy,,uxt)’
as follows.

DGP 1 (Homoscedasticity): (uy,uy) = N(0,1,);

DGP 2 (Heteroscedasticity alone): uj~N(0,h;) for
je{x,y}, where hjy=ag +a1uj2t_1 +azhy—; and
a1 =0.1,a, =0.8;

DGP 3 (Autocorrelation only): wj=0.5u;; 1+¢; for
j€{x,y}, where (gytygxt)/ l‘bN(O,Iz) when r=1,
whereas

Ujr = O.SLlj,t_l + &+ 0-953jt—1 + 0.906‘]‘[_2
+ 0.806‘]1,3,

where (eyt,ext)/ i'iéi‘N(o,Iz) when 7 = 41°;
DGP 4 (Heteroscedasticity and autocorrelation): DGP
2+ DGP 3.

The simulations are run with N = 10,000 simulated
samples and B=199 bootstrap pseudo samples of sizes
T € {50,100,200}. For both the asymptotic and bootstrap

tests, the nominal level « is set at 5%."" The sample split
points, #=(1—p)/p, varies in {0.2,0.8,1.4,2.0}. For
example, if 7=0.2, then p=2 that is, |3L| observations
are used in the initial estimation. This allows us to com-
pare our results with previous studies (see, e.g., Clark &

McCracken, 2001, 2005; McCracken, 2007).

4.1 | Size results

Table 1 shows the rejection frequencies for the standard
asymptotic test and our proposed moving block bootstrap
test for 1-step-ahead (z = 1) and 4-step-ahead (z =4) fore-
casts for sample sizes T € {50,200} at nominal 5% level."?
The first column of the table presents the fraction z of
the sample used in the initial estimation period. The
other columns present, for each DGP, the rejection fre-
quencies of the tests under H, at the nominal 5% level.

Consider first the rejections of the standard tests with
usual asymptotic critical values (see parts of Table 1
labelled “Asymptotic”). We see that when 7 =1 both tests
are oversized for small sample sizes. In particular, when
T =50, the over-rejections under DGP 3 (autocorrelation
alone) and DGP 4 (heteroscedasticity and autocorrela-
tion) are large. For example, the maximal rejection fre-
quencies under DGP 4 for the F-test can be as high as
twice the nominal level (i.e., 10.3%), whereas that of the
Wald test is even worse (13.7%). More precisely, the rejec-
tion frequencies of the recursive F-test in DGP 4 range
from 7.5% to 10.3% and that of the Wald test range from
12.1% to 13.7%. Similar results are observed in DGP
3 (autocorrelation alone). As shown in Appendix S1, the
size distortions persist for both tests in DGP 3 and DGP
4 for T =100. However, the tests show better size when
=1 and T =200. Looking at the case when 7=4, we
observe that both tests over-reject the null hypothesis
substantially, and their size distortions persist in DGP
3 and DGP 4 even when T =200. In particular, the
empirical rejection frequency of 77 can be as large as
27.6% when T =50, 17.6% when T =100, and 13.9%
when T = 200. Similar results are seen for YWt as well but
its rejection frequencies under DGP 3 and DGP 4 are
slightly less than that of 7 7.

Consider next the bootstrap tests' rejections (parts of
Table 1 labelled “Moving Block Bootstrap”). To enable
comparison with recent bootstrap methods, we also
report the fixed regressor wild bootstrap MSE-F test
results (Clark & McCracken, 2012; 2015). To shorten the
presentation, the rejection frequencies for the fixed
regressor MSE-F test are reported in Table S2. We can see
that the moving block bootstrap performs well for both
7T r and Wr, whereas the fixed regressor MSE-F bootstrap
tends to over-reject, especially in DGPs 3 and 4.7

85UB01 T SUOWIWIOD BA 81D 8|qeot[dde aup Ag peusenob a1e sejolle YO ‘N Jo s8Nl Joj AkeiqiTaulUO /8|1 U (SUONIPUOD-PUR-SLLIBIWOD A8 |1 Afe.q1jBulJUO//SdnL) SUONIPUOD pue SWB | 81 88S " [£202/50/2z] Uo AridiTauljuo AS|Im ‘luwn|y sprppY Jo AISIBAIUN Ag /862 10}/Z00T OT/I0p/W00" A8 1M AleIq 1 puljuo//sdiy Woly pepeojumod ‘0 ‘XTET660T



2 | WILEY

DOKO TCHATOKA and HAQUE

TABLE 1 Rejection frequencies with sample sizes T =50 and 200, a = 5%.

r=1l T=4
DGP1 DGP 2 DGP 3 DGP 4 DGP1 DGP 2 DGP 3 DGP 4

7 Tr Wald 7r Wald 7y Wald 7r Wald 7 Wald 7y Wald 7y Wald 7r Wald
T =50
Asymptotic
02 79 86 7.1 7.9 106 12.0 10.3 127 10.8 121 10.5 117 215 210 21.8 211
08 80 87 74 88 9.7 132 10.0 13.7 10.0 12.0 94 11.6 252 19.6 255 19.8
14 6.8 88 6.7 8.0 8.7 121 8.9 121 8.7 11.0 9.0 115 253 170 260 174
20 70 86 6.5 8.5 79 115 7.5 122 85 104 7.5 104 27.6 15.6 271 152
Moving Block Bootstrap
02 45 44 4.7 41 5.7 53 4.9 5.0 4.6 4.0 3.8 3.4 6.9 6.5 8.2 7.3
0.8 4.7 3.7 4.5 3.8 5.2 5.6 59 5.0 5.1 3.4 4.3 31 7.6 7.6 9.0 8.0
14 53 40 54 49 6.0 5.5 4.6 5.5 5.3 3.8 3.6 3.6 9.9 7.2 9.1 7.8
20 47 45 4.1 3.8 5.6 51 51 5.4 3.9 4.0 4.2 3.9 10.8 7.0 10.2 6.8
T =200
Asymptotic
02 58 59 53 5.6 6.0 6.6 5.9 6.4 6.4 6.8 6.3 6.9 10.2 9.4 10.5 9.9
0.8 5.6 5.4 5.5 5.5 6.0 6.5 6.0 6.7 5.9 6.3 6.0 6.4 12.2 9.6 121 9.6
14 56 57 56 5.6 6.2 7.0 6.1 7.2 6.6 7.1 5.3 5.9 13.9 9.8 13.1 9.5
20 55 5.5 5.4 51 6.1 7.2 5.7 6.6 5.8 6.5 6.1 7.0 13.8 9.1 13.9 9.5
Moving Block Bootstrap
02 42 48 42 45 5.0 4.9 51 53 53 5.0 4.5 4.4 4.4 51 6.2 6.0
0.8 54 49 42 47 4.8 5.8 53 5.7 4.0 5.0 4.3 4.9 4.2 5.9 53 5.4
14 56 49 53 5.0 5.2 6.0 5.4 4.8 4.5 51 5.5 51 4.8 4.9 7.1 53
20 56 5.2 5.5 5.0 5.1 5.0 5.4 5.0 4.3 4.7 4.6 4.8 6.6 4.8 5.0 5.3

Specifically, looking first at DGP 1 and DGP 2, the empir-
ical size of our moving block bootstrap is mostly around
the 5% nominal level irrespective of the forecast horizon,
the sample size (including when T = 50), and the cut-off
point z. Although the fixed regressor MSE-F bootstrap
shows some over-rejections in small samples, it is largely
comparable with our MBB bootstrap. We expect the fixed
regressor bootstrap to work relatively well in DGP 1 and
DGP 2 because the assumptions underlying the fixed
regressor bootstrap are not violated. However, looking at
DGP 3 and DGP 4, it is obvious that the over-rejections of
the fixed regressor MSE-F bootstrap are very large, espe-
cially for 4-step-ahead forecasts (r=4) and sample sizes
T €{50,100}. For example, its maximal rejection fre-
quency in DGP 4 when 7=4 is 20.9% for T=50 and
12.2% for T =100. In most cases considered, our moving
block bootstrap with both 7 and Wy outperforms the
fixed regressor MSE-F bootstrap.

Comparing the relative size performance between
moving block bootstrap with 71 and that with Wr, both

perform relatively well for all forecast horizons and cut-
off points z considered, even when T € {50,100}.

In Table 1, the DGPs include only one extra predictor
(k2 =1) in the larger model. One of the advantages of our
bootstrap procedure is that it simplifies the computa-
tional burdens of the asymptotic critical values of the sta-
tistics 77 and Wr, especially when the DGP is not
homoscedastic. As such, limiting the Monte Carlo experi-
ment to the case where k, =1 (as seen in Table 1) is not
necessary for our purpose. Accordingly, we have also run
the Monte Carlo experiment with larger model contain-
ing two extra predictors (k,=2). More specifically, we
use the following DGP when k, = 2:

Vi =03y, +PorX1—c + PosXoi—r + Uy, (4'4)
Xjt = O.SXj,t—T + Uyt ]Z 1,2 (4.5)

where the same four DGPs for the error vector (uy;, )
are covered. In this setting, the null forecast model is of
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“no influence” of the predictors xj;—.(j=1,2) in (4.4),
whereas the alternative (unrestricted) forecast model
takes the form of (4.4)-(4.5) with the parameters f,, and
P,; being nonzero. Table 2 reports the results for the
bootstrap tests. We only focus on the bootstrap tests in
this table because the asymptotic critical values of the
standard tests are difficult to compute in DGP 3 and DGP
4 despite a relatively small number of extra predictors in
the larger model (k, = 2). As seen in Table 2, the rejection
frequencies of the moving block bootstrap tests are in line
with the results in Table 1. Specifically, our proposed
moving block bootstrap has an overall good finite-sample
performance and it outperforms the fixed regressor
MSE-F bootstrap, especially in DGPs 3 and 4.'*

4.2 | Power results

We now examine the power properties of the proposed
moving block bootstrap 77 and Wr tests. To enable com-
parison, we also include the power analysis of the coun-
terpart asymptotic tests, even though the latter are size
distorted in most DGPs as shown in the size analysis
section above. To simplify the presentation, we restrict
the focus to T € {50,200} and cut-off point = =0.8.

Figure 1 shows the plots of the empirical rejection fre-
quencies (vertical axis) for 4-step-ahead forecasts for
(a)T =50 (top four subfigures) and (b)T =200 (bottom
four subfigures) for values of f,, €[—1,1] (horizontal
axis). Appendix S1 contains the power curves for 1-step-
ahead forecasts; see Figure Al. In these plots, 0 in the
horizontal axis corresponds to the null hypothesis
Hy:p, =0, that is, the rejection frequencies for this

value of 0 are test empirical size. For f,, # 0, the rejec-
tion frequencies represent test empirical power. Each fig-
ure shows the empirical power of the asymptotic and the
MBB tests for both the recursive-F 7 and the Wald Wr
test statistics.

Several results stand out from these figures. First, the
bootstrap empirical power is close to 1 even for moderate
deviations from the null hypothesis when T =200, thus
supporting the bootstrap consistency result in Theorem
3.3. The convergence of the bootstrap test is faster for
both test statistics in DGPs 1-2 compared with DGPs 3-4.
Also, the convergence seems to be faster in 1-step-ahead
forecasts as seen in Figure Al in Appendix A. Second,
the bootstrap test has good power when T = 50, irrespec-
tive of the forecast horizon, and this is the case even for
small deviations from the null hypothesis. Third, in all
cases considered (DGPs, sample sizes and forecast hori-
zons), the MBB test with 7 has an edge in terms of
power over that with Wry. Finally, the empirical power
curves of the standard 7 and Wr tests with asymptotic
critical values are way above the 5% nominal level line,
thus underscoring the lack of controlling size with these
tests. As such, their power advantage shown in Figure 1
is attributable to their asymptotic size distortions and
therefore must be ignored.

A important contribution of Hansen and Timmer-
mann's (2015) Wald approximation is that it facilitates
the computation of the asymptotic critical values. Seeing
the lack of size control of their proposed Wald-type test
for moderate sample sizes (e.g., T =200), our hybrid
bootstrap method is more appealing than the Wald
approximation. In addition, even when the sample size is
large, the asymptotic critical values of the Wald statistic

TABLE 2 Moving block bootstrap rejection frequencies with k, =2, a = 5%.
=1 =4
DGP1 DGP 2 DGP 3 DGP 4 DGP1 DGP 2 DGP 3 DGP 4

7 Tr Wald 7pr Wald 7y Wald 7; Wald

T =50

02 3.7 31 52 40 5.7 59 6.5 5.6
08 44 3.7 3.8 33 5.5 5.5 4.5 5.6
1.4 47 3.7 5.6 3.7 5.1 4.8 6.0 53
20 6.1 3.9 46 4.6 4.8 5.9 5.5 5.1
T =200

02 45 4.5 47 49 4.9 5.1 53 5.7
0.8 47 48 50 49 4.5 5.4 4.9 5.7
14 49 45 4.6 5.2 4.6 5.6 6.3 5.9
20 52 49 5.2 5.1 4.7 5.0 4.6 5.6

Tr Wald 7pr Wald 7y Wald 7r Wald

34 27 39 3.0 100 8.1 9.3 82
5.0 2.6 4.3 3.2 124 79 131 7.7
4.1 29 5.2 3.0 132 7.2 125 7.5
4.5 29 51 3.0 162 7.6 141 7.3
4.6 5.0 46 4.2 55 58 50 438
4.5 53 4.2 5.5 56 5.5 57 5.0
48 47 52 48 56 5.6 56 55
4.8 5.1 50 48 52 5.0 48 52
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can only be simulated easily in specific cases
(as discussed above in Section 2.3), whereas our bootstrap
method applies in more general settings, including when
the larger model has more than one extra predictor and
the DGP is heteroscedastic or weakly dependent. Finally,
the bootstrap tests do not suffer much from power loss
compared with the asymptotic tests, and they provide
better size control.

DGP 1

[——WB8 Recursive-F|
N = = ~M8B Wald
08 . ==+=HT Rocursive-F
o ., HT Wald
. Nominal Size

DGP 3

5 | EMPIRICAL APPLICATIONS

We illustrate our theoretical results through two applica-
tions. The first application examines the predictive ability
of Chicago Fed National Activity Index (CFNAI) and
other inflation measures for forecasting core PCE infla-
tion (similar to Clark & McCracken, 2015). The second is
drawn from Stock and Watson (2003) and Clark and

DGP 2

DGP 4

DGP 1

DGP 2

DGP 3

DGP 4

FIGURE 1 Power of the MBB tests at level 5%, four-step ahead forecasts: 7 =4.
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McCracken (2012) and looks at forecasting quarterly US
GDP growth using a range of potential indicators.

5.1 | Forecasting core inflation
In this application, we compare 1-quarter and 4-quarter
ahead forecasts of inflation from two models. In the
1-quarter ahead forecasting exercise, the baseline
(restricted) model relates the change in inflation at t+1
to current and one lagged value of inflation change, that
is,

Yeg1 =bo+ by +bay, Uy, (5.1)
where y[:Am,ﬂt:4001n(Plzl> and P, is the aggregate
price index at t. The alternative (unrestricted) model

includes CFNAI, PCE food price inflation less core infla-
tion, and import price inflation less core inflation, that is,

Yir1 = bo+ b1y +boy, g +x1bs + Uy pi, (5.2)

where x; contains period ¢t values of CFNAI, PCE food
price inflation less core inflation, and import price infla-
tion less core inflation. In the 4-quarter ahead forecasting

case, the baseline (restricted) model relates ygil‘ . y§4) to a

constant and y£4) — yﬁﬂ, y£4) =100in (PZ . The alternative
(unrestricted) model adds the period ¢ values of CFNAI,
relative food price inflation, and relative import price
inflation to the baseline model.'® In both cases, the data
sample spans 1983:Q3 through 2008:Q2 (T =100) and
we use the cut-off point # =1.4 for the initial estimation.
Thus, out-of-sample forecasts from 1994:Q2+47—1
through 2008: Q2 (zr € {1,4}) are obtained and the corre-
sponding statistics computed. The bootstrap -critical
values are obtained with 9999 replications. The results
are presented in Table 3. The first column of the table
shows the variables included in the alternative model,
whereas the other columns show for each forecast hori-
zon the p-values of the proposed bootstrap test along with
the fixed regressor wild bootstrap (FRWB) MSE-F test of
Clark and McCracken (2015).

The main findings from this table can be summarized
as follows. First, including CFNAI, PCE food price infla-
tion and import price inflation do not improve forecast
accuracy of core inflation at 1-quarter ahead horizon,
whereas it does for 4-quarter ahead forecasts. Second, the
p-value of the FRWB is 0.000 for 4-quarter ahead fore-
casting, whereas those of the MBB F- and Wald-statistics
stand at 0.066 and 0.041, respectively. This means that
using the FRWB leads to rejecting the baseline model at
1% nominal level, whereas the MBB 7 and )}V tests fail to

TABLE 3 Test of equal accuracy for core inflation.
MBB .
Fixed regressor
Restricted variables Tr Wr MSE-F

One-quarter ahead: =1
CFNA]I, food, imports 0.186 0.957 0.314
Four-quarter ahead: z=4

CFNA], food, imports 0.066 0.041 0.000

reject the baseline model at 1% nominal level. In particu-
lar, the MBB 7 test, which has higher power than the
MBB W test for small to moderately large sample sizes
(see the power analysis in Section 4.2), even fails to reject
the baseline model at the usual 5% nominal level. The
findings are also consistent with our size analysis in
Section 4.1 where we show that the fixed regressor
MSE-F bootstrap tends to over-reject even with a moder-
ately large sample size, especially in multi-step ahead
forecasts and in the presence of autocorrelation in the
errors. Therefore, this application demonstrates that the
choice of the bootstrap is important as it can lead to dif-
ferent conclusions.

5.2 | Forecasting real GDP growth

In this application, we examine the performance of
13 alternative models with respect to the baseline model
in forecasting real GDP growth. As in the previous appli-
cation, the comparison is done for z-period ahead fore-
casts with 7€ {1,4}. The baseline model includes a
constant and one lag of real GDP growth, where GDP
growth between ¢t and t—7 is measured as
¥, = (400/7)In(GDP,/GDP;_,), that is,

Ye=Po+ PV + Uy, (5.3)

whereas each of the 13 alternative models adds a poten-
tial leading indicator x; to (5.3), that is,

Ye=Po+ P+ PoXi—o+ U, (5.4)

where uy, and u,, are error terms. The set of leading indi-
cators used are shown in Table 4. It includes the change
in consumption's share in GDP (measured with nominal
data), weekly hours worked in manufacturing, building
permits, purchasing manager indexes for supplier deliv-
ery times and orders, new claims for unemployment
insurance, growth in real stock prices, change in
3-month Treasury bill rate, change in 1-year Treasury
bond vyield, change in 10-year Treasury bond yield,
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TABLE 4 Test of equal accuracy for GDP.

One-quarter ahead: 7 =1

Four-quarter ahead: r =4

MBB Fixed regressor MBB Fixed regressor
Restricted variables Tt Wr MSE-F Tr Wr MSE-F
A (C/Y) 0.000 0.000 0.000 0.201 0.271 0.059
A In Permits 0.001 0.000 0.000 0.000 0.000 0.000
A In S&P500 0.002 0.000 0.000 0.197 0.019 0.000
Spread, Baa-Aaa 0.066 0.092 0.072 0.374 0.608 0.841
PMI Orders 0.092 0.007 0.000 0.298 0.119 0.011
Unemployment claims 0.183 0.373 0.217 0.338 0.393 0.307
A 3-month treasury 0.192 0.470 0.026 0.507 0.551 0.997
A 1-year treasury 0.232 0.280 0.451 0.656 0.560 0.906
Hours 0.344 0.535 0.420 0.157 0.140 0.189
PMI deliveries 0.333 0.644 0.905 0.741 0.187 0.999
A 10-year treasury 0.425 0.371 0.530 0.932 0.860 0.889
Spread, 10 years - 3 months 0.999 0.995 0.995 1.000 0.999 0.999
Spread, 10 years - 1 year 1.000 1.000 0.997 1.000 1.000 0.998

3-month to 10-year yield spread, 1-year to 10-year yield
spread, and spread between Aaa and Baa corporate bond
yields from Moody's. The data span the period 1961 : Q2
through 2009:Q4 (T =195) and out-of-sample forecasts
from 1981:Q4+7—1 through 2009:Q4 (r€{1,4}) are
obtained and the corresponding statistics computed.

The results are reported in Table 4.'° The first column
of the table shows the extra predictor added to the base-
line model (thus determining alternative (or unrestricted)
model), whereas the other columns show each test's
p-value from the pairwise forecast comparisons. The top
half of the table reports results for one-quarter ahead
forecasts, whereas the bottom half shows results for four-
quarter ahead forecasts.

Considering first one-quarter ahead forecasts, we see
that tests based on our MBB suggest that five models—
those including change in consumption share, growth in
building permits, growth in stock prices, Baa-Aaa interest
rate spread and PMI new orders - improve the accuracy
of forecasts relative to the benchmark AR(1) model. In
addition to the above five models, the FRWB test finds
that the alternative model that adds change in the
3-month Treasury bill rate to the baseline model also
improves slightly the one-quarter ahead forecasts of GDP
growth (p-value of 2.6%), whereas our MBB fails to reject
the baseline in that case at 10% nominal level (p-values of
19.2% and 47.0% for the MBB F and Wald tests,
respectively).

Next, looking at the four-quarter ahead forecasts, our
MBB suggests that two models - those including growth

in building permits and growth in stock prices - forecast
better than the benchmark AR(1) model at 5% nominal
level.'” On the other hand, the FRWB also adds the
models with change in consumption share and PMI
orders to the above models in terms of their forecast per-
formance in comparison to the baseline model. Accord-
ing to our MBB, the higher predictive power of the
change in consumption share and PMI orders seem to
disappear in the four-quarter ahead forecasts even at 10%
nominal level. Meanwhile, the FRWB fails to pick this up
suggesting that the test over-rejects in some cases, which
is in line with the Monte Carlo evidence reported earlier.

6 | CONCLUSION

In this paper, we examine the finite-sample performance
(size and power) of the recursively generated F-test of
out-of-sample predictive accuracy (McCracken, 2007) and
its equivalent Wald approximation (Hansen &
Timmermann, 2015). We show through Monte Carlo
experiments that even for moderate sample sizes, both
tests can be oversized, especially when the forecast errors
exhibit serial correlation. We then propose a bootstrap
method for both statistics and establish its consistency
even when the forecast errors are autocorrelated, irrespec-
tive of the forecast horizon. Our bootstrap method is valid
and easy to implement in cases where the larger model
contains many extra predictors and the data generating
process is heteroscedastic or weakly dependent, situations
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under which the asymptotic critical values of the standard
recursive F or Wald statistics are difficult to simulate.

The proposed bootstrap is a hybrid of a moving block
bootstrap (which is nonparametric) and a residual-based
bootstrap (which is parametric). We suggest a practical
means of choosing the block length in a data-dependent
way. In particular, we argue that in order to capture the
autocorrelation structure of regression residuals practi-
tioners should choose the block length that mimics the
optimal lag length of the Newey and West's (1987) HAC
estimator. Monte Carlo simulations show that the pro-
posed bootstrap test has overall good finite-sample perfor-
mance. The method is also illustrated with applications on
forecasting core inflation and real GDP growth.
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ENDNOTES

! See Diebold and Mariano (1995), West (1996), White (2000),
Stock and Watson (2003), Giacomini and White (2006), Corradi
and Swanson (2007), McCracken (2007), Clark and McCracken
(2001, 2005, 2012, 2014, 2015), Rossi and Inoue (2012), Hansen
and Timmermann (2012), among others.

2 See Kunsch (1989).

3 See, for example, Clark and McCracken (2005); Giacomini and
White (2006); Clark and West (2007); Clark and McCracken
((2012), (2015)); Hansen and Timmermann (2015).

* The HAC estimator with the Bartlett kernel is utilized in the sim-
ulations and empirical applications, but any kernel in class %3
of Andrews ((1991), eq.(7.1)) could be employed. The block
length of the kernel bandwidth is selected following the recom-
mendations of Andrews and Monahan (1992) and Newey and
West (1994).

>That is, there exists Uy such that |Ujy(f)|<U; and
Er [|th|3(2+1/"')] <o, for all tj and p, where
Uji = (Ujvp(t))lgpgk'

Let {V.} be a stochastic process and F:™:=06(Vi_y,.., Viin)
denote the o-field generated by V;_p,...,V;.,. We define a process
{W,} to be NED (Near Epoch Dependent) on a mixing process
{V.} if Be[||W|]’) <o and v, :=sup,|W,—E*"(W,)||,—0 as
n— oo, where |-||, is the L, norm and E;";(-) =BEg[|F{",

=)

t—nl*
{W,} is NED on {V,} of size —a if v, = O(n=*7%) for some 6> 0.
We say that {V,} is strong mixing with coefficients a,=
sup, sup, __, . . |[P(ANB)—P(A)P(B)| if ay—0 as n—oo

suitably fast.

See, for example, Clark and McCracken (2001, 2012, 2014, 2015);
McCracken (2007), and Hansen and Timmermann (2015),
among others.

NI

©

Note that by definition, s = max{q,z} + 1, with g being the maxi-
mum lag length of y, included in X,;.

©

Note that the HAC estimator 62 is computed using the full boot-
strap sample.

19 Note that in addition to the AR(1) property, the forecast errors

also exhibit the usual MA(r —1) form when 7=4. The form of
the MA(z—1) is identical to the one in Clark and McCracken
(2012) but the AR(1) part is new.

' We also run the experiments with @€ {1%,10%} and the main

findings remain qualitatively unchanged.

Table S1 contains the results for T = 100.

3 Note that DGP 3 and 4 violate the assumptions of the fixed

regressor MSE-F bootstrap, which only allows for an MA(z —1)
structure.

!4 The rejection frequencies for the fixed regressor MSE-F tests are

reported in Table S3.

To simplify the lag structure, the relative food and import price
inflation variables are computed as two-period averages of quar-
terly (relative) inflation rates, similar to Clark and McCracken
(2015).

16 9999 replications were used to approximate the bootstrap critical

values.

7 In case of growth in stock prices, test based on recursive F statis-
tics fails to reject the baseline at 10% nominal level, therefore
providing mixed evidence regarding this variable.
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APPENDIX A

In this appendix, we present the proofs of the main
results. Additional lemmas and simulation results are
contained in Appendix S1.

A.1 | Proof of main results

Proof of Theorem 3.1. From (1.12) in the proof
of Lemma 1.4, we have

—1 T—7
Z BB =752
—RT IRT

ﬂTZSJ, ﬂj[

+0p+ (1) pr-P.

1
X tz ﬂj,

(A1)

Sf,kn (Bj,t) and s, (Bj,t) as

We can express

S]Tn(ﬁj,t) ]n T[y ]n T(ﬁjt ﬁ)]

:Sj,n(ﬂ](‘)) ]n T(ﬂjt ﬁ)
SinBie) = Xin—eon =X (B — )]
=Sjn (ﬂ](')) - hj,n—r(ﬂj,t - ﬂ,(-))
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so that (A1) can be written as

71Tr

%Z(ﬁfft _'BJ ‘) Z
_Z [ /"TZSJ n ] >
H_ ZT <t Z <hjfnr _ﬂTZThj,"T> (:Bj,t _ﬂjo)>

tRT

+o0p+ (1) pr-P. (A2)

A

From Lemma 1.5, the second term of the
RHS of (A2) is op+ (1) pr-P. Therefore, we

have
T— 71 T—t
Z h=E
:R [ Ry
1 T—t
? ﬂTZSj,n(ﬁ )| | +0p (1) pr-P.
n=s
(A3)
Now, from Fitzenberger (1998, lemma 1),
we have
1 t T—7
2D Bre s () =pr D _sin(F) +0p(¢2T7),
n=s n=s
thus we can express (A3) as
1 T—7 . 71 T— ‘r
\/P—TIZZR:T(/))]',tiﬂ]t tZR:T Z:
(570080) = B [5,(8)]) + 05+ (1) pr-P. (A4)

By following the same steps as in Lemma
1.2, we can write the RHS of (A4) as

Hi' T2 1 (T/) .
TtZRff > (5~ B 5 4]

+0p- (1) pr-P

T TS (5,80~ B I, 40

+0p,- (1) pr-P.

We deal with j=2 and j=1 separately. First,
note as in the proof of Lemma 1.2-(b) that for

WILEY_L ®

Jj=2, Lemma 1.2-(a) along with the bootstrap
sampling implies that

(/05 (52, 80) ~ B 52,2 = VI=rHy Y H; A B (1)

VI—pH;!
\/THS

+ 045+ (1) a.s—P,

where B*(r) is a k, dimensional vector of
standard Brownian motion.

As var {\ /1= pr 'Hy;'Y'H; " 2A'B* (r)
(1 pH; Y,

it is clear that
Y'H;'| as-P,

72(,52: Bz,z) =B[r*(1-p)H,

ﬁ

(AS5)

which is the distribution of \/—_ [T}Tl ([;'2[
/) given in Lemma 1.2. Similarly, for j=2,
we find

Z (Bre—Pre) = Blr > —p)H; 'Y UH'] as—P,

(A6)

which also is the distribution of
T—7 /5 . .
T gy P — /%) given in Lemma 1.2.
Overall, this results show that
\/%;Zgé(ﬂ;— ;) converges almost surely

to the asymptotic  distribution  of
JP—TZt_RT(ﬁ]l p7) for all j=1,2, thus estab-
lishing Theorem 3.1. L]

[]

Proof of Theorem 3.2. T and Wr are asymp-
totically equivalent, it suffices to establish the
result for Wr. Also, as the MSE loss differen-
tial in the numerator of 7t is related to the
homoskedastic Wald statistics (see Hansen &
Timmermann, 2015, Corollary 1) regardless of
whether the underlying process is homoskedas-
tic and regardless of whether the null hypothe-
sis holds or not, we consider Wy = St — SRT+
o, 2klog(p) where 62(St — Sg, ) is equal to

Sr—5r, —

T
+/}/22 Z Zt_TZ;71ﬂ22+2\/_TIB/22(UT.T—UT,RT)’

t=Rr+1
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Sr given in (2.7), U,, \/LTZLSZF,Q,,
Sy UT,RT are the corresponding of both
respectively in the sub-sample with Rr
observations.

Suppose first that f,, =0. From the proof
of Theorem 3 in Hansen and Timmermann
(2015, p. 2503),

Sr— 5z, % BA)YSY H, 'Y B(1)
_ 1/2 «—1 x1/2
—p By, S B) (a8

where Q, is the log-run variance of the pro-
cess {Z, e} and B(r)e ]D)[O n Because
62 =02 +0,(1), then Wr is distributed as o,
times the limit distribution of Sy— SRT
in (A8). To establish the validity of the boot-
strap for Wr when f,, =0, it suffices to estab-
lish that W converges to ¢, times the limit
distribution in (A8) a.s.-P.

First, note that
Wi =8y —Sp, +6) K*log(p), and under H,
along with the results of Lemmas 1.1-1.5, we
can express 6. (Sy — S‘;T) as

T Nk Nk
By X 20 Z P+ 2VThy, (UT’T - U,,.’RT)
t=R7+1
+op- (1) pr—P
(A9)

where the various quantities in stars are the
analogues to the ones in (A7) in the bootstrap
sample. It is easy to see from the model
assumptions, along with the results of
Lemmas 1.1-1.5, that

(A10)

under Hy, where B* (r) € H))’[‘OZJ]. Because B* (r)
in (A10) and B(r) in (A8) have the same dis-
tribution, it is the case that (A10) holds a.s.-P
with B* (r) replaced by B(r), that is,

¢ (@) 2 e (@) < oo, ¢* (@) B

S5 -5 L BayQlm, oj() )

—p ' Bp) S, ' 'B(p). a

Therefore, V; has the same asymptotic
distribution as Wr a.s-IP under H,.

Suppose now that f,, # 0. If f,, =cT~/?b
(local-to-zero alternative) for some ¢ and b as
in (2.13), then we can show as in the case
under H, that 5’; —S;T converge almost
surely to the asymptotic distribution of
Sy —Sg,. If By, #0 is fixed, it easy to see
from (A7) and the model assumptions that
S‘T—S‘RT = oo because the first two terms in
the RHS of (A7) are O,(1), whereas the last
two terms diverge. As such, we also have ST —
Sg, — oo because weak convergence implies
convergence in distribution. Because 62 =
62+ 0p(1) irrespective of the value of f,,, it
follows that the above result implies that

Wr 3 o if iy, # 0. (A12)

Similarly, we have that both 5‘; -S ;T 4 %

a.s- P so that Wy < o as- P. Because Wy
and Wr also diverge when f,, # 0 is fixed, it
is clear that Theorem 3.2 holds in that case.

]

Proof of Theorem 3 3. Let ¢ (a) and c® (@)
denote the (1 —a)™ quantlles under H, of the
asymptotic distributions of 7t and Wr
respectively. We know from (2.11)—(2.12) that
c® (a)<oo and ¢® (a) <oco. From Theorem
0-T 0w

3.2, we have

(@) <o as T — oo.
(A13)

0T oW

We know from the above proof of Theo-
rem 3.2 that Wr = o if 3, # 0 is fixed. Then,
Theorem 3.3 follows by combining this con-
vergence result with (A13). ]
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