IMPROVED HAR INFERENCE
USING POWER KERNELSWITHOUT TRUNCATION

By

Peter C.B. Phillips, Yixiao Sun and Sainan Jin

June 2005

COWLESFOUNDATION DISCUSSION PAPER NO. 1513

COWLESFOUNDATION FOR RESEARCH IN ECONOMICS
YALE UNIVERSITY
Box 208281
New Haven, Connecticut 06520-8281

http://cowles.econ.yale.edu/



Improved HAR Inference
Using Power Kernels without Truncation™

Peter C. B. Phillips
Cowles Foundation, Yale University,
University of Auckland € University of York

Yixiao Sun
Department of Economics
University of California, San Diego

and

Sainan Jin
Guanghua School of Management
Peking University

November 29, 2004

*Phillips thanks the NSF for partial research support under Grant No. SES 04-142254.



ABSTRACT

Employing power kernels suggested in earlier work by the authors (2003), this paper
shows how to refine methods of robust inference on the mean in a time series that rely on
families of untruncated kernel estimates of the long-run parameters. The new methods
improve the size properties of heteroskedastic and autocorrelation robust (HAR) tests in
comparison with conventional methods that employ consistent HAC estimates, and they
raise test power in comparison with other tests that are based on untruncated kernel esti-
mates. Large power parameter (p) asymptotic expansions of the nonstandard limit theory
are developed in terms of the usual limiting chi-squared distribution, and corresponding
large sample size and large p asymptotic expansions of the finite sample distribution of
Wald tests are developed to justify the new approach. Exact finite sample distributions
are given using operational techniques. The paper further shows that the optimal p that
minimizes a weighted sum of type I and II errors has an expansion rate of at most O (T 1/ 2)
and can even be O (1) for certain loss functions, and is therefore slower than the O (T 2/ 3)
rate which minimizes the asymptotic mean squared error of the corresponding long run
variance estimator. A new plug-in procedure for implementing the optimal p is suggested.

Simulations show that the new plug-in procedure works well in finite samples.

JEL Classification: C13; C14; C22; C51

Keywords: Asymptotic expansion, consistent HAC estimation, data-determined kernel
estimation, exact distribution, HAR inference, large p asymptotics, long run variance,

loss function, power parameter, sharp origin kernel.



1 Introduction

Seeking to robustify inference, many practical methods in econometrics now make use
of heteroskedasticity and autocorrelation consistent (HAC) covariance matrix estimates.
Most commonly used HAC estimates are formulated using conventional kernel smoothing
techniques (for an overview, see den Haan and Levin (1997)), although quite different
approaches like wavelets (Hong and Lee (2001)) and direct regression methods (Phillips
(2004)) have recently been explored. While appealing in terms of their asymptotic proper-
ties, consistent HAC estimates provide only asymptotic robustness in econometric testing
and finite sample performance is known to be unsatisfactory in many cases, but espe-
cially when there is strong autocorrelation in the data. HAC estimates are then biased
downwards and the associated tests are liberal-biased. These size distortions in testing
are often substantial and have been discussed extensively in recent work (e.g., Kiefer and
Vogelsang (2003) and Sul, Phillips and Choi (2003)).

Robustification in regression testing is achieved by the use of a test statistic that is
asymptotically pivotal under a general maintained hypothesis for the regression compo-
nents. Consistent HAC estimation is not necessary for this purpose and, indeed, any
procedure that scales out the effects of the nuisance parameters in the test statistics will
work. Kiefer, Vogelsang and Bunzel (2000, hereafter KVB) suggested the use of untrun-
cated, inconsistent kernel estimates in the construction of test statistics and showed that
the limit theory is nuisance parameter free but no longer standard normal or chi-squared.
Work on related procedures has been done by Vogelsang (2003), Kiefer and Vogelsang
(2002a, 2002b, 2003; hereafter KV) and by the present authors (2003a & 2003b; hereafter
PSJ, & PSJp). These techniques may be grouped with conventional HAC procedures
as having the same goals of robust inference and the term heteroskedastic and autocor-
relation robust (HAR) methods has been used to collectively describe them (Phillips,
2004).

Inconsistent covariance matrix estimates play an interesting role in improving the size
properties of tests, essentially because they preserve in the limit theory the finite sample
randomness of the denominator in the conventional ¢-ratio. In this respect, these tests
behave in large samples more like their finite sample analogues than the conventional

asymptotic normal and chi-squared tests, for which the denominator is non-random. In



the case of the Gaussian location model, Jansson (2004) showed that the KVB test sta-
tistic is closer to its limit distribution in the precise sense that the error in the rejection
probability (ERP) is of order O (T‘1 logT ) for sample size T" under the null, whereas
the corresponding ERP for a test based on a conventional consistent HAC estimate is
at most of order O(T~'/2), as shown in Velasco and Robinson (2001). While tests such
as KVB typically have better size than those that use HAC estimators, there is also a
clear and compensating reduction in power. The challenge is to develop test procedures
with size improvements like those of KVB, while retaining the good power properties of
conventional tests based on HAC estimators.

The present paper confronts this challenge by developing a procedure that combines
the use of untruncated kernels, as in KVB, with a refinement that enables the use of
critical values that appropriately correct those of the limit theory for conventional tests
based on consistent HAC estimators, while at the same time enhancing the test power of
the KVB test. The class of HAR tests considered here involve the use of a power kernel
suggested by the authors in other work (2003a) and this class includes both consistent
and inconsistent HAC estimates, depending on whether the power parameter, p, is fixed
or passes to infinity as T' — oco. When p — oo, the first order limit theory corresponds
to that of a test based on conventional consistent HAC estimation, whereas for p fixed,
the limit theory is nonstandard, as in the case of the KVB test. The mechanism for
making improvements in both size (compared with asymptotic normal tests) and power
(compared with the KVB test) is to use a test statistic for a moderate value of p for which
the critical values can be obtained from the appropriate nonstandard limit distribution,
which is nuisance parameter free. It is shown here how these critical values may be
very well approximated using an asymptotic expansion of the limit distribution about its
limiting chi-squared distribution. This version of the procedure has the advantage of being
easily implemented and does not require the use of tables of nonstandard distributions.

This refinement improves test size in the same manner as the KVB test, and is justified
in the present paper by asymptotic expansions of both the non-standard limit distribution
as p — oo and the finite sample distribution as 7" — oo and p — oo. The first expansion
can be regarded as a high order expansion under the sequential limit in which T" — oo first
followed by p — o00. The second expansion is a high order expansion under the joint limit

in which 7' — oo and p — oo simultaneously. Corresponding asymptotic expansions of



the power functions indicate that for typical economic time series test power increases as
p increases. Finite sample improvements in test power over other tests with untruncated
kernels like the KVB test have been noted in simulations reported in other work by the
authors (2003a, 2003b) and in independent work by Ravikumar, Ray and Savin (2004)
using the methods of PSJ,. The asymptotic expansions given in the present paper help
to explain these power improvements.

A further contribution of the present paper is to use these asymptotic expansions
to suggest a practical procedure for test implementation which optimally balances the
type I and type II errors. The type I error is measured by using the first correction
term in the asymptotic expansion of the finite sample distribution of the test statistic
about its nonstandard limit distribution. This term is of order O (p/T") and it increases
in magnitude as p increases for any given 7. Similarly, the expansions under the local
alternative reveal that in general the type II error decreases as p increases. Thus, to this
order in the asymptotic expansion, increasing p reduces the type Il error but also increases
the type I error. Since the desirable effects on the two types of errors generally work in
opposing directions, we construct a loss function criterion by taking a weighted sum of
the two types of errors and show how p may be selected in such a way as to optimize the
criterion. This approach gives an optimal p which generally has an expansion rate of at
most popt = O (Tl/ 2) and which can even be O (1) for certain loss functions. This rate is
less than the optimal rate of O (TQ/ 3) that applies when minimizing the asymptotic mean
squared error of the corresponding HAC variance estimate (c.f., PSJ,). Thus, optimal
values of p for HAC standard error estimation are larger as 7" — oo than those which are
most suited for statistical testing. The fixed p rule is obtained by attaching substantially
higher weight to the type I error in the construction of the loss function. This theory
therefore provides some insight into the type of loss function for which there is a decision
theoretic justification for the use of fixed p rules in econometric testing. These conclusions
are also relevant to the use of untruncated kernel estimates in econometric testing of the
type suggested in KV (2003).

The plan of the paper is as follows. Section 2 overviews the class of power kernels that
will be used in the present paper’s development and reviews some first order limit theory
for Wald type tests as T" — oo with the power parameter p fixed and as p — co. Section

3 derives an exact distribution theory using operational techniques. Section 4 develops



an asymptotic expansion of the non-standard limit distribution under the null hypothesis
as the power parameter p — oo about the usual limiting chi-squared distribution. The
second order term in this asymptotic expansion delivers a correction term that can be
used to adjust the critical values in the usual chi-squared test. An asymptotic expansion
of the local power function is also given. Section 5 develops comparable expansions of the
finite sample distribution of the statistic as T — oo for a fixed p and as both T" — oo
and p — oo. This expansion validates the use of the corrected critical values in practical
work. Section 6 proposes a selection rule for p that is suitable for implementation in
semiparametric testing. This criterion optimizes a loss function that is constructed to
balance higher order approximations to the type I and type II errors. Section 7 reports
some simulation evidence on the performance of the new procedures. Section 8 concludes
and discusses the implications of the results for applied work. Proofs and additional

technical results are in the Appendix.

2 HAR Inference for the Mean
Throughout the paper, we focus on the inference about g in the location model:
yt:ﬁ+utv t:]-aQa"'aTv (1)

where u; is zero mean process with a nonparametric autocorrelation structure. The non-
standard limiting distribution in this section and its asymptotic expansion in Section 4
apply to general regression models under certain conditions on the regressors, see PSJ,.
However, the asymptotic expansion of the finite sample distribution in Section 5 applies
only to the location model. A possible extension is discussed in Section 8.

The OLS estimation of 5 gives

1 T
f=Y = T Z Yt
t=1
and the scaled estimation error is

1
—Sr,
N

where S; = Zi:l ur. Let 4, =y, — B be the demeaned time series and S; = Zi:l i, be

VT(B-8) = (2)

the corresponding partial sum process.



The following condition is commonly used to facilitate the limit theory (e.g., KVB,
PSJ,, and Jansson, 2004).

Assumption 1 Sy, satisfies the functional law
T_l/QS[TT] = wW(r), rel0,1]
where w? is the long Tun variance of uy and W (r) is the standard Brownian motion.
Under Assumption 1,
T728 ) = wV(r), re(0,1], (3)
where V is a standard Brownian bridge process, and
VT(B = B) = wW (1) = N(0,0?), (4)

which provides the usual basis for robust testing about §. It is the standard practice to
estimate w? using kernel-based nonparametric HAC estimators that involve smoothing
and truncation lag covariances. When wu; is stationary with spectral density fy, (), the

long run variance (LRV) of w; is

w2:70+227(j):27rfuu (0), (5)
j=1

where v(j) = E(ugut—;). HAC estimates of w? typically have the following form

T—-1 . 1 T,j .
~ T NarN o 72:1 Ut Ut for j >0
PO =Y RGP A =1 TS | ©)
j=—T+1 T Dt ji1 Wijur  for j <0

involving the sample covariances 4(j). In (6), k(-) is some kernel function, M is a band-
width parameter, and consistency of @?(M) requires M — oo and M/T — 0 as T — oo
(e.g. Andrews (1991), Andrews and Monahan (1992), Hansen (1992), Newey and West
(1987,1994), de Jong and Davidson (2000)). Jansson (2002) provides a recent overview
and weak conditions for consistency of such estimates.

To test the null Hy : 8 = By against Hy : 8 # (o, the standard approach relies on a

t-ratio statistic of the form
toony = TY2(B — Bo) /(M) (7)
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which is asymptotically N(0,1). Use of to(ar) is convenient empirically and therefore wide-
spread in practical work, in spite of well-known problems of size distortion in inference.

In a series of papers, KVB and KV propose the use of kernel-based estimators of
w? in which M is set equal to the sample size T or proportional to 7. These estimates
are inconsistent and tend to random quantities instead of w?, so the limit distribution
of (7) is no longer standard normal. Nonetheless, use of these estimates results in valid
asymptotically similar tests.

In related work, PSJ, and PSJ, propose the use of estimates of w? based on power
kernels without truncation, so that M = T again. For instance, in PSJ, a class of sharp

origin kernels were constructed in this way by taking an arbitrary power p > 1 of the

usual Bartlett kernel, giving

(L—lz])?, [zl <1
ky(z) = for p € ZT. (8)
g 0, 2| > 1

We will focus on the sharp origin kernels in the rest of the paper. Using k, in (6) and
letting M =T gives HAC estimates of the form

2= % w(4)0 )

Under Assumption 1, &2 = w?Z,, where B, = fol fol ko(r — s)dV (r)dV (s).

The associated t statistic is given by
£ (@) = T"*(B — Bo) /@p- (10)

When the power parameter p is fixed as T — oo, PSJ, showed that under Assumption 1

the t*-statistic has the nonstandard limit distribution:
t* (@p) = W(1)=, /2 (11)
under the null and
t* (@p) = 0+ W(1)E, Y2, (12)

under the local alternative Hj : 8 = 8y + ¢T'~Y/2, where § = c/w.
When p is sample size dependent and satisfies 1/p + (plogT) /T — 0, PSJ, showed
that @, is consistent. In this case, the ¢*-statistic has conventional normal limits: under

the null t* (©,) = W(1) =4 N(0,1); and under the local alternative t* (w,) = § + W(1).



Thus, the t*-statistic has nonstandard limit distributions arising from the random limit
of the HAC estimate @, when p is fixed as T" — oo, just as the KVB and KV tests do.
However, as p increases, the effect of this randomness diminishes, and when p — oo the
limit distributions approach those of conventional regression tests with consistent HAC
estimates.

The mechanism we develop for making improvements in size without sacrificing much
power, is to use a test statistic constructed with @, based on a moderate value of p. The
critical values of this test can be obtained from the fixed p limit theory given above.
Alternatively, they can be based on an accurate but simple asymptotic expansion of that
distribution about its limiting chi-squared distribution that applies as p — oo. This

expansion is developed in Section 4.

3 Probability Densities of the Nonstandard Limit Distrib-

ution and the Finite Sample Distribution

This section develops some useful formulae for the probability densities of the fixed p limit
theory and the exact distribution of the test statistic.
First note that in the limit theory of the t-ratio test, W (1) is independent of =,, so

the conditional distribution of W(l)E;l/ 2 given £, is normal with zero mean and variance

-1
p

—_
—
—

. We can write =, = Z, (V) where the process V has probability measure P (V). The

pdf of t = I/V(l)E,;l/2 can then be written in the mixed normal form as
pe (2) = / N (0,2,1)dP (V). (13)
=2,(V)>0

For the finite sample distribution of t7 = ¢*(@,), we assume that u; is a Gaussian
process. Since uy is in general autocorrelated, /T (ﬁ —p) and @ are statistically dependent.
To find the exact finite sample distribution of the t-statistic, we decompose B and @ into
statistically independent components. Let u = (u1,...ur)’, v = (y1, ..., y7), Ir = (1,..., 1)
and Q7 = var(u). Then the GLS estimator of 8 is 3 = (l’TQ;llT)_l Q5 y and

B—B=0-8+ () (14)

where @ = (I — Ip (l'TQ;llT)illifQ;l)u, which is statistically independent of 3 — f.



Therefore the ¢-statistic can be written as

,_VTG-8) | ha
Go(@) | VTap(a)

It is easy to see that @ = (I — lp(Uply) ') u = (I — lp(Uply) ) 4. As consequence,

(15)

the conditional distribution of ¢ given @ is

i T Q)
N(%mwm’(%ww | (16)

Letting P (@) be the probability measure of 4, we deduce that the probability density of

tT is

La T (I leT)‘1> )
ir (2) = | N r- AT dP (4
)= ] (wmw@ @y )

_ bia T ()
_E{N<%mwm’ (@) )}’ (1)

which is a mean and variance mixture of normal distributions.

Using & ~ N (O, Qp —lp (l{FQ;llT)71 l}) and employing operational techniques along

the lines developed in Phillips (1993), we can write expression (17) in the form

] hog  T(GR) "\ [ e
bir (Z) — _N (\/T@p(aQ)7 (@p(aq))2 >/€ ap (u)] o (18)

_ 'N< 1-9q T(l’TQTllT)_1> eq/{QT_lT(Z/Tn;lzT)—lsz}q]

VT@,(0q)  (@p(9q))”

q=0
This provides a general expression for the finite sample distribution of the test statistic

tr under Gaussianity.

4 Expansion of the Nonstandard Limit Theory

This section develops asymptotic expansions of the limit distributions given in (11) and
(12) as the power parameter p — oo. These expansions can be taken about the relevant
central and noncentral chi-squared limit distributions that apply when p — oo, corre-
sponding to the null and alternative hypotheses.

The expansions of the nonstandard limit distributions are of some independent inter-

est. For instance, they can be used to deliver correction terms to the limit distributions



under the null, thereby providing a mechanism for adjusting the nominal critical values
provided by the usual chi-squared distribution. The latter correspond to the critical val-
ues that would be used for tests based on conventional consistent HAC estimates. As
we shall see, when the O (1/p) correction on the nominal chi-squared asymptotic critical
value is implemented using this asymptotic expansion, the resulting expression provides
an asymptotic justification for the continued fraction approximation suggested in PSJ,
for practical testing situations.

Let D(-) be the cdf of a x3 variate, then
P {‘W(I)Eglﬂ‘ < z} = P{W2(1) < 222,} = E{D(:*Z,)} . (19)

Observe that =, is a quadratic functional of a Gaussian process whose moments exist to
all orders. It follows that we may develop an expansion of {D(zzEp)} in terms of the
moments of =, — u, where u, = E(=2,) = p/(p+2), and ag = var (Z,) . In particular, we
have

ED(ZZEP) = D(NPZQ) + %D”(MPZ2)Z4E (Ep — ) +0 ( (Ep = 1p) ) (20)

as p — oo, where the O (-) term holds uniformly for any z € [M;, M,,] C Rt and M; and
M,, may be chosen arbitrarily small and large, respectively. As shown in Lemma 7 in the
appendix, E(Z, — p,)’ = O(1/p’71) as p — oo, so that (20) gives an asymptotic series
representation in increasing powers of p~! of the limit distribution (19).

In fact, as shown in PSJ,, £, = fo fo k5 (r, s)dW (r)dW (s), where k}(r, s) is defined

by
1 1 1,1
k;(ra 5) =ky(r —s) — /0 ky(r —t)dt — /0 k(T — s)dr +/0 /0 k,(t — 7)dtdr.

The function k,(2) is continuous, symmetric and positive semi-definite, which guarantees
the positive semi-definiteness of kernel HAC estimators defined as in (9), c.f. Newey and
West (1987), Andrews (1991). The positive semi-definiteness of k,(z) inherits from that of
k(z), see Sun (2004) for a proof. The positive semi-definiteness enables the use of Mercer’s
theorem (e.g., see Shorack and Wellner (1986)) so that k,(r — s) can be represented as
ky(r—s) =302 A fu(r) fn(s), where A, > 0 are the eigenvalues of the kernel and f,,(z)
are the corresponding eigenfunctions, i.e. Ay, fn(s fo r—8)fn(r)dr.

Now with A, > 0, k3(r, s) is also positive semi-definite. This is because k3 (r,s) can



be written as

ky(r, s) Z)\ngn r)gn(s) for any (r,s) € [0,1] x [0, 1]. (21)

where g, (r) = fo fn(T)dr, and A, and f,(-) are eigenvalues and eigenfunctions of

k,(r — s). As a consequence, for any function ¢(x) € L?[0, 1], we have

/ / PV (1, 8)q(s)drds = g:lAn < /0 1 gn(r)q(r)dr>2 > 0. (22)

Thus, by Mercer’s theorem, k3(r, s) has the representation ky(r,s) = 20" Ay fr(r) fr(s)
in terms of A}, > 0, the eigenvalues of kj(r,s), and f; (), the corresponding eigen-
functions. Using this representation, we can easily show that 2, = > 7, \:Z2, where

Zp ~ 11dN(0,1) for n > 1. Therefore, the characteristic function of =, — p,, is given by

6 (t) = B{ "G} = emitnTre, {1 - 2ix;41 712 (23)
Let k1, k2, k3, ... be the cumulants of =, — 11,. Then
o0

k1 =0 and K, = 2™ H(m Z)\*mform>2 (24)

Some algebraic manipulations show that for m > 2

1 1 m
Ko = 2" Y (m — 1)!/0 /0 H k;(Tj,Tj-l—l) dry -+ dTpm, (25)
j=1

where 71 = Ty41.
With these preliminaries, we are able to develop an asymptotic expansion of
{‘W )E 1/ 2‘ < z} as the power parameter p — oco. In fact, a full series expansion
is possible using this method, but our purpose here requires only the leading term in the

expansion.
Theorem 1 The nonstandard limiting distribution under the null hypothesis satisfies
F(z)=P {‘W(l)Egl/z‘ < z} = D(22) + [D(:2)2* — 2D/ (:2)22] /p+ O (1/p?)  (26)

as p — oo, where the O (1/p2) term holds uniformly for any z € [M;, M, with 0 < M; <
M, < oo.

10



For any a € (0,1), let 23 € RT, 22 , € R such that D(23) = 1—a and F(z,,) = 1-a.

Then, using a power series expansion, we have

1
ziyp =22+ %(523{ + zé) +0 (1/p2) (27)
and
1
F <zi+2p(5zi+zé)) =a+0(1/p%), (28)

which we formalize in the following corollary.

Corollary 2 Second order corrected critical values based on the expansion (26) are as

follows:
1
22, =22+ 27)(523 +23) + 0 (1/p%), (29)
and
1
Zap = %o + 47)(5% +23)+ 0 (1/p?), (30)

for asymptotic chi-square and normal tests, respectively, where z, is the nominal critical

value from the standard normal distribution.

Consider as an example the case where a = 0.05, 2z, = 1.96 and P(W2(1) < (1.96)%) =
0.95. Thus, for a two-sided t* (w,) test, the corrected critical value to the order O (pfl)
at the 5% level is

Zap = 1.96 + i(5 x 1.96 + 1.96) = 1.96 + 4.3325 (31)
4p P
This is also the critical value for the one-sided test (>) at the 2.5% level.
In PSJ,, the critical values for the one-sided test were represented in terms of a
hyperbola taking the following form: z,, = ¢+ b/(p + a), where c is the critical value
from the standard normal and a and b are constants that were computed by simulation

in PSJ,. For the 2.5% level one-sided test, the fitted curve had the form

Zap = 1.96 + A8 g6, 4329 (1/p%), (32)
p P
upon expansion. Clearly, (32) is remarkably close to the asymptotic expansion (31). Some
calculations show that correspondingly close results hold for other significance levels.
Higher order continued fraction approximants may also be obtained in a similar way.

Calculations indicate that expressions (29) and (30) are quite accurate for moderate values

11



of p (p > 5, say). Since the limiting distributions (11) and (12) are valid for general

regression models under certain conditions on the regressors (see PSJ,), the corrected

2

a,p may be used for hypothesis testing in a general regression

critical values z,, and z
framework.

We now develop a local asymptotic power analysis using the nonstandard limit theory.
Under the local alternative Hy : 8 = By + ¢I'~1/2, the limiting distribution of the test
statistic tp = t* (&,) for fixed p is (6 + W(1))Z, % Let Gy = G(+2) be the cdf of
a non-central y2(\?) variate with noncentrality parameter A2, then we can measure the
local asymptotic power by P{(6 + W (1))? > 22 2} = 1 — EGs(23 ,E,) and develop an
asymptotic approximation to this quantity. Using a Taylor series expansion similar to

(20), we can prove the following theorem.

Theorem 3 The nonstandard limiting distribution under the local alternative hypothesis
Hy : 8 = B+ T2 satisfies

P{lG+W)Z2) > 20} = 1= Gole2) = 24K (22) [p+0(1/p%), (33)
as p — oo where

. i=1/25—2/2 l
j! L(j+1/2)20+Y2 2

(34)
is positive for all all z, and 6.

According to Theorem 3, asymptotic test power, as measured by P{(§ + W (1)) >
zQEp}, increases monotonically with p when p is large. Fig. 1 graphs the function
f(2a,0) = z4Ks (22) for different values of z, and 4. For a given critical value, f(zq,0)
achieves its maximum around § = 2, implying that the power increase from choosing a
large p is greatest when the local alternative is in an intermediate neighborhood of the
null hypothesis. For any given local alternative hypothesis, the function is monotonically
increasing in z,. Therefore, the power improvement due to the choice of a large p increases

with the confidence level 1 — a.

5 Expansions of the Finite Sample Distribution

This section develops a finite sample expansion for the simple location model (c.f., Jansson,

2004). This development, like that of Section 3 and Jansson (2004), relies on Gaussianity,

12
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Figure 1: The graph of f(zq4,6) = 22 Kj (zc%) as a function of z, and §.

which facilitates the derivations. The assumption could be relaxed by taking distribu-
tions based (for example) on Gram-Charlier expansions, but at the cost of much greater
complexity (see, for example, Phillips (1980), Taniguchi and Puri (1996), Velasco and
Robinson (2001)).

The following assumption on u; facilitates the development of the higher order expan-

sion.

Assumption 2 w; is a mean zero stationary Gaussian process with

o

S W) < o, (35)

h=—00

where v (h) = Eugug_p.

We consider the asymptotic expansion of P{‘ﬁ (B—Bo) /| < z} for & = W, and

B =pPo+c/ VT. Depending on whether ¢ is zero or not, such an expansion can be used

13



to approximate the size and power of the t-test.
Recall that T—Y21%.4 = VT(6 — 8) — VT (3 — ). But
w2 = var (\/T(B — B)) =T Qrlr =w?+ 0 (T_l)

and it follows from Grenander and Rosenblatt (1957) that

1

& = var (VI(B = 8)) =T (') " =w?+0 (17,

Therefore T~/21%:4 = N(0,0(1/T)). Combining this and independence between § and

i, we have
P{VT (B~ B) Jo < 2}
—p {ﬁ (B - 5) Jio + VT (B = Bo) Jéo + T 2Uiifés < z}
=P{VT (B-B) for +c/ar < 20/or — TVl /jar )
— E® (zw/@T —efor — T*1/21’Ta/a;T)
= E® (20 /07 — c/ar) — T V2B (26 )ar — ¢/or) lpa)ar + O (1/T)

:p{ﬁ(é—ﬁ) /@T+c/@ngw/wT}+0(1/T), (36)

where ® and ¢ are the cdf and pdf of the standard normal distribution, respectively. The
second to last equality follows because &? is quadratic in @ and thus E¢ (20 /&1 — c/ar) Uyt =

0. In a similar fashion we find that
P {\/T (B - ,60) oo < —z} =P {\FT (B . B) Jéor + ¢/ < —zd}/(DT} +O(1T).
Therefore
Fr(z) = P{|VT (8- ) /] < =}
_p { VT (5 8) far +cfar] < z%?/w%} LoT)
= E{Gs(:*0*/ap)} = E{Gs("r)} + O (1/T), (37)

where ¢, := (&/wr)? converges weakly to Ep-
Since @? = T ''W, 4 = T/ ArW,Aru, where W, is T x T with (j, s)-th element

k,((j —9)/T) and Ap = It — lpl}. /T, syr is a quadratic form in a Gaussian vector. To
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evaluate F {G5(22§pT)} , we proceed to compute the cumulants of ¢, — p,r for p,r =

Eg,r. It is easy to show that the characteristic function of ¢, — p,7 is given by

—-1/2

QrA A
AT exp (it}

¢pr(l) = ‘I — 24t To?

where Q7 = E(uu’) and the cumulant generating function is

1 QrArW,A o 1ym
In (¢pr(t)) = —3 log det (I - 2z'tTTﬂT> —itppr =Y Hm,TQ, (38)

2 |
Twi = m!

where the ky, 7 are the cumulants of ¢, — p,7. It follows from (38) that £17 = 0 and
K = 2" (m — IIT™™ ()" Trace [(QrArW,Ar)™] for m > 2. (39)

By proving &, 7 is close to s, in the precise sense given in Lemma 8 in the appendix,
we can establish the following theorem, which gives the order of magnitude of the error
in the nonstandard limit distribution of ¢t as 7' — oo with fixed p. The requirement
p > 1622 on p that appears in the statement of the result is a technical condition in the
proof that facilitates the use of a power series expansion. The requirement can be relaxed

but at the cost of more tedious calculations.
Theorem 4 Let Assumption 2 hold. If p > 1622, then

Fr(z) =P {‘(W(l) +6) 5;1/2‘ < z} +OT), (40)
when T — oo with fixed p.

Under the null hypothesis Hy : 8 = By, we have § = 0. In this case, Theorem 4 is
comparable to that of Jansson (2004), which was also obtained for the Gaussian loca-
tion model and for kernels related to the Bartlett kernel (p = 1) but with an error of
O (logT/T). Theorem 4 indicates that the error in the rejection probability for tests
with p fixed and using critical values obtained from the nonstandard limit distribution
of W(l)E;l/ *is 0 (') . As in Jansson (2004), this represents an improvement over
conventional tests based on consistent HAC estimates. Under the alternative hypothesis,
1 — Fp(z) gives the power of the test. Theorem 4 shows that the power of the test can be

approximated by P 4 [(§ + W (1 =12 > 2| with an error of order O(1/T).
1)
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Combined with Theorems 1 and 3, Theorem 4 characterizes the size and power prop-
erties of the test under the sequential limit in which T" goes to infinity first for a fixed p
and then p goes to infinity. Under the sequential limit theory, the size distortion of the

t-test based on the corrected critical values is
P{(\/T (8- ) /a’ < zap}—a=0(1/p*+1/T)
and the corresponding local asymptotic power is
P {\\/T (8- ) /@‘ > 2ap} = 1= Gs(22) = 4Ks (22) [p+ O (1/p* + 1/T).

To evaluate the order of size distortion, we have to compare the orders of magnitude
of 1/p? and 1/T. Such a comparison jeopardizes the sequential nature of the limiting
directions and calls for higher order approximation that allows T — oo and p — oo
simultaneously.

The next theorem gives a higher order expansion of the finite sample distribution for
the case where ' — oo and p — oo at the same time. This expansion validates the use
of the corrected critical values given in the previous section which were derived there on

the basis of an expansion of the (nonstandard) limit distribution.
Theorem 5 Let Assumption 2 hold. If 1/p+ p/T — 0 as T — oo, then

1 1 21
Fr(z) = G5(22)—|— [Gg’(z’2)z4 — 2Gg(z2)z2] ;—dwTGg(ZQ)zz%—i—O (T + % + p2> , (41)

where dyr = wp? S0 L By (h).

As shown in PSJ,, the bias in the HAC estimate &? is of order O (p/T) when 1/p +
plogT/T — 0 as T — oo, and this bias depends on the coefficient w™® =352 |n[y(h),
which is the limit of ZZ;iTH |h|v(h). As is apparent from (41), the bias in estimating
w? manifests itself in the limiting distribution of the test statistic under both the null and
local alternative hypotheses.

Under the null hypothesis, § = 0 and G5(-) = D(-), so

Fr(z) = D(z2) + [D"(z2)2* — 2D/(:)2%] L — 4o D'(:3)222 1 0 (1 . 12> (42)
P T T T2,
Note that the leading two terms (up to order O (1/p)) in this expansion are the same as

those in the corresponding expansion of the limit distribution F'(z) given in (26) above.
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Thus, use of the corrected critical values given in (29) and (30), which take account of
terms up to order O (1/p), should lead to size improvements when p?/T — 0, in a similar
way to those attained by a KVB type test with fixed p, as shown in Theorem 4 above and
Jansson (2004).

The third term in the expansion (42) is O (T‘l) when p is fixed. When p increases
with T, this term provides an asymptotic measure of the size distortion in tests based on
the use of the first two terms of (42), or equivalently those based on the nonstandard limit
theory, at least to order O (p_l). Thus, the third term of (42) approximately measures
how satisfactory the corrected critical values given by (29) and (30) are for any given
values of p and T'.

Under the local alternative hypothesis, the power of the test based on the corrected
critical value is 1 — Fip(2q,,). Theorem 5 shows that Fr(z,,,) can be approximated by

Ga(z2,) + [GH(:2,)24, = 26362, )2, ] - =~ G2, )22, 2
with an approximation error of order O (1/T + p?/T? +1/p?) .
We formalize the results on the size distortion and local power expansion in the fol-

lowing corollary.

Corollary 6 Let Assumption 2 hold. If 1/p+ p/T — 0 as T — oo, then
(a) the size distortion of the t-test based on the second order corrected critical values
18
T T T2
(b) under the local alternative Hy : 3 = Bo + ¢/V/T, the power of the t-test based on

(1= Fr(zap) —a= d,yTD'(zQ)z2£ +0 (1 + /i + = ) (43)

the second order corrected critical values is
P (‘\/T(B - /80)/@‘ > Za,p)
2

1 P 1  p 1
=1- G(g(zi) - ziK(g (zi) ; + dVTGf;(zi)ziT + 0 (T + T2 + > (44)

It is clear from the proof of the theorem that the size distortion of the t-test based
on the nonstandard limiting theory can also be approximated by d.,rD’ (22)22p/T with
an approximation error of order O (1 /T + p?/T? +1/ ,02) . Therefore, the critical values
from the nonstandard limiting distribution provide a second order correction on the crit-

ical values from the standard normal distribution. By mimicking the randomness of the
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denominator of the t-statistic, the nonstandard limit theory provides a more accurate
approximation to the finite sample distribution. However, just as with the standard limit
theory, the nonstandard limit theory does not deal with the bias problem of long run
variance estimation.

Comparing (44) with (33), we get an additional term which arises from the asymptotic
bias of the long run variance estimator. For economic time series, it is typical that d,7 > 0,
as discussed below. So this additional term also increases monotonically with p, thereby
increasing power. Of course, size distortion also tends to increase with p as is apparent
in (43), so we now need find a value of p to balance size distortion with increasing power.

Practical suggestions for choosing p are given in the next section.

6 Optimal Choice of p

When estimating the long run variance, PSJ, show there is an optimal choice of p which
minimizes the asymptotic mean squared error of the estimate and gives an optimal ex-
pansion rate of O (T2/ 3) for p in terms of the sample size T. Developing an optimal choice
of p for semiparametric testing is not as straightforward. In what follows we provide one
possible approach to constructing an optimizing criterion that is based on balancing the
type I and type II errors induced by various choices of p.

Using the expansion (43), the type I error for a nominal size a test can be expressed

as
P L p
L= Frlen) =a+ daD (220 +o (41 (45)
Similarly, from (44), the type II error has the form
Ga(:2) + +4Ro(2) — Gyl +o (54 2)). (16)
p T p T

A loss function for the test may be constructed based on the following three factors: (i)
The magnitude of the type I error, as measured by the second term of (45); (ii) The
magnitude of the type II error, as measured by the O (1/p) and O(p/T) terms in (46);
and (iii) the relative importance of type I and type II errors. These two types of errors
are related to the size and power of the test and we use both sets of terminology which

shall not cause any confusion.

18



For most economic time series we can expect that d,7 > 0 and then both d,rD’(22)z2 >
0 and d,7Gj(22)z2 > 0. Hence, the p/T term in (45) typically leads to upward size dis-
tortion (large type I error) in testing, as found in simulations by PSJ, and this upward
distortion corresponds to that found in work by KV and others on the use of conven-
tional HAC estimates in testing. On the other hand, the p/T term in (46) indicates
that there is a corresponding increase in power of a similar magnitude by virtue of the
third term of (46) as the type II error is correspondingly reduced. Indeed, for § > 0 this
power increase will generally exceed the upward size distortion from d,7D’(z, 2)22 because
G5(22) > D'(z2) for § € (0,7.5) and z, = 1.645,1.960 or 2.580. Fig. 2 graphs the ratio
G}(2?)/D'(2?) against § for different values of z, illustrating the relative magnitude of
G5(22) and D'(22). The situation is further complicated by the fact that there is an
additional term in the type II error of O (1/p) that affects power. As we have seen earlier,
K5(22) > 0 so that the second term of (46) leads to an increase in power (or a reduction
in the type II error) as p increases. Thus, power generally increases with p for two reasons
— one from the nonstandard limit theory and the other from the (typical) downward bias
in estimating the long run variance.

The case of dyr < 0 usually arises where there is negative serial correlation in the
errors and so tends to be less typical for economic time series. In such a case, (45) shows
that type I error is capped at the nominal level «, at least up to an error of o(p/T).
Test size is then conservative and the goal in selection of p is to cap the type I error
while attempting to reduce the type II error as much as possible. In this case, we have
dyr {D'(22) — G5(22)} > 0 provided that § is not too large (Fig. 2).

These considerations suggest that a loss function may be constructed by taking a
suitable weighted average of the type I and type II errors given in (45) and (46). The loss
function below distinguishes the two cases where d,r > 0 and d,7 < 0 in terms of the

weights employed. We define
L(p;0,T,zq)
1
= AL (a+ dyrD'(2):22) + AF <c:5(z§) ek - ;dvTGg(zg)z(i)

_ ) A {ALD'(2) — AT G(20)} 284 + Af 20 Ks(2 23+ Cf, dyr >0 (47)
dyr {D'(22) — G5(22)} 22 £ —|—z4K5 ) +C, dyr <0

where Cf; = AL.a+ AN G5(22) and C~ = a+G5(22) do not depend on p, and AL and A
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Figure 2: The graph of G%(2?)/Dj(2?) as a function of § for different values of z

are weights on the type I and II errors that are permitted to be functions of the sample
size T. Obviously, the loss L (p;d, T, z,) is specified for a particular value of § and this
function could be adjusted in a simple way so that the type II error is averaged over a
range of values of ¢ with respect to some (prior) distribution over alternatives.

The idea behind the form of the loss function (47) is that priority may be placed on
capping size in testing, so that when the type I error is distorted toward over-rejection
(as it is when dy7 > 0) weights are introduced to amplify the loss from the type I error
relative to the loss from the type II error, leading to the inequality A% > A%I . When
ALD'(22) — AG4(22) > 0, the loss function L (p;6,T,z,) is then minimized for the

following choice of p

A 23 K5 (22) V2 1/2
<d7T{A1TD’(z§)—AITIGg(z3)}> T Hdyr >0},
Popt = ) 1/2 (48)
22 Ks (22 T1/2| 1
[(dwT{D’(zﬁ)—G’a(z?x)}> {dvT <0},
where 1{-} is the indicator function. Since dyr = d,(1 + O(1/T)) where
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dy == 332 |h|v(h)/w?, d, approximately measures the effects of the bias in long
run variance estimation on the size and power of the t-test. As a result, d,7 in (48) can
be replaced by d, when d, is available.

If the relative weight satisfies

Al
aT:A—ITIHooasTHoo, (49)
T
we then have
22 Ks(22) V2 ppN\1/2
oot = | 2a0\a) ) H4o0(1)], ford .
= (2208 ) (L) o] or e >0 (50

Fixed p rules may then be interpreted as assigning relative weight az = O (T') in the loss
function so that the emphasis in tests based on such rules is size accuracy, at least when
we expect the size distortion to be toward over-rejection. This gives us an interpretation
of fixed p rules in terms of the loss perceived by the econometrician in this case. Similar
considerations would apply in a development along these lines for the fixed bandwidth
rules suggested in KV for untruncated conventional kernel estimates.

Otherwise, when ar is large enough to ensure ALD’(22)— AH G}(22) > 0, (50) leads to
the expansion rate pop; = O (T 1/ 2) . Fig. 2 shows that when ar > 14 and the significance
level is less than 1%, ALD'(22) — AHGY(22) is positive for a broad range of values of
0. Within this general framework, p may be fixed or expand with T up to an O (T 1/ 2)
rate corresponding to the relative importance that is placed in the loss function on size
and power. Also, according to formula (48) for the case dyr > 0, popi decreases as
size distortion (measured by d,722D’(z2) or the parameter d,r) increases. So, again,
a smaller p is preferred when size distortion becomes more important given the specific
autocorrelation structure measured via its effect on d,7.

Observe that when p = O (T/aT)I/Z, size distortion is of order O (TaT)71/2 rather
than O (T_l) , as it is when p is fixed. Thus, the use of p = pop¢ for a finite ar involves
some compromise by allowing the error order in the rejection probability to be somewhat
larger in order to achieve higher power. Such compromise is an inevitable consequence of
balancing the two elements in the loss function (47).

In cases where size is expected to be conservatively biased (i.e., when d,r < 0), the
rule in (48) balances size distortion and power reduction with the same weights in the

loss function. That is, A% = A{FI = 1 in this case. This weighting might be justified by
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the argument that in the case of a conservative bias, test size is effectively capped and so
additional weighting on size distortion is not required. In this case, it seems worthwhile
to take advantage of the extra gains in power from increasing p. Correspondingly, the
expansion rate for pop in (48) in this case turns out to be O (T 1/ 2) .

The formula for p,p; involves the unknown parameter d., which can be estimated
nonparametrically or by a standard plug-in procedure based on a simple model like an
AR(1). Both methods achieve a valid order of magnitude and the procedure is obviously
analogous to conventional data-driven methods for HAC estimation.

To sum up, the value of p which minimizes size distortion in conjunction with rais-
ing power as much as possible has an expansion rate of O (T'/ aT)l/ 2 which is at most
0] (T 1/ 2) This rate may be compared with the optimal rate of O (T 2/ 3) which applies when
minimizing the mean squared error of estimation of the corresponding HAC estimate, &2,
itself (PSJ,). Thus, the MSE optimal values of p for HAC estimation are much larger
as T — oo than those which are most suited for statistical testing. In effect, optimal
HAC estimation tolerates more bias in estimation in order to reduce variance in estima-
tion. In contrast, optimal p selection in HAR testing undersmooths the long run variance
estimate to reduce bias and allows for greater variance in long run variance estimation
through higher order adjustments to the nominal asymptotic critical values or by direct

use of the nonstandard limit distribution.

7 Simulation Evidence

In this section, we first provide some simulation evidence on the accuracy of the size
approximation given in Corollary 6 and then investigate the performance of the t-test
based on the plug-in procedure that optimizes the loss function constructed in the previous

section.

7.1 Estimation of the ERP

We consider the simple location model y; = B9 + u; as the data generating process, where
Bo is set to be zero without the loss of generality and u; follows the Gaussian ARMA(1,1)
process

up = pug_1 + ¢ + g1, g ~ iidN(0,02). (51)
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In the simulations, we take processes corresponding to all possible combinations of the

following parameter choices:

¢ =0.9,0.6,0.3,0,—0.3, —0.6, —0.9 and
0 =0.9,0.6,0.3,0,—0.3,—0.6, —0.9

We consider the sample sizes T' = 50,100,200 and 50,000 replications are used in all
cases. We compute the ERP or size distortion (empirical size — nominal size) of the
t*-test for testing the null hypothesis that 5 = 0 against the alternative that 5 # 0. To
illustrate how well the asymptotic theory works as the power parameter p varies in this
finite sample, we compute the size distortion for p = 1,2,...,50. We set the asymptotic
significance level to 10%, and compute the critical values using our hyperbola formula

obtained in PSJ,
3.127

=1.645+ ———. 52
Foup t 0457 (52)
Using the critical value
3.169
Zoé,p = 1645 + T

as given by Corollary 2 produces essentially the same result.

To compare the results of our ¢t*-test with those of the conventional ¢-test, we also
compute the size distortion for the conventional t-test constructed using sharp origin
kernels. In this case, we use the usual standard normal critical value of 1.645 for all
values of p. Note that we use the same statistic for the t*-test and t-test. The only
difference is that the t*-test uses critical values from the preceding hyperbola formula
while the t-test uses critical values from the standard normal.

We report only the results for sample size T' = 50 as the results for other sample sizes
are qualitatively similar. The results are displayed in Figs. 3-7, which graph the size
distortion against the power parameter p. We present only a few cases for illustration.
There are several noticeable patterns. First, the size distortion curve for the t-test is
always above that for the t*-test. As a result, when the size distortion for the t*-
test is positive, the new fixed-p asymptotics provides a better approximation to the null
distribution than the conventional large-p asymptotics. When the size distortion for the
t*-test is negative, the fixed-p asymptotics continue to give a better approximation when p

is small but its performance is slightly worse than the large-p asymptotics when p is large.
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This finding confirms the implication of Theorem 4. Second, Corollary 6 provides very
good approximations to the finite sample size distortions. For the ARM A(1,1) process
(51), we have

N _ 20+ 60)(@+0) 5
hZ;yWNM— R

and w? = (1 + 9)2 (1-— ¢)72 o2. Thus, according to Corollary 6, size distortion is approx-
imated by

21+ ¢0)(6+6) o p 12

When 6 = 0, the coefficient for D’(22)22p/T becomes 2¢/(1 — ¢?), indicating that the
direction of the size distortion depends on the sign of ¢ and its absolute value grows
dramatically with |¢|. Similarly, when ¢ = 0, the direction of the size distortion depends
on the sign of 6 and its absolute value grows with |0|. These theoretical predictions are
supported by the simulation results.

In view of the form of (53), for given T size distortion can be approximated to the

first order as a linear function of the power parameter p of the form
erp = ¢o + pci,

which is conformable with Corollary 6. Table 1 gives OLS estimates of ¢y and c;, the
standard error and the R? of the linear approximation. Apparently, the linear function
fits the size distortion quite well, even for persistent error processes. Note that the ERP
has a lower bound —0.10. For AR and MA processes with large negative AR or MA
parameters and some ARMA processes, the ERP reaches the lower bound for large values
of p. Simulation results show that for these cases the ERP curve is approximately linear
for small p and then becomes flat for large p. This nonlinear feature renders linear fitting
less satisfactory.

Table 1 and Fig. 4 reveal that for an AR(1) process with a large absolute AR parameter
there is more curvature in the finite sample size distortion as p increases. This is because
higher order terms in (53) become more important in such cases. As is clear from Corollary
6, the error in the size distortion formula (53) involves additional terms of order O (1/p?)
and O (p2 /T 2). The latter terms become important for large values of p, indicating

that the approximation suggested by (43) is most likely to be appropriate when p is
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moderately valued. Calculations reveal that when p = O (ﬁ ), the formula 2(1+¢0)(o+

-1
6) <(1 —¢?) (1+ 9)2> D'(22)22%/T provides a good approximation of the slope.

Table 1: OLS Estimation of the Linear Function erp = ¢o + pcy

for ARMA(1,1) Processes with AR parameter ¢ and MA parameter 6

S.e.

R2

(0.9,0)
0.2516
0.0067
0.0309

0.91

(0,0.9)
0.0108
0.0015
0.0011

1.00

(—0.6,0.3)
—0.0125
—0.0008

0.0002
0.98

(0.6,0)
0.0502
0.0037
0.0070

0.98

(0,0.6)
0.0105
0.0013
0.0012

1.00

(0.3, —0.6)
—0.0568
—0.0007

0.0041
0.87

(0.3,0)
0.0157
0.0015
0.0024

0.99

(0,0.3)
0.0077
0.0009
0.0010

0.99

(0.3,0.3)
0.0207
0.0021
0.0028

0.99

(—0.3,0)
—0.0178
—0.0008

0.0020
0.98

(—0.3,0)
—0.0303
—0.0009

0.0034
0.93

(0,0)
~0.0010
0.0001
0.0004
0.85

(—0.6,0)
—0.0439
—0.0011
0.0053
0.90

(—0.6,0)
—0.0841
—0.0004
0.0040
0.68

(0.6, —0.3)
0.0411
0.0026
0.0068

0.97

(—0.9,0)
—0.0859
—0.0004
0.0037
0.66

(—0.9,0)
—0.1000
0.0000
0.0000
1.00

(—0.3,0.6)
0.0042
0.0006
0.0006

1.00

7.2 Performance of the Plug-in Procedure

We provide some brief illustrations on the new plug-in procedure for selecting p in practical

work. We employ the AR(1) plug-in procedure, which for the process v; = ¢vi_1 + e,

leads to d, = w237

h=—0o0

|h|y(h) = 2¢/(1—¢?) as shown in (53). We consider the simple
local model with Gaussian ARMA(1,1) errors:

yzﬂ+c/ﬁ+ut

where ¢ = 0 or 4.1075 and
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U = Quy_1 + ¢ + 041,64 ~ iidN(O, 1).
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Figure 4: Size distortion for ARMA(1,1) Errors with (¢,0) = (0.9,0) and T' = 50
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Figure 6: Size distortion for ARMA(1,1) Errors with (¢,6) = (0.0,0.6) and 7" = 50
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Figure 7: Size distortion for ARMA(1,1) Errors with (¢,6) = (0.6, —0.3) and T' = 50

Under the null ¢ = 0 and under the local alternative ¢ = 4.1075. The latter value of c is
chosen such that when ¢ = 0.6 and 6 = 0, the local asymptotic power of the t-test is 50%.
In other words, ¢ = 4.1075 solves P {|(c(1 — ¢) + W(1))| > 1.645} = 50% for ¢ = 0.6. As
before, we consider three sample sizes T' = 50, 100 and 200.

For each data generating process, we obtain an estimate (Z) of the AR coefficient by
fitting an AR(1) model to the demeaned time series. Given the estimate ¢, dy7 can be
estimated by (27 = (2&) /(1 — (Z)Q) As suggested in Section 6, we use symmetric weights
AL = AL =1 when JV < 0 and use asymmetric weights AL = 10,20, or 7" and A} =1
when cz,y > 0. We set the significance level to be o = 10% and the corresponding nominal
critical value for the two sided test is z, = 1.645. For all DGPs, we let 6 = 2 in computing

the optimal power parameter. More specifically,
(1-9?) 22 Ks(22) 12 1/2 7
< 29) {aTD'<za>—Gg<z§>}> 2 1{d; >0},

2 1/2
(1*452) Z?lK (262!) 1/9 R
[( (2(&) {D/(Zg)iGg(zg)}> T / 1 {d»y < 0}7

for zo, = 1.645,6 = 2, ar = 10,20, or T'. For each choice of a7, we obtain p,p¢ and use it to

Popt = (55)
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construct the LRV estimate and corresponding t*-statistic. We reject the null hypothesis
if
[t*] > 1.645 + 3.169/ popt,

the corrected critical value from Corollary 2. We may use the critical value from the
hyperbola formula as given in (52) but the results are essentially the same. Using 50000
replications, we computed the empirical type I errors (when ¢ = 0) and type II errors
(when ¢ = 4.1075). Depending on whether the true d, is positive or not, we calculate
the empirical loss by taking a weighted average of the type I and type II errors. When
d, > 0, the weights associated with the type I and II errors are ar/(1+ar) and 1/(1+ar),
respectively. When d, > 0, we use equal weights so that the weights are 50% for both
types of errors.

For comparative purposes, we also compute the empirical loss function when the power
parameter is the ‘optimal’ one that minimizes the asymptotic mean squared errors of the

LRV estimator. The formula for this power parameter is given in PSJ, and a plug-in

R 1/3
. 1— 2\2
PMSE = <( ¢ ) ) T2/3

version is
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Table 2 reports the empirical loss only for the sample size T' = 100, as it is representa-
tive of other sample sizes. It is clear that the new plug-in procedure incurs a significantly
smaller loss than the conventional plug-in procedure when d, > 0, which is typical for
economic time series. This is true for all values of ar and parameter combinations con-
sidered. Simulation results not reported show that the superior performance of the new
procedure also holds for smaller values of ar such as apr = 2, although the advantage
of the new procedure is reduced. When d, < 0, the new plug-in procedure is slightly
outperformed by the conventional plug-in procedure. In this case, the reduction in the
type II error from choosing a large value of p outweighs the increase in the type I error,
as the type I error is capped by the nominal size.

In sum, the simulation results in this and previous subsections show that the size and
power (or type I and type II errors) expansions given in Corollary 6 provide satisfactory
approximations to the finite sample size and power. The simulation results also reveal
that the new plug-in procedure works well in terms of incurring a smaller loss than the

conventional plug-in procedure.
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Table 2: Empirical Loss Using Different Plug-in p’s for
ARMA(1,1) Processes with AR parameter ¢ and MA parameter 6

(LT:10 aT:20 CLT:T
(¢,0) Popt  PMSE Popt  PMSE Popt  PMSE
0.9, 0) 0.2515 0.3900 0.2069 0.3789 0.1363 0.3691
0.6, 0) 0.1815 0.2450 0.1448 0.2251 0.0994 0.2078
0.3, 0) 0.1546 0.1864 0.1288 0.1709 0.0953 0.1575

—0.3,0) 0.1490 0.1421 0.1491 0.1421 0.1491 0.1421
—0.6,0) 0.0885 0.0852 0.0885 0.0852 0.0885 0.0852
—0.9,0) 0.0693 0.0584 0.0693 0.0584 0.0693 0.0584

(0,0.9) 0.1593 0.1953 0.1280 0.1737 0.0851 0.1550
(0,0.6) 0.1539 0.1863 0.1256 0.1677 0.0858 0.1514
(0,0.3) 0.1451 0.1686 0.1224 0.1538 0.0925 0.1409
(0,—-0.3) 0.1225 0.1178 0.1225 0.1178 0.1225 0.1178
(0,—0.6) 0.0155 0.0156 0.0155 0.0156 0.0155 0.0156
(0,-0.9) 0.0001  0.0000 0.0001  0.0000 0.0001  0.0000

(—0.6,0.3) 0.1661 0.1584 0.1661 0.1584 0.1662 0.1584
(0.3,—0.6) 0.0831 0.0804 0.0830 0.0804 0.0829 0.0804
(0.3,0.3) 0.1626  0.2061 0.1313 0.1865 0.0888 0.1694
(0,0) 0.2389 0.2276 0.2419 0.2276 0.2509 0.2276
(0.6,—0.3) 0.1756 0.2296 0.1451 0.2141 0.1059 0.2007
(—0.3,0.6) 0.1396 0.1573 0.1192 0.1429 0.0919 0.1303

8 Conclusion and Extensions

The size distortion that arises in nonparametrically studentized testing where consistent
HAC estimates are used is now well documented. Reductions in this size distortion may
be achieved by the use of inconsistent untruncated HAC estimates in the construction of

these tests which in turn rely on nonstandard limit distributions for the critical values.
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However, these improvements in size typically come at the cost of substantial reductions
in test power.

The solution to this problem that is suggested in this paper involves a compromise,
whereby untruncated kernels are still employed but the exponent in the power kernel
is chosen so as to control size distortion and to maintain power. The criterion func-
tion used here is based on asymptotic expansions of the distribution of the test under
both the null and alternative hypotheses. The rule for selecting the optimal exponent in
the power kernel generally has an expansion rate of O (T 1/ 2) or less, and is slower than
the rate O (T2/ 3) for optimizing the asymptotic mean squared error in HAC estimation.
Thus, optimal exponent selection (or, in the terminology of conventional HAC estimation,
bandwidth selection) to improve test size and power in HAR inference is different from
optimal exponent selection for HAC estimation. HAR testing along these lines actually
undersmooths the long run variance estimate to reduce bias and allows for greater vari-
ance in long run variance estimation as it is manifested in the test statistic by means of
higher order adjustments to the nominal asymptotic critical values or by direct use of the
nonstandard limit distribution.

The asymptotic expansions of the finite sample distribution of 3 could be extended
to the regression model of the form: y, = 8 + x}y + u; where z; is a strongly exoge-
nous mean zero vector process. In this case, the OLS and GLS estimators of 3 satisfy
var (ﬁ(ﬁ —B) = VT3 - B)) = O(1/T) and VT(3 — B8) — VT(3 — j3) is independent of
VT(3 — 8). These properties ensure that Fp(z) = E {Gs(z%,r)} + O (1/T), a crucial
step in establishing the asymptotic expansions. Replacing u by u* = (I — X(X'X)"1X")u
for X = (z1,...,z7)" in Assumption 2 and using the same proofs, we can easily establish
the asymptotic expansions in Section 5 conditioning on X.

The analysis here could be extended to apply to robust tests where other (positive)
kernels are used as the mother kernel prior to exponentiation (PSJ;), or where existing
HAC estimation procedures are employed with bandwidth proportional to the sample size
(KV). While higher order expansions in those cases will be needed to extend the theory,
we conjecture that the formulae will end up being very similar to those given here. In
particular, we anticipate that the size distortion in testing will depend on the bias in HAC
estimation, for which formulae have already been derived for steep origin kernels in PSJ,

and are well known in the spectral analysis literature (e.g. Hannan, 1970) for estimates
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based on conventional truncated kernels. Expressions for power reductions will be easy
to obtain for different mother kernels using the methods of Section 5. These extensions

of the present theory will be reported and evaluated elsewhere.

9 Appendix

9.1 Technical Lemmas and Supplements

Lemma 7 The cumulants of 2, — 11, satisfy

4 m—1
|Km| < 277 (m — 1) <p+1) (56)
and the moments o, = E (2, — p,)™ satisfy
4 m—1

Proof of Lemma 7. Note that

1 1 [ m
/ / Hk;(ijTj-i-l) dry---dry,
0 0o \jo
1 1
S/ / }k;(Tl,Tg)k;(Tg,Tg)o~-k;(7'm,1,7'm)| ‘k;(Tm,Tl)|d7—1"'dTm
0 0
1 1
S/ / }k;(Tl’TQ)k;U?:TS)’"k;(Tm—l,Tm)|d7—1"'dTm
0 0
1 1
SSUP/ ‘k;(TlaTZ)’dTl/ ‘k;(TQ,Tg)k;(Tg,m)---k;(Tm_l,Tm)}dTQ---dTm
T2 JO 0

1 1 1
< sup/ ‘k;(Tl,TQ)’ drm sup/ ‘k;(TQ,Tg)’ dry... sup/ [k;(Tm_l, Tm)] dTm_1
2 JO 73 JO ™™ J0

_ (sgp /0 k()| dr) " (58)

1
sup/ ‘k;(r,s)‘dr
0

s€[0,1]

But

1 1 1 1,1
= sup / ky(r —s) — / ky(r —p)dp — / k(s —q)dg + / / k,(p — q)dpdg| dr
s€[0,1] Jo 0 0 o Jo
1 A4 (1 o\1Hp A4 1 a\ltp
— sup / (r— ) — 2—r (I-r)"" 2-s (1—3s) 2 dr
sef0,1] Jo p+1 p+1 p+2
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1
< sup {/ ky(r — s)dr+
sef0,1] LJo

/1 4— e — (1 =)t —gltr — (1 — 5)!tP 2 p
- r
0 p+1 p+2

2 —sltr — (1 —s)ttr 4
= sup 2 < ,
s€[0,1] p+1 p+1

1ol 9
1—|r—p|)dpdr = —.
| o=t =ty apar = =2
1 1 m 4 m—1
Ey(Tj,Tj1) | dy- - dr| < <) ,
/0 /0 31:[1 p\13s 15+ 1

4 m—1
<2 tm— 1) [ —— .
ponl < 27 - 1t (551 )

using the fact that

Therefore

and

(59)

(60)

(61)

(62)

Note that the moments {c;} and cumulants {x;} satisfy the following recursive relation-

ship:

m—1
m—1
a1 = K1, Qyp = E j AjKm—j-

=0
It follows easily by induction from (62), (63) and the identity

that

Lemma 8 Let Assumption 2 hold. When T — oo with p fixed, we have
(a) ,
ﬂpT—Mp+O<T) :

migm=1 (4 ™2
= [0) ’
T = fom T2 <p + 1)

33

(b)

uniformly over m > 1.
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(c)

. 22—l /4 \™2
.1 = E (Spr — pp1) :am"‘O{ T2 (/H—l) } (68)

uniformly over m > 1.
Proof of Lemma 8. We first calculate p,7 = (Tw%)_lTrace(QTATWpAT). Let Wj =

ArW,Ar, then the (i,j)-th element of W is

];p<z' j);cp(ij)%i’“PCTm)

T

T
m
T T T
1 k—7 1 k—m
—Tka(T)JrQZka(T). (69)
k=1 k=1m=1
So
Trace (Qr ArW,Ar) = Trace(QTW;)
T T—ro
_ = (T1 T2\ _ w (r2th
SR CCENACRSTED o SR G l=)
1<ri1,ro<T ro=1h1=1—79
T-1T—hy 0 T
= (ra+hy 7o
1> D>+ > > v(hlﬂcp( - ,T). (70)
h1=1 ro=1 h1=1-T ro=1—h1
But
T—hy T—hy T T
~ ro+hi 9 h1 1 r—m
W () = R e (7) e 3 Sm ()
ro=1 ro=1 ri1=1+h; m=1
T—hy T T—hy T T
1 k—ro 1 k—m
HEE () B RS
ro=1 k=1 ro=1 k=1m=1
1 & rL—m 1 &K & k—r
1— — T2
e () s X 2 (57
ro= =

ro=1 k=1m=1 T
1 T r—s
— e () () + o)
r=1 s=1



where C(hq) is a function of hy satisfying |C(h1)| < h;. Similarly,

a,(””” 7"2) Zk; (2.2) {k,, <i;1>—k:p(())}+0(h1). (72)

Therefore, Trace(QrArW,Ar) is equal to

WE

ro=1—hq

T-1 T T—1
. h
- ) Y (2 2) 41 X sk (3) ko f o
h1=—T+1 ro=1 h1=—T+1
T-1 T r r T—1 p2
¥ 2 2
- Y Y R(EE) s ¥ mht+o(5) 0w, @)
h1:—T+1 7‘2:1 hl:—T+l

where we have used the second order Taylor expansion:

k, <|hT1|> —k, (0) = —p|ha| /T + 0.5p(p — 1) ()2 h?/T?, (74)

for some & between 0 and |hy| /T. Using

1
> () =wi(l +0(3) (75)
hi=—T+1
and
1 T = o T9 1 1
TT2:1 k’p <?,?> = A kp(r,r)dT—I-O(T), (76)
we now have
1 p -1 p2 1
wr = [ Koty ¥ a0 (FHeg). @D
h1=—T+1

By definition, pu, = E=, = fol E*(r,r)dr and thus p,r = p, + O (1/T) as desired.
We next approximate Trace [(QrArW,Ar)™] for m > 1. The approach is similar to
the case m = 1 but notationally more complicated. Let ropm4+1 = 71, romi2 = 12, and

hm+1 = h1. Then

Trace [(QpArW,Ar)™]

T " r T
7 27 25+1
= D JREEEREN (ij T )

72,74,...,72m=1 j=1
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T T—rom

T—ry m

w (2 242+ hin
S [ ()
ho=1—r 7j=1

=1-r4 hm=1-r2pm Jj=

T2,T4,...;T2m =1 h1=1—r

T—1T—hy 0 T T—1 T—hm 0 T
=22+ > > X X X
hi=1ro=1 hy=1-Tro=1—hy hm=17rom=1  hm=1-T ropm=1—hm
4 = (125 rej+e+ by
jl;[l’Y(hj)kp <T’ T)
=I1+1I, (78)
where
T-1T-h T T—1 T—hm 0 T
1P SHD ol B B 5 SESD D »
hi=1 ra=1  h1=1-Tro=1—hy hm=1rom=1  hm=1-T ropm=1—hm
m
= (T2 T2j+42
IRE C= (79)
and
T—1T—hy 0 T T—1 T—hm
=043 > + > > || 2X X+ Z Z
h1=1 re=1 h1=1-T ro=1—h1 hm=1rom=1  hp,=1-T ro,m=1—hm

A P’hJ+1|
) &0
[T () (20 (%0)
Here we have used

R (T T2 hia ) g Ty o
P T’ T T T

So(Ml).

A similar result is given and proved in (95) below.

The first term (I) can be written as

S Y-y Y -2 S o (R (2 22))

hm=1-T rom=1  hm=1rom=T—hm+1 hm=1-Trom=1/ j=1

_ZZ Z H'V {]%p (7“23 1"2;:&)}’ (82)

T hi,r2 hm,rom j=1
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where Zh s, 18 one of the three choices Zh 1T ?21:17 - hj_l Z%_T hy+10

—50 h;=1-T ij:l and ). is the summation over all possible combinations of
<Zh1,r2 . th’mm) . The 3™ summands in (82) can be divided into two groups with
the first group consisting of the summands all of whose r indices run from 1 to 7" and the
second group consisting of the rest. It is obvious that the first group can be written as

ST | 3 {5 (2. 722))
h j=1

T

The dominating terms in the second group are of the forms

SOy Y Y eSS I {R (2 )

hj=17TT2=1 h=1-T rop=T—h+1 hm=1-T rom=1j=1

or
T-1 T T—1 T T—1  —hm m e
> > o X e {R (7))
hjZl-T’f‘zZl hk:l_TTQk:T_hk+1 hm=1— TT‘2m—1] 1
both of which are bounded by
T-1 —hm m r r
2 T2j+2
ISP IR SID SED ol | (1% sl TT [k (- 757)
hi=1-Tro=1  hp=1-T  hy=1-Tropm=1j=1 j#k,m

m—1

s[supz (% “)]M ) %ﬁjwmmhk\ ,

using the same approach as in (58). Approximating the sum by an integral and noting
that the second group contains (m — 1) terms which are of the same orders of magnitude
as the above typical dominating terms, we conclude that the second group is of order

0 {me_Q 4/(p+ 1))m72} uniformly over m. As a consequence,

S ) 3 (35 o forms ()
hoj=1 T

uniformly over m.

The second term (II) is easily shown to be of order o (me*2 (1/ p)m_2) uniformly

over m. Therefore
Trace [(QpArW,A7r)™]

() S @)l ()] w

T
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and

Ko = 27N (m = DIT™™ (wg) ™" Trace [(QrArW,Ar)"™]
m—2
ot - o S, (22,7252 Lo | 1 (A
2" (m 1)-{T ZT:k”(T’ T )+O T2 \p+1

m 2
= 2" (m — 1)! /H/l k(7). 7je1)drjdrjen + O | g S
LLf % 0T 50T 72\ p¥1

mi2m=l (4 \™?
= 0
o 72 <p + 1) ’

uniformly over m.

Finally, we consider oy, 7. Note that a1 7 = E(S,r — p1pr) = 0 and

m—1
j OtjvTK’m_j:T'

—_

m—

J=0

It follows that

m!
O, T = - . A K4 T,
" ; ()™ (2)™2 - ()™ ml'mz H ’

J1h) (L

where the sum is taken over the elements

T =|J1,- J17J2, ks

m1 times mo tlmes my, times

for some integer k, sequence {ji} such that j; > jo > -+ > ji and m = Zle m;Jj;.

Combining the preceding formula with part (b) gives
gm—1 4 \™? m!
= O . _om
QT = Qup + { T2 <p+1> ;mﬂmz!mmk!

92m—lpy| /4 \"™2
= @) ’
G T2 <p + 1) ’

uniformly over m, where the last line follows because

,<2m. [

1
™ milma!--

Lemma 9 Let Assumption 2 hold. If p — oo and T — oo such that p/T — 0, then

(a)
P T-1 1 p2
=lp— == hI'(h) + O | = Ol );
HpT = Hp Tw? e (h) + <T> + <T2) ;
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(b)

Ko T = p—?—l +0 (;) ; (91)
! r-0(3) 10 (1), -

Proof of Lemma 9. We have proved (90) in the proof of Lemma 8 as equation (77)
holds for both fixed p and increasing p. It remains to consider &, r for m = 2 and 3. We

first consider ko7 = 272 (w;4)'I‘race [(QTATWPAT)Q} . As a first step, we have

Trace {(QTATWPAT)Q}
B IR A TR W——

T1,72,73,T4

T—1T—hy 0

i PIDIREDY

h1:1 T2:1 h1:1—T7'2:1—h1

h
~ ro T4+ ho\ = r4 To+ hy
— — h h
{kp<T7 T >kp<T7 T >}’7( 1)7( 2)

=11+ Is + I3+ Iy, (93)

where

~ (ro ra+ha\+ (714 T2+ h
{k (220, (2821 s ),
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We now consider each term in turn. Note that

() B () s () o (%)

k=1—hy k=1
and
ro — 14 — ho T2 — T4
() w5
e — 14— ha| |r2 — 1y plha|
0 po1|lr2 —ra—ho| _ [ Plh2l

for some & between |roy — 14 — ha|/T and |rq — r4|/T, we have
(T2 rat ha
PA\T T

_p (T2 r2—ra—hs r2 74 e
_kp(T’T>+kp< T >kp< T >+O(T)

P RRUCE DU SITERE
=3 3 2 3 4k (7 7) B (7 7) prtuntia) + 0D
‘0 { S Y S X[ (2 (Ul D) ’y(hl)v(hg)}
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Following the same procedure, we can show that

DS {Bo (5050 ) B (510 22) Jrha)(a) + O (1),

and

As a consequence,

Trace | (7 ArW,Ar)?|

- S (R GY(

T-1
r2,r4 =

2
> 7(h1)> +0(T), (97)
T

h

and

ko =27 (wy) Trace | (Qr ArW, Ar)’|

_ 2/01 (K(r, ) drds + O (;) _ pil +0 G) . (98)

The proof for k3 7 is essentially the same except that we use Lemma 7 to obtain the first

term O (1/,02) . Details are omitted. m

9.2 Proofs of the Main Results

Proof of Theorem 1. Using the formula from (25), we obtain

11
E(=Z, - up)2 = Ky = 2/ / (k‘;(r, 75))2 dtdr
0 JO
!

<2 ) N 4 <4p2+7p+2 F2(p+2)>
p+2 p+1  (p+1)> \(204+3)(p+2) T(20+4)

Following Lemma 9, we have
E(Z,—pp)°* =r3 =0 (1/p%). (100)
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Combining (20), (99), (100) and p, = p/(p + 2) yields
F(z) = P{’W(l)E;1/2’ < z}
ED”(,LLpZ2)Z4H2 +0(1/p?)

2
= D(upz?) + D" (np2?) 2" (1/0%)
N(Z2) 4

= D(ppz”) +

= D(2%) — D'(2%)2?

p+2 ,0—1—1 (1/p7)
= D)+ [D()34 - 2D (2] 0 (1), (101)

where the O (-) term holds uniformly for any z € [M;, M,] where 0 < M; < M,, < co. m

Proof of Corollary 2. Using a power series expansion, we have
2 "2 2 11
F(Z(Lp) = D(za,p) + [D (Za, ) - 2D ( ) ap] ; (1/P )
1
= D(2}) + [D"(23)za — 2D’(Z§)Za] 5T D'(23) (25, — 25)

1
+ ; [4ziD"(z§) + D”'(zi)zi — 2D"(z§)z§ — 2D"(z§)]

x (25,—2)+0(1/p), (102)

ie.
0= [D(2)7 — 2D/ (22)22] = + D'(2) (2, — 22)
L az3Dr(2) + D7(22)2t — 9D"(:2)22 — 2" (22)]

x (25, —22) +0 (1/p%). (103)
> 5 [D"(22)z4 — 2D'(22)22]

Zap =0 B(zg) 22+ 0 (1/p%). (104)
Now

D'(z) = ZF_(ll//?;)_\//; D"(z) = 4\%22 (— 2re 3% — z%\@e—%’~'> , (105)

and thus

/2 —2z2 ). (106)
D! —1/2—2/2 3 ( )
(2) Ta2vE 422
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Hence

zg7p—z§é—;<443( 224, 22&))4— z —i—O(l/p)
=22+ 21[)(57: +2z2) +0(1/p%), (107)

from which we get
1 1/2
Zap = (zi + ;(5zi +7a) + 0 (1/p2)>
1/2
1+ —(+2)+0(1/p° ))

“(15
= (1+ (542 )>+O(1/p2)
T

(5za +23)+0(1/p%), (108)

:ZOt

4p

as stated. m

Proof of Theorem 3. A Taylor series expansion gives

1 - EG5( 2o p‘—'P)
=1- Gé(ﬂpz o)+ G6 (Hp2i L Za o (Bp — Np)2 +O(E(E, - ﬂp)g)

1
=1- Glg('zi,p) - [GzS (Za,p>za,p - QGS(Zip)zi,p] ; +0 (1/:02) ) (109>
as p — oo, where the last equality follows from the same proof as Theorem 1. Since
22, =22+ 5 (5z +23)+ 0 (1/p?) , we get

P

1
%(523 +23))

2
= {Gs'(zi + 5@+ ) (24 2i<5zi =) }
—;{—2Gg(z§+21p(523+z§)) (z + (5z +z ))}+O(1/,02)
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=1 Gs(22) - <GJ( 2)(522 4 24) + GY(22) 22 — 2G5(22)2 );—FO(I//)Q)

1 1
= 1-Gs(:2) - (2G3<z§>z§ G2+ 2G3<zi>zi) SO, )
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Note that

> 52/2)j 2 Zm5em2/2
Gj(z) = ( —0°/2 : 111
5(2) JZ; R T YT et (111)
and
> (52/2)7 1.1 22 2/2 1 iae/?
g(Z):Z( /)6_62/2 (]_7)7 ir1/2 o . i11/92
= 4! 27 2T(5 +1/2)20+1/ 2T (5 +1/2)20+1Y/
(1 N\ )+ > (52/2)36_52/2 A2
22 2)7 = ! T(j +1/2)20+1/2 2
1 1
= —EGg(z) (z + 1> + K5 (2), (112)
S0
1
5 Gs(z 2)2h + Gy(22) 20 + G5( 2)22 = 20K (22), (113)
and
1 _EG5( ap‘—‘ﬁ) 1 _G5( )—ZiKg (23) /p+0(1/p2)7 (114)

completing the proof of the theorem. m

Proof of Theorem 4. First, since Gs(+) is a bounded function, we can rewrite (20) as
P {‘(W(l) +4) 5*1/2‘ <z}= Jim EGy(*2,)1{IE, - 1| < B}

(m) —_ —_
= lim E m G(g ( p 2) (Ep_ﬂp)mz2m1{|:p_ﬂp| S B}

B—oo
m=1

— lim Z G(m) 222z 1{|E, — p,| < B}, (115)

B~>oo

where the last line follows because the infinite sum >~ m,G (upz2)am22m converges

uniformly to Gs(22Z,) when |E, — u,| < B. The uniformity holds because Gs(+) is infi-
nitely differentiable with bounded derivatives. Using Lemma 7, we have, for some constant

C>0

(m )

,upz )amz
2 : 2 2 : 1 2mo2m—1 4 m
. m _ m . | -
<Cm_—1 m!z |O‘m| <'Cm_1 m!z ? (m 1)'<P+1>

_Clp+1) o= 1 [1622\"
_8;m<p+1 < o0, (116)
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provided that p+ 1 > 1622. As a consequence, the limit limp_,o, can be moved inside the

summation sign in (115), giving

P {‘(W( )+4 ”_1/2‘ < z} = m'G;m) (11p2*) e 2®™ (117)
m=1
when p + 1 > 1622,
Second, it follows from (37) that
P{VT (- 5o) /2| < 2} = E{Gs(zn)} +0(1/T). (118)
But
E {G(s 22 SpT } Z G(m) (o2 )am7Tz2m, (119)

where the right hand side converges to {G5 z SpT } uniformly over T' because o, =

am+0 {

and

22m 1

m—2 m
et <ﬁ> } uniformly over m by Lemma 8, G((S ) (+) is a bounded function

o0 2m—1 m—2 0 m—2
1 5.2 m! 4 1 1. 4
— = — —(22)" | —— < 00, 120
mzz:m <p+1) T?%Q(z) <p—|—1> (120)
when p + 1 > 1622. Therefore

P{VT (8- 50) /2| <2} = fj %Gf{” (1 2?) Ot 722 + 0<%>. (121)
m=1

It follows from (117) and (121) that

L) el st

[ee]

(m) 1 <m)
= Z G MpTZ amTz —'G5 amz ™+ 0(= )
m:lm
R S e R L
r T
m=

= Z G "(1p2?) (i — Q) 227
{Tmi ()= o(n)
o(3).

+O(T)

45



where the second equality holds because ng)(upTzQ) = G((gj)(,upz2) + O (%), Lemma 8
holds and 3 °°
follows from (120). This completes the proof of Theorem 4. m

1 m,G (/LPTZ2)Oém7TZ2m < oo uniformly over T, and the last equality

Proof of Theorem 5. It follows from Lemma 9 that when p — oo,

QT = KT = —?—1 +0 <T> (123)
a3T:I€3T:O<1> —I-O(l) (124)
) ) p2 T/
and
1 p?
[T = [y — Z hT (h (T> +0 <T2> : (125)

—T+1

Thus, as p — oo,

Fr(z) = P{|VT (8- o) /| < =} = E{Gs(z%n)} + O(U/T)

1
= Gs(por?*) + §G§(MpT22)24042 T+ O (as3r)

= Gs(pr2?) + %Gg(upTzz)z4 (pil +0 <T>> +0 (p > +0 (;) (126)

= Gs(pp2”) + Go(pz?)2* (pr — pp) + — =G (np2*)2" (127)

ro(5)+o(1)+0(%).

using (123) to (125). But

+1

— Gy(2) — 262 )zp+0<12>, (128)

and

=LY w632+ 0 <T +0 (C’F’Z) (129)



SO

as desired. m

(130)

Proof of Corollary 6. PART (A). Using Theorem 5, we have, as 1/p+ 1/T + p/T — 0

FT(ZOévﬂ) = D(zi,p) + [D//(Zi,p)zi,p - 2D/(Zi,p)zgz,p]

=

1 2 1
_ dVTD’(Zg’p)zi,p% +0 <T + % + p2>

12 N2 P 1 2 1
= Feag) D ()2, 4 0 (Rt Gy

1 2 1
=l-a- dvTD’(Zi,p)zi,p% +0 < + 5+ ) .

So 2
1 1
1= Fr(zap) — o =dyD' ()22 4+ 0 (T + 2+ 2> .

PART (B). Plugging 22 , into (41) yields

. 2
P ‘\/T(ﬁ —50)| <
— = | = Zap
w b
1
=1- G(;(ziyp) - [Gg(zi,p)ziyp - 2Gg(zi’p)z§’p] 5
p 1 P’ 1
+ d'YTGZS(Z?x,p)Zg,pT + O T> + O <T2> + O <p2>
1 p 1 p? 1
=1—Gs(22) — 20 Ks (22) » + d’YTGZS(ch)ng + 0 (T tmt p) )

where the last equality follows from the same proof as Theorem 3. m
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