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HIGHLIGHTS

e We propose a general class of LRV estimators in the GMM framework.
e The LRV estimator includes some recently developed estimators as special cases.
e First order asymptotics of the Wald statistics based on general LRV estimators.
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is general enough to include the traditional heteroskedasticity and autocorrelation consistent (HAC)
covariance estimator and some recently developed estimators, such as the cluster covariance estimator
and projection-based covariance estimator, as special cases. We also study the first order asymptotics of
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1. Introduction

In stationary time series models, the asymptotic covariance ma-
trix of the generalized method of moments (GMM) estimator is
usually estimated nonparametrically by the kernel-based meth-
ods, where the bandwidth parameter is assumed to grow slowly
with the sample size in the asymptotics (see Newey and West,
1987; Andrews, 1991). Recent studies on heteroskedasticity and
autocorrelation consistent (HAC) based robust inference have de-
veloped alternative first order asymptotic theory (as compared to
the traditional x2-based approximation), which was shown to pro-
vide more accurate approximation to the sampling distributions
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of the associated test statistics. For example, Kiefer and Vogel-
sang (2005, KV, hereafter) developed a first order asymptotic the-
ory where the proportion of the bandwidth involved in the HAC
estimator to the sample size T, denoted as b, is held fixed in the
asymptotics. Using the higher-order Edgeworth expansions, Jans-
son (2004), Sun et al. (2008), Sun (2010) and Zhang and Shao (forth-
coming) rigorously proved that the fixed-b asymptotics provides
a high order refinement over the traditional small-b asymptotics
in the Gaussian location model. Sun (2013) developed a proce-
dure for hypothesis testing in time series models by using the non-
parametric series method. The basic idea is to project the time
series onto a space spanned by a set of Fourier basis functions
(see Phillips, 2005, for an early development) and construct the co-
variance matrix estimator based on the projection vectors with the
number of basis functions held fixed. Also see Sun (2011) for the
use of a similar idea in the inference of the trend regression mod-
els. Ibragimov and Miiller (2010) proposed a subsampling based
t-statistic for robust inference where the unknown dependence
structure can be in the temporal, spatial or other forms. In their
paper, the number of non-overlapping blocks is held fixed. The t-
statistic based approach was extended by Bester et al. (2011) to
the inference of spatial and panel data with group structure. In
the context of misspecification testing, Chen and Qu (forthcom-
ing) proposed a modified M test of Kuan and Lee (2006) which
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involves dividing the full sample into several recursive subsamples
and constructing a normalization matrix based on them. In the sta-
tistical literature, Shao (2010) developed the self-normalized ap-
proach to inference for time series data that uses an inconsistent
long run variance (LRV) estimator based on recursive subsample
estimates. The self-normalized method is an extension of Lobato
(2001) from the sample autocovariances to more general approxi-
mately linear statistics and it coincides with KV’s fixed-b approach
in the inference of the mean of a stationary time series by using
the Bartlett kernel and letting b = 1. Although the above infer-
ence procedures are proposed in different settings and for different
problems and data structure, they share a common feature in the
sense that the underlying smoothing parameters in the asymptotic
covariance matrix estimator such as the number of basis functions,
the number of cluster groups and the number of recursive subsam-
ples, play a similar role as the bandwidth in the HAC estimator.

The goal of this note is to introduce a general class of estima-
tors for estimating the LRV matrix in the inference of stationary
time series models estimated by GMM. Our proposal includes the
traditional lag window type (or HAC) covariance estimator, the
projection-based covariance estimator, the cluster-based covari-
ance estimator and the blockwise recursive subsampling-based
covariance estimator as special cases. The general covariance es-
timator considered here involves projecting the original data onto
a space spanned by a sequence of basis functions (not necessar-
ily orthogonal), where the number of basis functions K plays a key
role in determining asymptotic properties of the estimator. Under
the fixed-K asymptotics, we show that the Wald statistic based on
the general LRV estimator converges to an (approximate) F distri-
bution with a scale constant depending only on K and the number
of restrictions being tested. Thus our result provides a unification
of the various recently proposed fixed-smoothing inference proce-
dures in the first order sense.

We introduce some notation. Denote by |a| the integer part
of a real number a. Let %[0, 1] be the space of square integrable
functions on [0, 1]. Denote by D[0, 1] the space of functions on
[0, 1] which are right continuous and have left limits, endowed
with the Skorokhod topology (see Billingsley, 1999). Denote by
“=" weak convergence in the R%-valued function space D%[0, 1],
where go € N. Define “—%" convergence in distribution. We use
“®” to denote the Kronecker product in matrix algebra. The nota-
tion N(u, X) is used to denote the multivariate normal distribu-
tion with mean x and covariance X. Let x2 be a random variable
following x?2 distribution with k degrees of freedom.

2. Basic setup and assumptions

In linear and nonlinear models with moment conditions, it is
standard to employ GMM to estimate the model parameters. We
follow the GMM setup as described in KV. Consider a d x 1 vector
of parameters # € @ C R? of interest, where © is the parameter
space. Denote 6, the true parameter of & which is an interior point
of ®. Let y, denote a vector of observed data and assume the
moment conditions

E[f(y:,0)] =0,

hold if and only if 6 = 6y, where f(-) is m x 1 vector of functions
withm > d and rank(E[9f (y;, 6p)/90’]) = d. Whenm > d, the pa-
rameter 6 is over-identified with the degree of over-identification
v = m — d. Define the partial sum g, () = T~! ;zlf(yj, 0).Then
the GMM estimator of 6, is given by

t=1,2,...,T (1

6r = argmin g7 () Wrgr (6), (2)

0e®

where Wr is am x m semi-positive definite weighting matrix. Fur-
ther define

9g:(6)
36’

of > 0)
,Z 77

Gen(6)) = S

G (0) = (Gn (@), ...,

Using the mean value theorem for each element of gr, we have

gT(GT) = gr(6) + Gr(Br — 6p), where Gr = (Gr1(Or1), - Tm
(QTm)) and QTJ is between 6y and GT foreach1 <j<m. Note that

Gr (GT) Wrgr (GT) = 0 by the first order condition, which implies
that

Gr (0r)' Wrgr (60) + Gr (0r) WrGr (Br — 6)
= Gr(6r)' Wrgr(6r) = 0.
Solving the above equation, we have
TY2(0r — 60) = —(Gr(Br) WrGr) ™' Gr (Br) Wi (T' g1 (69)).
To derive the asymptotic distribution of éT, we make the following
high-level assumptions as KV and Sun (2010).
Assumption 2.1. 51 —P Q.

Assumption 2.2. T'2g 5, (6p) = AW,,(r) where

+00

AN =2 = Z Elf ¥e, 00)f We—js 60)'1,

j=o0

and Wy, (r) is a m—dimensional vector of independent standard
Brownian motions.

Assumption 2.3. Gr =P Gy uniformly for all éTj between éT and 6y,
where Gy = E[9f (¥, 6p)/30'] and 1 < j < m.

Assumption 2.4. The weighting matrix Wy is symmetric and
semi-positive definite such that Wr —? Wy and Gy W, G is positive
definite.

Under Assumptions 2.1-2.4, it is easy to see that
TY2(0r — 60) > —(GoWoGo) ™ GyWo AW (1) =* N(0, Vo),

where “=%" denotes “equal in distribution” and the asymptotic co-
variance matrix Vo := (GyWoGo) ™' GyWo$2WGo(GyWoGo) . To
make inference on 6y, we have to estimate Gy, Wy and the LRV
matrix £2. Under the above assumptions, Gy and Wy can be con-

sistently estimated by their sample counterparts Gr (éT) and Wr
respectively. It remains to estimate the LRV matrix 2. In the next
section, we introduce a general class of estimators for £2 and V.

3. LRV estimators

To present the idea, we focus on the hypothesis testing problem
that Hy : r(6p) = 0 versus the alternative that H, : r(6y) # 0O,
where r(6) is a p x 1 continuously differentiable function with the
first order derivative matrix R(9) = ar(0)/96' and p < d. Let

Vr = (Gr(6r) WrGr(Or)) ™!
X (Gr (Br) Wy 2rWrGr(0r)) (Gr(0r) WrGr (6r)) ™",

be an estimator of Vy, where sz is the LRV estimate of £2. The Wald
statistic for testing Hy against H, is defined as

Fr = Tr(6r)' Dy 'r(@r)/p, 3)

where f)T = R(éT)QTR(éT)/. The widely used lag window type LRV
estimator is given by

T T .
ZZK( )f(Vn@T)f(yj,Or) (4)

i=1 j=1

"~H'—k



Download English Version:

https://daneshyari.com/en/article/5059486

Download Persian Version:

https://daneshyari.com/article/5059486

Daneshyari.com


https://daneshyari.com/en/article/5059486
https://daneshyari.com/article/5059486
https://daneshyari.com

