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Preface

During the past two decades or so, there has been a lot of interest in
both theoretical and empirical analysis of nonlinear time series data.
Models and methods used have been based initially on parametric non-
linear or nonparametric time series models. Such parametric nonlinear
models and related methods may be too restrictive in many cases. This
leads to various nonparametric techniques being used to model nonlinear
time series data. The main advantage of using nonparametric methods
is that the data may be allowed to speak for themselves in the sense of
determining the form of mathematical relationships between time series
variables. In modelling nonlinear time series data one of the tasks is to
study the structural relationship between the present observation and
the history of the data set. The problem then is to fit a high dimensional
surface to a nonlinear time series data set. While nonparametric tech-
niques appear to be feasible and flexible, there is a serious problem: the
so-called curse of dimensionality. For the independent and identically
distributed case, this problem has been discussed and illustrated in the
literature.

Since about twenty years ago, various semiparametric methods and mod-
els have been proposed and studied extensively in the economics and
statistics literature. Several books and many papers have devoted their
attention on semiparametric modelling of either independent or depend-
ent time series data. The concentration has also been mainly on esti-
mation and testing of both the parametric and nonparametric compon-
ents in a semiparametric model. Interest also focuses on estimation and
testing of conditional distributions using semiparametric methods. Im-
portant and useful applications include estimation and specification of
conditional moments in continuous—time diffusion models. In addition,
recent studies show that semiparametric methods and models may be ap-
plied to solve dimensionality reduction problems arising from using fully
nonparametric models and methods. These include: (i) semiparametric
single-index and projection pursuit modelling; (ii) semiparametric ad-
ditive modelling: (iii) nartiallv linear time ceries reoression modelline:
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vi PREFACE

Although semiparametric methods in time series have recently been men-
tioned in several books, this monograph hopes to bring an up-to—date
description of the recent development in semiparametric estimation, spe-
cification and selection of time series data as discussed in Chapters 1-4.
In addition, semiparametric estimation and specification methods dis-
cussed in Chapters 2 and 3 are applied to a class of nonlinear continuous—
time models with real data analysis in Chapter 5. Chapter 6 examines
some newly proposed semiparametric estimation procedures for time
series data with long-range dependence. While this monograph involves
only climatological and financial data in Chapters 1 and 46, the newly
proposed estimation and specifications methods are applicable to model
sets of real data in many disciplines. This monograph can be used to
serve as a textbook to senior undergraduate and postgraduate students
as well as other researchers who are interested in the field of nonlinear
time series using semiparametric methods.

This monograph concentrates on various semiparametric methods in
model estimation, specification testing and selection of nonlinear time
series data. The structure of this monograph is organized as follows: (a)
Chapter 2 systematically studies estimation problems of various param-
eters and functions involved in semiparametric models. (b) Chapter 3 dis-
cusses parametric or semiparametric specification of various conditional
moments. (c) As an alternative to model specification, Chapter 4 exam-
ines the proposed parametric, nonparametric and semiparametric model
selection criteria to show how a time series data should be modelled
using the best available model among all possible models. (d) Chapter
5 considers some of the latest results about semiparametric methods in
model estimation and specification testing of continuous—time models.
(e) Chapter 6 gives a short summary of recent semiparametric estima-
tion methods for long—range dependent time series and then discusses
some of the latest theoretical and empirical results using a so—called
simultaneous semiparametric estimation method.

While the author of this monograph has tried his best to reflect the
research work of many researchers in the field, some other closely re-
lated studies may be inevitably omitted in this monograph. The author
therefore apologizes for any omissions.

I would like to thank anyone who has encouraged and supported me to
finish the monograph. In particular, I would like to thank Vo Anh, Isa-
bel Casas, Songxi Chen, Iréne Gijbels, Chris Heyde, Yongmiao Hong,
Maxwell King, Qi Li, Zudi Lu, Peter Phillips, Peter Robinson, Dag
Tjgstheim, Howell Tong and Qiying Wang for many helpful and stimu-

latino disengsinng Thanks alen o0 ta Mannel Aranis Teahel Clasas Chan-
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well as to Isabel Casas and Jiying Yin for editorial assistance. I would
also like to acknowledge the generous support and inspiration of my col-
leagues in the School of Mathematics and Statistics at The University
of Western Australia. Since the beginning of 2002, my research in the
field has been supported financially by the Australian Research Council
Discovery Grants Program.

My final thanks go to my wife, Mrs Qun Jiang, who unselfishly put my
interest in the top priority while sacrificing hers in the process, for her
constant support and understanding, and two lovely sons, Robert and
Thomas, for their cooperation. Without such support and cooperation,
it would not be possible for me to finish the writing of this monograph.

Jiti Gao
Perth, Australia
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CHAPTER 1

Introduction

1.1 Preliminaries

This monograph basically discusses semiparametric methods in model
estimation, specification testing and selection of nonlinear time series
data. We use the term semiparametric for models which are semipara-
metric partially linear models or other semiparametric regression models
as discussed in Chapters 2—6, in particular Chapters 2 and 5. We also
use the word semiparametric for methods which are semiparametric es-
timation and testing methods as discussed in Chapters 2—6, particularly
in Chapters 3 and 6. Meanwhile, we also use the term nonparametric
for models and methods which are either nonparametric models or non-
parametric methods or both as considered in Chapters 2-5.

1.2 Examples and models

Let (Y, X) be a d+ 1-dimensional vector of time series variables with Y
being the response variable and X the vector of d—-dimensional covari-
ates. We assume that both X and Y are continuous random variables
with 7(x) as the marginal density function of X, f(y|z) being the condi-
tional density function of Y given X = x and f(x,y) as the joint density
function. Let m(xz) = E[Y|X = z] denote the conditional mean of YV
given X = z. Let {(Y;,X:) : 1 <t < T} be a sequence of observa-
tions drawn from the joint density function f(z,y). We first consider a
partially linear model of the form

Yy = B[V} Xy] +ep =m(Xe) + e =U{ B+ g(Vi) + e, (1.1)

where X; = (U7, V)7, m(X;) = E[Y;| X¢], and e; = Y; — E[Y;| X}] is the
error process and allowed to depend on X;. In model (1.1), U; and V; are
allowed to be two different vectors of time series variables. In practice, a
crucial problem is how to identify U, and V; before applying model (1.1)
to model sets of real data. For some cases, the identification problem can
be solved easily by using empirical studies. For example, when modelling
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2 INTRODUCTION

electricity sales, it is natural to assume the impact of temperature on
electricity consumption to be nonlinear, as both high and low temper-
atures lead to increased consumption, whereas a linear relationship may
be assumed for other regressors. See Engle et al. (1986). Similarly, when
modelling the dependence of earnings on qualification and labour market
experience variables, existing studies (see Hardle, Liang and Gao 2000)
show that the impact of qualification on earnings to be linear, while the
dependence of earnings on labour market experience appears to be non-
linear. For many other cases, however, the identification problem should
be solved theoretically before using model (1.1) and will be discussed in
detail in Chapter 4.

Existing studies show that although partially linear time series modelling
may not be capable of reducing the nonparametric time series regression
into a sum of one-dimensional nonparametric functions of individual
lags, they can reduce the dimensionality significantly for some cases.
Moreover, a feature of partially linear time series modelling is that it
takes the true structure of the time series data into account and avoids
neglecting some existing information on the linearity of the data.

We then consider a different partially linear model of the form
Y = X7 B+ g(Xi) + e, (1.2)

where X; = (X¢1,-++, X1a)"™ is a vector of time series, 8= (51, -+, 04)7
is a vector of unknown parameters, ¢g(-) is an unknown function and
can be viewed as a misspecification error, and {e;} is a sequence of
either dependent errors or independent and identically distributed (i.i.d.)
errors. In model (1.2), the error process {e;} is allowed to depend on
{X.}. Obviously, model (1.2) may not be viewed as a special form of
model (1.1). The main motivation for systematically studying model
(1.2) is that partially linear model (1.2) can play a significant role in
modelling some nonlinear problems when the linear regression normally
fails to appropriately model nonlinear phenomena. We therefore suggest
using partially linear model (1.2) to model nonlinear phenomena, and
then determine whether the nonlinearity is significant for a given data
set (X, Y:). In addition, some special cases of model (1.2) have already
been considered in the econometrics and statistics literature. We show
that several special forms of models (1.1) and (1.2) have some important
applications.

We present some interesting examples and models, which are either spe-
cial forms or extended forms of models (1.1) and (1.2).

Example 1.1 (Partially linear time series error models): Consider a
partially linear model for trend detection in an annual mean temperature
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EXAMPLES AND MODELS 3

series of the form

t
Yi=UiB+g (T) + €4, (1.3)
where {Y;} is the mean temperature series of interest, Uy = (U, - -+, Upy)”

is a vector of g—explanatory variables, such as the southern oscillation
index (SOI), ¢ is time in years, (§ is a vector of unknown coefficients for
the explanatory variables, g(-) is an unknown smooth function of time
representing the trend, and {e;} represents a sequence of stationary time
series errors with Efe;] = 0 and 0 < var[e;] = 02 < co. Recently, Gao and
Hawthorne (2006) have considered some estimation and testing problems
for the trend function of the temperature series model (1.3).

Applying an existing method from Hérdle, Liang and Gao (2000) to two
global temperature series (http://www.cru.uea.ac.uk/cru/data/), Gao
and Hawthorne (2006) have shown that a nonlinear trend looks feasible
for each of the temperature series. Figure 1 of Gao and Hawthorne (2006)
shows the annual mean series of the global temperature series from 1867—
1993 and then from 1867-2001.

Temperature

T T T T T T T
1860 1880 1900 1920 1940 1960 1980

Yenrs

Figure 1.1 The light line is the global temperature series for 1867-1993, while
the solid curve is the estimated trend.

Figure 1.1 shows that the trend estimate appears to be distinctly non-
linear. Figure 1.2 displays the partially linear model fitting to the data
set. The inclusion of the linear SOI component is warranted by the in-
terannual fluctuations of the temperature series. Figures 1.1 and 1.2 also
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|
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|
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Figure 1.2 The solid line is the global temperature series for 1867-1993, while
the dashed line is the estimated series.

show that the smooth trend component captures the nonlinear complex-
ity inherent in the long term underlying trend. The mean function fitted
to the data is displayed in Figure 1.3. The estimated series for the up-
dated series is similar in stucture to that for the truncated series from
1867-1993. The hottest year on record, 1998, is represented reasonably.
Similar to Figures 1.1 and 1.2, a kind of nonlinear complexity inherent
in the long term trend is captured in Figure 1.3.

In addition, model (1.3) may be used to model long-range dependent
(LRD) and nonstationary data. Existing studies show that there are
both LRD and nonstationary properties inherited in some financial and
environmental data (see Anh et al. 1999; Mikosch and Starica 2004) for
example. Standard & Poor’s 500 is a market—value weighted price of 500
stocks. The values in Figure 1.4 are from January 2, 1958 to July 29,
2005.

The key findings of such existing studies suggest that in order to avoid
misrepresenting the mean function or the conditional mean function of
a long-range dependent data, we should let the data ‘speak’ for them-
selves in terms of specifying the true form of the mean function or the
conditional mean function. This is particularly important for data with
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0.4
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|
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|

1880 1900 1920 1940 1960 1980 2000

Figure 1.3 The solid line is the global temperature series for 1867-2001, while
the broken line is the estimated series.

S&P 500

1000 1500

500

1958 1965 1973 1981 1989 1997 2005

Figure 1.4 S&P 500: January 2, 1958 to July 29, 2005.

© 2007 by Taylor & Francis Group, LLC



6 INTRODUCTION

long-range dependence, because unnecessary nonlinearity or complexity
in mean functions may cause erroneous LRD. Such issues may be ad-
dressed using a general model specification procedure to be discussed in
Chapter 3 below.

Example 1.2 (Partially linear autoregressive models): Let {u;} be a

sequence of time series variables, Y; = w, U = (u4—1,...,u—q)", and
Vi = (v1,...,vp)7 be a vector of time series variables. Now model (1.1)
is a partially linear autoregressive model of the form
q
Uy = Z/Biutfi+g(vt17---;vtp)+et- (1.4)
i=1
When {v;} is a sequence of time series variables, V; = (vi—1,...,v:—p)7,
Y = v, and Uy = (us1,...,Uq)” be a vector of time series variables,

model (1.1) is a partially nonlinear autoregressive model of the form

q
vy = Z ity + g(vp—1, .., V—p) + €. (1.5)
i=1

In theory, various estimation and testing problems for models (1.4) and
(1.5) have already been discussed in the literature. See for example,
Robinson (1988), Tjgstheim (1994), Terasvirta, Tjostheim and Granger
(1994), Gao and Liang (1995), Hérdle, Liitkepohl and Chen (1997), Gao
(1998), Hérdle, Liang and Gao (2000), Gao and Yee (2000), and Gao,
Tong and Wolff (2002a, 2002b), Gao and King (2005), and Li and Racine
(2006).

In practice, models (1.4) and (1.5) have various applications. For ex-
ample, Fisheries Western Australia (WA) manages commercial fishing
in WA. Simple Catch and Effort statistics are often used in regulating
the amount of fish that can be caught and the number of boats that are
licensed to catch them. The establishment of the relationship between
the Catch (in kilograms) and Effort (the number of days the fishing ves-
sels spent at sea) is very important both commerically and ecologically.
This example considers using a time series model to fit the relationship
between catch and effort.

The historical monthly fishing data set from January 1976 to December
1999 available to us comes from the Fisheries WA Catch and Effort
Statistics (CAES) database. Existing studies from the Fisheries suggest
that the relationship between the catch and the effort does not look linear
while the dependence of the current catch on the past catch appears to
be linear. This suggests using a partially linear model of the form

Ci=01Ci1+ ...+ B,C—q+ 9(Ee, Ey_q,. .. 7Et—p+1) + e, (1.6)
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EXAMPLES AND MODELS 7

where {e;} is a sequence of random errors, C; and E; represent the catch
and the effort at time ¢, respectively, and g(-) is a nonlinear function. In
the detailed computation, we use the transformed data Y; = log;,(C)
and X; = log,,(E}) satisfying the following model

Yier =61Ysr 1+ o+ BYer—q + 9(Xigry oo, Xogr—py1) + e, (1.7)

where r = max(p,q) and {e;} is a random error with zero mean and
finite variance.

Gao and Tong (2004) proposed a semiparametric variable selection pro-
cedure for model (1.1) and then applied the proposed semiparametric
selection method to produce the corresponding plots in Figure 1 of their

paper.

Model (1.1) also covers the following important classes of partially linear
time series models as given in Example 1.3 below.

Example 1.3 (Population biology model): Consider a partially linear
time series model of the form

Y =BY: 1 +9(Yi—r) e, (1.8)

where || < 1 is an unknown parameter, g(-) is a smooth function such
that {Y;} is strictly stationary, 7 > 2 is an integer, and {e;} is a sequence
of strictly stationary errors. When g(x) = we have a population
biology model of the form

bx
14+zk>

Vi =08Y 1+ ——— +e, (1.9)
where 0 < < 1,b> 0,7 > 1and k > 1 are parameters. The motivation
for studying this model stems from the research of population biology
model and the Mackey—Glass system. The idea of a threshold is very
natural to the study of population biology because the production of eggs
(young) per adult per season is generally a saturation—type function of
the available food and food supply is generally limited. Here {Y;} denotes
the number of adult flies in day ¢, a is the daily adult survival rate, d is
the time delay between birth and maturation, and IZY{,}” accounts for
the recruitment of new adults due to births d years in the past, which
is nonlinear because of decreased fecundity at higher population levels.
Such a class of models have been discussed in Gao (1998) and Gao and
Yee (2000).

Example 1.4 (Environmetric model): Consider a partially linear model
of the form

q
Vi =Y BiYii+g(Vi) +en, (1.10)
=1
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where {Y;} denotes the air quality time series at ¢ period, and {V;} rep-
resents a vector of many important factors such as wind speed and tem-
perature. When choosing a suitable vector for {V;}, we need to take all
possible factors into consideration on the one hand but to avoid the com-
putational difficulty caused by the spareness of the data and to provide
more precise predictions on the other hand. Thus, for this case only wind
speed, temperature and one or two other factors are often selected as the
most significant factors. Such issues are to be addressed in Chapter 4
below.

When the dimension of {V;} is greater than three, we may suggest using
a partially linear additive model of the form

q p
Yi=> BiYii+ Y 9i(Vij) +er, (1.11)
i=1 i=1

where each g;(-) is an unknown function defined over R' = (—o0,00).
Model estimation, specification and selection for models in Examples
1.1-1.4 are to be discussed in Chapters 2-4 below.

Example 1.5 (Semiparametric single-index model): Consider a gener-
alized partially linear time series model of the form

Yy = X70+9(X[n) + e, (1.12)

where (6,7n) are vectors of unknown parameters, ¥(-) is an unknown
function over R', and {e;} is a sequence of errors. The parameters and
function are chosen such that model (1.12) is identifiable. While model
(1.12) imposes certain additivity conditions on both the parametric and
nonparametric components, it has been shown to be quite efficient for
modelling high—dimensional time series data. Recent studies include Car-
roll et al. (1997), Gao and Liang (1997), Xia, Tong and Li (1999), Xia
et al. (2004), and Gao and King (2005).

In recent years, some other semiparametric time series models have also
been discussed as given below.

Example 1.6 (Semiparametric regression models): Consider a linear
model with a nonparametric error model of the form

Y = X[ B+us with wu = g(us—1) + €, (1.13)

where X; and (§ are p-dimensional column vectors, {X;} is stationary
with finite second moments, Y; and u,; are scalars, g(-) is an unknown
function and possibly nonlinear, and is such that {u;} is at least station-
ary with zero mean and finite variance i.i.d. innovations €;. Model (1.13)
was proposed by Hidalgo (1992) and then estimated by a kernel-based
procedure.
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Truong and Stone (1994) considered a nonparametric regression model
with a linear autoregressive error model of the form

Y = g(Xi) +uy with  wp = Ousq + e, (1.14)

where {(X,Y;)} is a bivariate stationary time series, 0, satisfying 6] < 1,
is an unknown parameter, g(-) is an unknown function, and {e} is a
sequence of independent errors with zero mean and finite variance 0 <
0% < oo. Truong and Stone (1994) proposed a semiparametric estimation
procedure for model (1.14).

Example 1.7 (Partially linear autoregressive conditional heteroscedasti-
city (ARCH) models): For the case where d = 1, {¥;} is a time series,
X; =Y;_1, and {e;} depends on Y;_1, model (1.2) is a partially linear
ARCH model of the form

Y =BY: 1+ g9(Yio1) + e, (1.15)

where {e;} is assumed to be stationary, both 8 and g are identifiable, and
o%(y) = Ele?|Y;—1 = y] is a smooth function of y. Hjellvik and Tjgstheim
(1995), and Hjellvik, Yao and Tjgstheim (1998), Li (1999), and Gao and
King (2005) all considered testing for linearity in model (1.15). Granger,
Inoue and Morin (1997) have considered some estimation problems for
the case of § =1 in model (1.15).

Example 1.8 (Nonlinear and nonstationary time series models): This
example considers two classes of nonlinear and nonstationary time series
models. The first class of models is given as follows:

Y, = m(Xt) +e with Xy =X 1+ €¢, (116)

where {¢} is a sequence of stationary errors. The second class of models
is defined by

Vi =Y 1 +9(Yio1) + e (1.17)
Recently, Granger, Inoue and Morin (1997) considered the case where
g(+) of (1.17) belongs to a class of parametric nonlinear functions and
then discussed applications in economics and finance. In nonparametric
kernel estimation of m(-) in (1.16) and g(-) of (1.17), existing studies
include Karlsen and Tjgstheim (1998), Phillips and Park (1998), Karlsen
and Tjgstheim (2001), and Karlsen, Myklebust and Tjgstheim (2006).
The last paper provides a class of nonparametric versions of some of
those parametric models proposed in Engle and Granger (1987). Model
(1.16) corresponds to a class of parametric nonlinear models discussed
in Park and Phillips (2001).

Compared with nonparametric kernel estimation, nonparametric spe-
cification testing problems for models (1.16) and (1.17) have just been
considered in Gao et al. (2006). Specifically, the authors have proposed

© 2007 by Taylor & Francis Group, LLC



10 INTRODUCTION

a novel unit root test procedure for stationarity in a nonlinear time
series setting. Such a test procedure can initially avoid misspecification
through the need to specify a linear conditional mean. In other words,
the authors have considered estimating the form of the conditional mean
and testing for stationarity simultaneously. Such a test procedure may
also be viewed as a nonparametric counterpart of those tests proposed
in Dickey and Fuller (1979), Phillips (1987) and many others in the
parametric linear time series case.

Example 1.9 (Semiparametric diffusion models): This example involves
using model (1.2) to approximate a continuous-time process of the form

dry = p(re)dt 4+ o(ry)dBs, (1.18)

where () and o(-) are respectively the drift and volatility functions of
the process, and B; is standard Brownian motion. Since there are incon-
sistency issues for the case where both u(-) and o(+) are nonparametric,
we are mainly interested in the case where one of the functions is para-
metric. The first case is where u(r,6) is a known parametric function
indexed by a vector of unknown parameters, § € © (a parameter space),
and o(r) is an unknown but sufficiently smooth function.

The main motivation for considering such a class of semiparametric dif-
fusion models is due to: (a) most empirical studies suggest using a simple
form for the drift function, such as a polynomial function; (b) when the
form of the drift function is unknown and sufficiently smooth, it may be
well-approximated by a parametric form, such as by a suitable polyno-
mial function; (c) the drift function may be treated as a constant function
or even zero when interest is on studying the stochastic volatility of {r;};
and (d) the precise form of the diffusion function is very crucial, but it
is quite problematic to assume a known form for the diffusion function
due to the fact that the instantaneous volatility is normally unobserv-
able. The second case is where o(r, ) is a positive parametric function
indexed by a vector of unknown parameters, ¥ € © (a parameter space),
and p(r) is an unknown but sufficiently smooth function. As pointed
out in existing studies, such as Kristensen (2004), there is some evid-
ence that the assumption of a parametric form for the diffusion function
is also reasonable in such cases where the diffusion function is already
pre—specified, the main interest is, for example, to specify whether the
drift function should be linear or quadratic.

Model (1.18) has been applied to model various economic and financial
data sets, including the two popular interest rate data sets given in
Figures 1.5 and 1.6.

Recently, Arapis and Gao (2006) have proposed some new estimation
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Figure 1.5 Three-month T-Bill rate, January 1963 to December 1998.

and testing procedures for model (1.18) using semiparametric methods.
Such details, along with some other recent developments, are discussed
in Chapter 5 below.

Example 1.10 (Continuous—time models with long—range dependence):
Recent studies show that the standard Brownian motion involved in
(1.18) needs to be replaced by a fractional Brownian motion when data
exhibit long-range dependence. Comte and Renault (1996, 1998) pro-
posed using a continuous—time model of the form

dZ(t) = —aZ(t)dt + 0dBg(t), Z(0) =0, t € (0, 00), (1.19)
where Bﬁ( ) is general fractional Brownian motion given by Bg(t) =
ft (t—0) dB(s), and T'(z) is the usual ' function. Gao (2004) then dis-

T(A+06)
cussed some estimation problems for the parameters involved. More re-

cently, Casas and Gao (2006) have systematically established both large
and finite sample results for such estimation problems. Some of these
results are discussed in Chapter 6 below.

More recently, Casas and Gao (2006) have proposed a so—called simul-
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Figure 1.6 Seven-Day Furodollar Deposit rate, June 1, 1973 to February 25,
1995.

taneous semiparametric estimation procedure for a class of stochastic
volatility models of the form

dY (t) = V(t)dBy(t) and dZ(t) = —aZ(t)dt + odBgs(t),  (1.20)

where V(t) = ¢ Y (t) = In(S(t)) with S(t) being the return process,
Bi(t) is a standard Brownian motion and independent of B(¢). The
paper by Casas and Gao (2006) has established some asymptotic theory
for the proposed estimation procedure. Both the proposed theory and the
estimation procedure are illustrated using simulated and real data sets,
including the S&P 500 data. To show why the S&P 500 data may show
some kind of long-range dependence, Table 1.1 provides autocorrelation
values for several versions of the compounded returns of the S&P 500
data.

Chapter 6 below discusses some details about both the estimation and
implementation of model (1.20).
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data lagl 2 5 10 20 40 70 100
T = 500

Wy 0.0734  -0.0458 0.0250 0.0559  -0.0320  -0.0255 0.0047 0.0215
\Wt|1/2 -0.0004 0.1165 0.1307  0.0844 0.0605  -0.0128 0.0430 -0.0052
[We| 0.0325 0.1671 0.1575 0.1293 0.092 -0.0141 0.0061 -0.0004
|W,|? 0.0784 0.2433 0.1699 0.1573 0.1117  -0.0094  -0.0283 0.0225
T = 2000

Wy 0.0494  -0.0057  -0.0090  0.0142 0.0012  -0.0209 0.0263 0.0177
|W|2/2 -0.0214  -0.0072 0.0826 0.0222 0.0280  -0.0040 0.0359 0.0001
(W] -0.0029 0.0187 0.0997  0.0258 0.0505 0.0036 0.0422 -0.0020
|We|? 0.0401 0.0562 0.1153 0.0275 0.0668 0.0018 0.0376 -0.0045
T = 10000

Wy 0.1580  -0.0224 0.0122 0.0125 0.0036 0.0079 0.0028 0.0071
| W, |1/2 0.1161 0.0813 0.1196 0.0867 0.0789 0.0601 0.0775 0.0550
|[We| 0.1223 0.0986 0.1326 0.0989 0.0944 0.0702 0.0879 0.0622
|W,|? 0.1065 0.1044 0.1281 0.0937 0.0988 0.0698 0.0847 0.0559
T = 16127

Wy 0.0971 -0.0362 0.0054 0.0180 0.0036 0.0222  -0.0061 0.0041
VARE 0.1783 0.1674 0.1879 0.1581 0.1567 0.1371 0.1252 0.1293
[We| 0.2044 0.2012 0.2215 0.1831 0.1835 0.1596 0.1439 0.1464
|We|? 0.1864 0.2018 0.2220 0.1684 0.1709 0.1510 0.1303 0.1321

Table 1.1 Autocorrelation of Wy, |W|° for p = 3,

values.
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1.3 Bibliographical notes

Recent books on parametric linear and nonlinear time series include Tong
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Dijk (2000), Galka (2000), Chan (2002), Fan and Yao (2003), Kantz and
Schreiber (2004), Tsay (2005), and Granger, Terdsvirta and Tjgstheim
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In addition, nonparametric methods have been applied to model both
independent and dependent time series data as discussed in Fan and
Gijbels (1996), Hart (1997), Eubank (1999), Pagan and Ullah (1999),
Fan and Yao (2003), Granger, Terasvirta and Tjgstheim (2006), and Li
and Racine (2006).

Applications of semiparametric methods and models to time series data
have been discussed in Fan and Gijbels (1996), Pagan and Ullah (1999),
Hérdle, Liang and Gao (2000), Fan and Yao (2003), Ruppert, Wand and
Carroll (2003), Granger, Terdsvirta and Tjgstheim (2006), and Li and
Racine (2006).
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CHAPTER 2

Estimation in Nonlinear Time Series

2.1 Introduction

This chapter considers semiparametric modelling of nonlinear time series
data. We first propose an additive partially linear modelling method.
A semiparametric single-index modelling procedure is then considered.
Both new estimation methods and implementation procedures are dis-
cussed in some detail. The main ideas are to use either a partially linear
form or a semiparametric single-index form to approximate the condi-
tional mean function rather than directly assuming that the true condi-
tional mean function is of either a partially linear form or a semipara-
metric single-index form.

2.1.1 Partially linear time series models

In time series regression, nonparametric methods have been very pop-
ular both for prediction and characterizing nonlinear dependence. Let
{¥;} and {X;} be the one-dimensional and d-dimensional time series
data, respectively. For a vector of time series data {Y;, X;}, the condi-
tional mean function E[Y;|X; = z] of ¥; on X; = x may be estimated
nonparametrically by the Nadaraya—Watson (NW) estimator when the
dimensionality d is less than three. When d is greater than three, the
conditional mean can still be estimated using the NW estimator, and
an asymptotic theory can be constructed. In practice, however, because
of the so—called curse of dimensionality, this may not be recommended
unless the number of data points is extremely large.

There are several ways of circumventing the curse of dimensionality in
time series regression. Perhaps the two most commonly used are semi-
parametric additive models and single-index models. In time series re-
gression, semiparametric additive fitting can be thought of as an ap-
proximation of conditional quantities such as E[Y;|Y;_1,...,Y;_4], and
sometimes (Sperlich, Tjgstheim and Yang 2002) interaction terms are in-
cluded to improve this approximation. An advantage of using the semi-

15
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16 ESTIMATION IN NONLINEAR TIME SERIES

parametric additive approach is that a priori information concerning
possible linearity of some of the components can be included in the
model. More specifically, we will look at approximating the conditional
mean function m(X;) = m(Uy, Vi) = E[Y;|U, V4] by a semiparametric
(partially linear) function of the form

my(Us, Vi) = p+ U B+ g(Vy) (2.1)

such that E[Y; — my (U, V;)]? is minimized over a class of semipara-
metric functions of the form m;y (U, Vi) subject to E[g(V;)] = 0 for
the identifiability of mq (U, Vi), where p is an unknown parameter,
B =(61,...,08,)" is a vector of unknown parameters, ¢(-) is an unknown
function over R, both Uy = (Up,...,U)” and Vi = (Via,..., Vi)™

may be vectors of time series variables.

Motivation for using the form (2.1) for independent data analysis can be
found in Hérdle, Liang and Gao (2000). As for the independent data case,
estimating ¢(+) in model (2.1) may suffer from the curse of dimensionality
when g¢(-) is not necessarily additive and p > 3. Thus, this chapter
proposes two different estimation methods. The first estimation method
deals with the case where m(x) is itself an additive partially linear form
and each of the nonparametric components is approximated by a series
of orthogonal functions. For the independent data case, the orthogonal
series estimation method has been used as an alternative to some other
nonparametric estimation methods, such as the kernel method. Recent
monographs include Eubank (1999). As shown in Gao, Tong and Wolff
(2002a), this method provides some natural parametric approximations
to additive partially linear forms.

2.1.2 Semiparametric additive time series models

The main ideas of proposing the second method are taken from Gao, Lu
and Tjgstheim (2006), who have established an estimation procedure for
semiparametric spatial regression. The second method applies to the case
where m(z) is approximated by (2.1) and then proposes approximating
9(-) by ga(+), an additive marginal integration projector as detailed in the
following section. When g(-) itself is additive, i.e., g(z) = Y7, gi(z;),
the form of mq (U, V;) can be written as

P
m (U, Vi) :quU[ﬂJngi(Vti) (2.2)

i=1
< p for the identifiability of

subject to F[g;(V)] = 0 for all 1 < 4
1 < i < p are all unknown one—

m1(Us, V2) in (2.2), where g;(-) for
dimensional functions over R'.
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Our method of estimating g(-) or g,(-) is based on an additive marginal
integration projection on the set of additive functions, but where unlike
the backfitting case, the projection is taken with the product measure of
Vi for I =1, .-+, p (Nielsen and Linton 1998). This contrasts with the
smoothed backfitting approach of Mammen, Linton and Nielsen (1999)
to the nonparametric regression case. Marginal integration, although
inferior to backfitting in asymptotic efficiency for purely additive models,
seems well suited to the framework of partially linear estimation. In fact,
in previous work (Fan, Héardle and Mammen 1998; Fan and Li 2003, for
example) in the independent regression case marginal integration has
been used, and we do not know of any work extending the backfitting
theory to the partially linear case. Marginal integration techniques are
also applicable to the case where interactions are allowed between the
the Vj—variables (cf. also the use of marginal integration for estimating
interactions in ordinary regression problems).

2.1.8 Semiparametric single—index models

As an alternative to (2.2), we assume that m(z) = E[Y;|X: = 2] =
mo(Xy) is given by the semiparametric single-index form

ma(Xy) = X760 + (X /). (2.3)

When we partition X; = (U7, V;7)” and take 6 = (57,0, ---,0)” and
n=1(0,---,0,a”)7, form (2.3) becomes the generalized partially linear
form

ma(Xy) = U/ B+ (Vi ). (2.4)

Various versions of (2.3) and (2.4) have been discussed in the econo-
metrics and statistics literature. Recent studies include Hardle, Hall and
Ichimura (1993), Carroll et al. (1997), Gao and Liang (1997), Xia, Tong
and Li (1999), and Gao and King (2005).

In Sections 2.2 and 2.3 below, some detailed estimation procedures for
mq (U, Vi) and mo(Xy) are proposed and discussed extensively. Sec-
tion 2.2 first assumes that the true conditional mean function m(z) =
E[Y:|X; = z] is of the form (2.2) and develops an orthogonal series es-
timation method for the additive form. Section 2.3 then proposes an
additive marginal integration projection method to estimate form (2.1)
without necessarily assuming the additivity in (2.2).
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18 ESTIMATION IN NONLINEAR TIME SERIES

2.2 Semiparametric series estimation

In this section, we employ the orthogonal series method to estimate
each nonparametric function in (2.2). By approximating each g;(-) by
an orthogonal series Z;l:l fij(1)8;; with {fi;(-)} being a sequence of
orthogonal functions and {n;} being a sequence of positive integers, we
have an approximate model of the form

P n;
Yi=p+U B+ > fii(Vi)bij + e, (2.5)
i=1 j=1
which covers some natural parametric time series models. For example,
when Uy = U;—; and Vi; = Y;—,;, model (2.5) becomes a parametric
nonlinear additive time series model of the form
q P ng
Y = /L‘i‘ZUtflﬁl +ZZfij(}/tfi)9ij + ey (2.6)
1=1 i=1 j=1

To estimate the parameters involved in (2.5), we need to introduce the
following symbols. For 1 < i < p, let

9i = (91‘17"',9mi)77 9:(9;779;)77

F’L - F’L’n%:(FZ(Vll)v;Fl(VTZ))Ta F:(F17F27"'3Fp)7

_ 1 L - _ _

U = T;Ut, U= U -0, -, Ur-0)",

1 <& .

v = T;Yt, Y=M-Y, Y =Y),

P = F(FF)'F,U=UI-P)U,Y=(-P)Y, (2.7)
and n = (ny,---,n,)" and AT denotes the Moore—Penrose inverse of A.

Using the approximate model (2.6), we define the least squares (LS)
estimators of (3,0, 1) by

~ ~ ~ ~\T ~ ~

B = Bm=(070) 07,

§ = (FFR)TF (17—(75),

i = Y-UB (2.8)

Equation (2.8) suggests estimating the conditional mean function m(X;) =
E[Y;|X¢] by

p
A(Xyn) =+ U7 B+ Fi(Vii) 0i(n), (2.9)
i=1
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where @(n) is the corresponding estimator of 6;.

It follows from (2.9) that the prediction equation depends on not only
the series functions {f;; : 1 < j < n;,1 < i < p} but also n, the
vector of truncation parameters. It is mentioned that the choice of the
series functions is much less critical than that of the vector of truncation
parameters. The series functions used in this chapter need to satisfy
Assumptions 2.2 and 2.3 in Section 2.5. The assumptions hold when each
fij belongs to a class of trigonometric series used by Gao, Tong and Wolff
(2002a). Therefore, a crucial problem is how to select k practically. Li
(1985, 1986, 1987) discussed the asymptotic optimality of a generalized
cross—validation (GCV) criterion as well as other model selection criteria.
Wahba (1990) provided a recently published survey of nonparametric
smoothing spline literature up to 1990. Gao (1998) applied a generalized
cross—validation criterion to choose smoothing truncation parameters
for the time series case. In this section, we apply a generalized cross—
validation method to choose k and then determine the estimates in (2.9).

In order to select n, we introduce the following mean squared error:

Bn) = o 3" {(Xism) — m(X)}*. (2.10)

Let gi(mi') be the m;—order derivative of the function g; and My; be a
constant,

G, (5) = {9 o™ () = g (5)

where each m; > 1 is an integer, 0 < My; < oo and each S; is a compact
subset of R'. Let also N = {pir,pir + 1,...,qir}, in which p;r =

[adei}, gir = [b:;T%],0 < a; < b <00,0<d; <¢ < m are

< Myls— 5|, s, €S; C Rl},

constants, and [z] < z denotes the largest integer part of x.

Definition 2.1. A data-driven estimator 7 = (R1,...,7,)7 is asymptot-
ically optimal if

. D(n)A .

infpens. D(n)
where n € Np ={n = (n1,...,n,)" : n; € Nir}.

Definition 2.2. Select n, denoted by fig = (fi1g, - - -, ipa) 7, that achieves

A . . 52(n)
GCV(ng) = inf GCV(n) = inf 5
neNr neNT [1 — % Zf:l nz:l

where 52(n) = & S {V; — m(Xy;n)}°.
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We now have the following asymptotic properties for ﬁ(n) and ng.

Theorem 2.1. (i) Assume that Assumptions 2.1-2.2(i), 2.3 and 2.4
listed in Section 2.5 hold. Then

~

Dy = 2> mi + %E[ATA] + 0, (D(n). (2.11)
=1

where A =0 [Fi0; — Gi], Gi = (¢:(Vai)s -+, 9i(Vrs))™ and {F;(-)} is
as defined before.

(ii) In addition, if Assumption 2.2(ii) holds, then we have

~ 2 P p ~
D(n) = 7= Yy omi+ 3 Cn ™ o, (D)) (2.12)
=1 =1

uniformly over n € N, where 0 = Ele?] < oo and each m; is the

smoothness order of g;.

Theorem 2.2. (i) Under the conditions of Theorem 2.1(i), N is asymp-
totically optimal.

(ii) Under the conditions of Theorem 2.1(ii), we have

B
D(e) _y _ (77 (2.13)
D(ap)
and
= -1 = T .
Z = ’ op (T77), (2.14)
=1
where N p is the i—th component of ip = (M1p, ..., Npp)” that minimises

D(n) over N7, 0 < 7 =min(m — €1, T2 — €2), in which 1, = %dmim Ty =
% — 2Cmax, both €1 and €9 satisfying 0 < €1 < 11 and 0 < eg < To are

arbitrarily small, dmin = Minj<;<p d; and cmax = Maxi<i<p ;-

The proofs of Theorems 2.1 and 2.2 are relegated to Section 2.5.

We now define the adaptive and simultaneous estimation procedure as
follows:

(i) solve the LS estimator a(n),
(ii) define the prediction equation by (2.9);
(iii) solve the GCV-based n; and

iv) define the following adaptive and simultaneous prediction equation
m (X¢;nG).
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If 02 is unknown, it will be estimated by 72 (ng).

Furthermore, we have the following asymptotic normality.

Corollary 2.1. Under the conditions of Theorem 2.1(i), we have as
T — o0
VT (6%(ne) — o) — N (0, var(e?)) .

The proof of Corollary 2.1 is relegated to Section 2.5.

Remark 2.1. Theorem 2.1 provides asymptotic representations for the
average squared error D(n). See Hardle, Hall and Marron (1988) for an
equivalent result in nonparametric kernel regression. In addition, The-
orem 2.2(i) shows that the GCV based g is asymptotically optimal.
This conclusion is equivalent to Corollary 3.1 of Li (1987) in the model
selection problem. However, the fundamental difference between our dis-
cussion in this section and Li (1987) is that we use the GCV method to
determine how many terms are required to ensure that each nonpara-
metric function can be approximated optimally, while Li (1987) sugges-
ted using the GCV selection criterion to determine how many variables
should be employed in a linear model. Due to the different objectives,
our conditions and conclusions are different from those of Li (1987),
although there are some similarities.

Remark 2.2. Theorem 2.2(ii) not only establishes the asymptotic op-
timality but also provides the rate of convergence. This rate of con-
vergence is equivalent to that of bandwidth estimates in nonparametric
kernel regression. See Hérdle, Hall and Marron (1992). More recently,
Hurvich and Tsai (1995) have established a similar result for a lin-
ear model selection. Moreover, it follows from Theorem 2.2(ii) that the
rate of convergence depends heavily on d; and ¢;. Let d; = ﬁ and
c; = ﬁ +n; for arbitrarily small n; > 0. Then the rate of convergence
will be of order

min ( min { —— |, max [ —— ] | —¢
1<i<p \ 2(2m; + 3) ) 7 1<i<p \ 2(2m; + 3)

for some arbitrarily small ¢ > 0. Obviously, if each g; is continuously
differentiable, then the rate of convergence will be close to 1—10 — €. This
is equivalent to Theorem of Hurvich and Tsai (1995). As a result of the
Theorem, the rate of convergence can be close to % See also Theorem 1
and Remark 2 of Hérdle, Hall and Marron (1992).

Remark 2.3. In this chapter, we assume that the data set {(Yz, X;) : t >
1} satisfies model (2.2) and then propose the orthogonal series method to
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model the data set. In practice, before applying the estimation procedure
to model the data, a crucial problem is how to test the additivity. Some
related results for additive nonparametric regression have been given by
some authors. See, for example, Gao, Tong and Wolff (2002b).

To illustrate the above estimation procedure, we now include two simu-
lated and real examples for a special case of model (2.2) with u = 3 = 0.
Let Vi = (Via, Via, Vi)™ = (Yi_1,Yy_2, W3)7, where {W,} is to be spe-
cified below.

Example 2.1: Consider the model given by

Y, _ 1
=2, L

Y, =0.25Y; 1 +0.25——=—
t t—1+ 11YZ, &

W24 ey, t=3,4,...,T, (2.15)

where {e;} is uniformly distributed over (—0.57,0.57), Y7 and Ys are

mutually independent and uniformly distributed over [ﬁ,27‘(‘ — ﬁ],
(Y1,Y3) is independent of {e; : t > 3},
Wt = 0.25Wt,1 — 0.25Wt72 + €, (216)

in which {e;} is uniformly distributed over (—0.57,0.57), X7 and X5 are
mutually independent and uniformly distributed over [ 2m —
and (X1, X2) is independent of {e; : ¢ > 3}.

L L]
1287 28l
First, it follows from Lemma 3.1 of Masry and Tjgstheim (1997) that
both the stationarity and the mixing condition are met. See also Chapter
4 of Tong (1990), §2.4 of Tjgstheim (1994) and §2.4 of Doukhan (1995).
Thus, Assumption 2.1(i) holds. Second, it follows from (2.15) and (2.16)
that Assumption 2.1(ii) holds immediately. Third, let

g1(z) = 0.25z,
x
= 025 ——=
92(1‘) 14 22’
1
gs(x) = gﬁ. (2.17)

Since {g; : 1 < i < 3} are continuously differentiable on R', there
exist three corresponding periodic functions defined on [0, 27] that are
continuously differentiable on [0, 27] and coincide with {g; : 1 < i < 3}
correspondingly (see Hong and White 1995, p.1141). Similarly to §3.2 of
Eastwood and Gallant (1991), we can show that there exist the following
three corresponding trigonometric polynomials

n1
giw) = Y sin(jz)by;,
j=1
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g5(x) = ) sin(jz)byy,
=1

g5(x) = icos(jx)ﬁgj (2.18)

such that Assumptions 2.2(i) and 2.2(ii) are satisfied and the same con-
vergence rate can be obtained as in the periodic case. Obviously, it fol-
lows from (2.18) that Assumption 2.2(i) holds. Fourth, Assumption 2.3
is satisfied due to (2.18) and the orthogonality of trigonometric series.
Finally, Assumption 2.4 holds due to the fact that sup,~, |Y;| < 2.

We now define g7, g5 and g3 as the corresponding approximations of g;,
g2 and g3 with

1 1 d; c;
1’€S—|:128,2’/T_128:| andhleMT—{[(llT ],...7[blT ]},
(2.19)
in which i = 1,2, 3,
1 2m; — 1
P = and ¢; = + .
2m; + 3 2m; + 3 6(2mi + 3)

In the following simulation, we consider the case where a; = 1, b; = 2
and m; =1 for i =1,2,3. Let

Fi(z) = (sin(z),sin(2x),...,sin(n2))7,
Fy(x) = (sin(z),sin(2z),...,sin(nqz))",
F3(x) = (cos(z),cos(2x),...,cos(nzx))”.

For the cases of T' = 102, 252,402, 502, and 752, we then compute ﬁ(n)7
5%(n), GCV(n) and the following quantities: for i = 1,2, 3,

5 o 5
di(Ric,ip) = —2 1, dy(Rg,fip) = A(ZLG) 1
niD D(’ILD)
1 R )
ASE;(fig) = NZ{FM (hc)fgi(Zm-)},
n=1
1 N 3 2
ASE4(Rg) = NZ{Z i (Zni emlg—gi(Zm))}7
n=1 \i=1
VAR(ﬁG) = |82(ﬁ0) o'

where N = T — 2, 0 = T = 0.822467, fig = (R1c, 2, 136)"s Zn1 =
Kl-i-la Zn2 =Y, and Zn3 = W7L+2~
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The simulation results below were performed 1000 times and the means
are tabulated in Table 2.1 below.

Table 2.1. Simulation Results for Example 2.1

N 100 250 400 500 750

Nir (1,...5) {1...6} {1,...6} {1...6} {1...7}
dl(;l\lG,ﬁlD) 0.10485 0.08755 0.09098 0.08143 0.07943

d2(n2¢,n2p)  0.11391 0.07716 0.08478 0.08964 0.07983

ds(nsg,nsp)  0.09978 0.08155 0.08173 0.08021 0.08371

dsa(ng,np) 0.32441 0.22844 0.24108 0.22416 0.22084

ASE: (ng) 0.03537 0.01755 0.01123 0.00782 0.00612

ASE:(ng) 0.02543 0.01431 0.00861 0.00609 0.00465

ASEs(ng) 0.02507 0.01348 0.00795 0.00577 0.00449

ASE4(ne) 0.06067 0.03472 0.02131 0.01559 0.01214

VAR(ng) 0.05201 0.03361 0.01979 0.01322 0.01086

Remark 2.4. Both Theorem 2.2(ii) and Table 2.1 demonstrate that the
rate of convergence of the GCV based d; for 1 < i < 4 is of order T-15.
In addition, the simulation results for ASE;(7¢) given in Table 2.1 show

that when n; is of order T%, the rate of convergence of each ASE; is of
4
order T75.

Example 2.2: In this example, we consider the Canadian lynx data.
This data set is the annual record of the number of Canadian lynx
trapped in the MacKenzie River district of North—West Canada for the
years 1821 to 1934. Tong (1976) fitted an eleventh-order linear Gaussian
autoregressive model to Y; = log;y{number of lynx trapped in the year
(1820 + t)} for t = 1,2,...,114 (T = 114). It follows from the definition
of {V;,1 <t < 114} that all the transformed values {Y; : t > 1} are
bounded.

We apply the above estimation procedure to fit the real data set listed in
Example 2.2 by the following third—order additive autoregressive model
of the form

Yi=g1(Yeo1) + 92(Ye2) + 93(Yi—3) + e, t =4,5,...,T, (2.20)

where {g; : i = 1,2,3} are unknown functions, and {e;} is a sequence of
independent random errors with zero mean and finite variance.
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Similarly, we approximate g1, g2 and g3 by

Zflj 91]7 92 ZfQj 02ja 93 Zf3] 03]a

(2.21)
respectively, where f1;(u) = sin(ju) for 1 < j < nq, fa;(v) = sin(jv) for
1 < j < ng, f3j(w) =cos(jw) for 1 < j < ng, and

By € Ny = {[1°%] ..., [21%]}.

Our simulation suggests using the following polynomial prediction

o~ o~ o~

niG n2G n3G
= ZSin(j}/t—l)elj + Zsin(th_g)ng + ZCOS(j}/Ig_g)eg,j, (2.22)
j=1 j=1 j=1

where N1 = 5, Nag = N3g = 6, and the coefficients are given in the
following Table 2.2.

Table 2.2. Coefficients for Equation (2.22)

01 =(611,...,015)7 b2 = (021,...,026)7 O3 =(031,...,03)"

11.877 -2.9211 -6.8698
18.015 -5.4998 -7.8529
10.807 -4.9084 -7.1952
4.1541 -3.1189 -4.8019
0.7997 -1.2744 -2.0529

-0.2838 -0.4392

The estimator of the error variance was 0.0418. Some plots for Example
2.2 are given in Figure 2.1 of Gao, Tong and Wolff (2002a).

Remark 2.5. For the Canadian lynx data, Tong (1976) fitted an eleventh—
order linear Gaussian autoregressive model to the data, and the estimate
of the error variance was 0.0437. Figure 2.1 shows that when using equa-
tion (2.20) to fit the real data set, the estimator of g; is almost linear
while the estimators of both go and g3 appear to be nonlinear. This find-
ing is the same as the conclusion reached by Wong and Kohn (1996),
who used a Bayesian based iterative procedure to fit the real data set.
Their estimator of the error variance was 0.0421, which is comparable
with our variance estimator of 0.0418. Moreover, our estimation proced-
ure provides the explicit equation (2.22) and the CPU time for Example
2.2 just took about 2 minutes. By contrast, Wong and Kohn (1996) can
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only provide an iterative estimation procedure for each g; since their
approach depends heavily on the Gibbs sampler.

Remark 2.6. Both Examples 2.1 and 2.2 demonstrate that the explicit
estimation procedure can not only provide some additional information
for further diagnostics and statistical inference but also produce mod-
els with better predictive power than is available from linear models.
For example, model (2.22) is more appropriate than a completely linear
model for the lynx data as mentioned in Remark 2.2. Moreover, model
(2.22) not only can be calculated at a new design point with the same
convenience as in linear models, but also provides the individual coeffi-
cients, which can be used to measure whether the individual influence
of each Y;_34; for i = 0,1,2 can be negligible.

This section has assumed that the true conditional mean function is of a
semiparametric additive model of the form (2.2) and then developed the
orthogonal series based estimation procedure. As discussed in the next
section, we may approximate the true conditional mean function by the
additive form (2.2) even if the true conditional mean function may not
be expressed exactly as an additive form.

2.3 Semiparametric kernel estimation
As mentioned above (2.1), we are approximating the mean function
m (U, Vi) = E[Y;|Ut, V4] by minimizing

EY; —my(Up, V) = E[Y; — u— UJ B — g(V3)]? (2.23)

over a class of functions of the form my (U, Vi) = u+ U7 8 + g(V;) with
E[g(V;)] = 0. Such a minimization problem is equivalent to minimizing

Bl —p—U7B =g = B [E{(Yi — p— U78 - g(Vi))* |Vi}]
over some (u, 3, g). This implies that g(V;) = E[(Y: — u — U] 3)|V4] and
w= E[Y; — U] 5] with 8 being given by

B = 5B ((U, - BUVA) (¥ — EYi|Vi) (2.24)

provided that the inverse S~ = (E [(U; — E[U|Vd]) (Uy — E[U|Vi])"]) ™"
exists. This also shows that mq(Uy, V;) is identifiable under the assump-
tion of E[g(V})] = 0.

We now turn to estimation assuming that the data are available for
(Y;,Ug, Vi) for 1 < t < T. Since the definitions of the estimators to
be used later are quite involved notationally, we start by outlining the
main steps in establishing estimators for u, 8 and ¢(-) in (2.1) and then
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gi(+),l=1,2,---,pin (2.2). In the following, we give an outline in three
steps.

Step 1: Estimating p and g(+) assuming g to be known.
For each fixed 8, since p = EY;]| — E[U] 5] = py — pf; 3, the parameter

1 can be estimated by i(8) = Y — U 3, where uy = E[Y], po =
(o) = B0 Y = 3 £, Yeand U = £ 0, Ure
Moreover, the conditional expectation
g9(x) = g(x,0) = E[(Yo —p—UB)|Vi = x]
— E(Yi- ElY)] - (U, - B0 BV, =] (225)
can be estimated by standard local linear estimation (Fan and Gijbels
1996) with gr(z, 8) = ao(0) satisfying

(ao(B), a1 (B)) = arg(amal)nelilr%lxRp (2.26)

T
X Z (f’t — U[B —ag—aj (Vs — x))th(x,b),
t=1

where Y; = Y; - Y, U; = (Ut(l), ---,Ut(q))T = U, — U and K;(x,b) =

P K (V“T?g”), with b =br = (b1, -+, by), by = by, r being a sequence
of bandwidths for the I-th covariate variable V;;, tending to zero as T
tends to infinity, and K (-) is a bounded kernel function on R'.

Step 2: Marginal integration to obtain gi,---, g, of (2.2).

The idea of the marginal integration estimator is best explained if g(+)
is itself additive, that is, if

gVi) =gV, -, Vi) = Zgz(vtl)
=1

Then, since E [g; (V)] =0for l=1,---,p, for k fixed
gk(xk) = E[g(‘/;‘/17"'7$ka"'7‘/;‘/p)] .

An estimate of g is obtained by keeping V;j fixed at zj and then taking
the average over the remaining variables Vi1, -+, Vyk—1), Vik+1)> -5 Vip-
This marginal integration operation can be implemented irrespective
of whether or not ¢(-) is additive. If the additivity does not hold, the
marginal integration amounts to a projection on the space of additive
functions of Vy;,l =1, -- -, p taken with respect to the product measure of
Vu,l=1,---,p, obtaining the approximation g, (z, 3) = >_1_; Pr.u(Vi, B),
which will be detailed below with § appearing linearly in the expression.
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In addition, it has been found convenient to introduce a pair of weight
functions (wg,w(_y)) in the estimation of each component, hence the
index w in P, ,,. The details are given in Equations (2.32)—(2.36) below.

Step 3: Estimating S.

The last step consists in estimating 3. This is done by weighted least
squares, and it is easy since [ enters linearly in our expressions. In fact,
using the expression of g(x,3) in Step 1, we obtain the weighted least
squares estimator 3 of 3 in (2.34) below. Finally, this is re-introduced
in the expressions for i and P resulting in the estimates in (2.35) and
(2.36) below. In the following, steps 1-3 are written correspondingly in
more detail.

Step 1: To write our expression for (ao(8), a1(8)) in (2.26), we need to
introduce some more notation.

Xt = Xt(x;b) = <(%1b: x1)7 Ty (‘/tpb_ xp)) )
P

and let b, = p: b;. We define for 0 <y, l5 < p,

— 1 Z (Xi(x,b),, (Xi(w,b), Ki(z,b),  (2.27)
t=1

where (X;(z,b)); = M for 1 <1 < p. We then let (X;(z,b))o =
and define

T
Ara(B) -1 Z( ) (Xo(2,b)), Ki(z,b)  (2.28)

t=1
and where, as before, Yi =Y, —Y and Ut =U,-U.
Note that Ap;(3) can be decomposed as

q
AT,l(ﬁ) :)\’(]E)’)Z_Zﬁs)\’(jf’)[a fOI‘l:(),l,"',p, (229)
s=1

in which AL} = AY)(2,0) = (Tby) ™ Y, Ve (Xe(x,b)), Ke(x,b),

AZ) = A (@, b) = ZUH (Xi(2,b)), Koz,b), 1<s<q.

We can then express the local linear estimates in (2.26) as

(0(B),a1(8) © b)" = T3"Ar(B), (2.30)
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where ©® is the operation of the component-wise product, i.e., a; ® b =

(anbl, cee ,alpbp) for a]; = (&11, sy, alp) and b = (bl, Ty bp),
A10(5) yro0 701
An(B) — : I — , ’ 2.31
T(ﬁ) ( AT,I(ﬁ) ) T FT,IO FT,ll 9 ( )

where I'rj10 = I'} g = (yr01, -+, yr0p)” and I'pqq is the p x p matrix
defined by vr, 1, with l1,lo =1, ---, p, in (2.27). Moreover, A1 1(8) =
Ar1(8)s .., Arp(8))” with Ap(8) as defined in (2.28). Analogously for
A7, we may define Ag&n and A®) in terms of A9 and A\(®). Then taking
the first component with ¢ = (1,0,---,0)” € R*P,

gr(z;8) = ¢TiMa)Ar(z,B)
= T Zﬁ T (2)AY (2)
= Hé‘”(x)—ﬂfHT(x),

where Hp(z) = (H{ (z), -+, H{?(2))7 with HY (2) = ¢ T7' (2)A®) (2),
1 < 5 < g. Clearly, H(S)( ) is the local linear estimator of H)(z) =
E [(Ut(s) (S)) Vi = x} 1<s<q.

We now define Ut(o) =Y and ug)) = py such that HO(z) = E[(U” —
p Vi = @] = E[Y; — py|Vi = 2] and H(z) = (HV(2), ---, H9 ()" =
[(Ut uo)|Ve = z]. Tt follows that g(x,3) = H©®(z) — 7 H(x), which

equals g(x) under (2.1) irrespective of whether g itself is additive.

Step 2: Let w(_)(-) be a weight function defined on RP™! such that
E [w(,k)(Vt(*k))} =1, and wy(zx) = I_1,, 1, (z) defined on R' for
some large L; > 0, with

‘/;t(ik) = (‘/1517 Tty ‘/t(kfl)a ‘/t(k+1)7 Ty ‘/tp)>
where I4(z) is the conventional indicator function. In addition, we take

‘/t(xk) = (‘/tla ) ‘/t(k—l)vxkﬂ ‘/t(k:-‘rl)a ) ‘/tp)
For a given (3, consider the marginal projection

Pl 8) = B |gWi(wn): Ay (V)| welw). (232)

It is easily seen that if g is additive as in (2.2), then for —L; < x3 <
Ly, Py y(xk,8) = gx(zx) up to a constant since it is assumed that
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E [w(,k)(\/t(*k))} = 1. In general, gq(z,8) = Y7 Piw(z, ) is an ad-
ditive marginal projection approximation to g(x) in (2.1) up to a con-
stant in the region € [[}_,[—Li, L;]. The quantity Py (2, 3) can then
be estimated by the locally linear marginal integration estimator

T
Prow(, B) = T*Zgﬂvt(:ck);ﬂ) wiry (VM) wean)
= Pl(a) ZﬂsP< = B (wn) = BT, (1),

where p,gjw(xk) = (P,Elil(xk), s P,i?g}(xk))T, in which

is the estimator of

P @n) = B [HO (Vi(w))w (VJ"“))] wi ()

T

for 0 < s < ¢ and P]gw(xk) = ( pWY a(@r), -, P(q) (wk)) is estimated
by PV, (k).

We add the weight function wg(xx) = I|_r,, ,)(z%) in the definition of

P,E?}(xk), since we are interested only in the points of x € [—Ly, Ly]
for some large L. In practice, we may use a sample centered version of
P,gsgj(xk) as the estimator of P,gs) (z). Clearly, we have

,W

Pyw(x, ) = PO (ar) — B7 PV, (x0).

Thus, for every 3, g(x) = g(z,3) of (2.1) (or rather the approximation
ga(z, B) if (2.2) does not hold) can be estimated by

p p
9z, B) = Zﬁ w1, B ZP( J(w) — BT PU(ar).  (2:33)
=1 =1

Step 3: We can finally obtain the least squares estimator of § by

~

i - argﬁrgmz(yt 0765 0))
= o min 3 (v - ((7;)7 5)2, (2.34)
t=1
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where Y;* = Y, — - ]5;?3(1/,51) and U; = U0, I%Uw(th) Therefore,

T -1 T
EZ (Z ﬁt* (ﬁt*) ) <Z ﬁ*ﬁf) and =Y — /@TU (2.35)
t=1 t=1

We then insert 3 in ao(8) = Gm,n(x,B) to obtain do(B) = Qmm(a:,g).
In view of this, the locally linear projection estimator of Py(x) can be
defined by

~

=N T
Prwlwi) = = 3 ar(Vilen): B) wew (V9) (236)
t=1

and for x, € [—Lg, L] this would estimate gx(xy) up to a constant when
(2.2) holds. To ensure E[gx(Vix)] = 0, we may rewrite

Gk (zK) = Prw(xk) — fip(k)
for the estimate of gy (zx) in (2.2), where fip(k) = % S°7_, Pr.w(Vig).
For the proposed estimators, B, and ?k,w(')» we establish some asymp-
totic distributions in Theorems 2.3 and 2.4 below under certain technical
conditions. To avoid introducing more mathematical details and symbols

before we state the main results, we relegate such conditions and their
justifications to Section 2.5 of this chapter.

We can now state the asymptotic properties of the marginal integration
estimators for both the parametric and nonparametric components. Let

U = U — o — Y Pl (Va), Y = Ys — py — S0, P9)(Vy) and
R, = Uf (Y = Uf™p).

Theorem 2.3. Assume that Assumptions 2.5-2.9 listed in Section 2.5
hold. Then as T — oo
VT [(B = 8) = 1] —p N(0,) (2.37)
: vyl vyl voy—1\"
with pg = (B ) up and g = (B ) Yp ((B ) ) , where
BYY = E[UFU}"), up = E[Ro] and £ = E[(Ro — ug) (Ro — u)"].
Furthermore, when (2.2) holds, we have
—1 —1\7
=0 and = (BYY) ' (BUY) ) (2.38)

where g = E[RoRj] with Ry = Ujey, and &y = Yy — m (U, Vi) =
Yi—p—=UiB—gV).
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Remark 2.7. Note that

p P
E:PM‘QV#TEZHﬁWM = > (AW - 57 (Vi)

=1 1

~

I
M=

-Pl,w(‘/tlvﬁ) = ga(‘/tw@)'

~

1

Therefore Y, — U8 = e + 9(V) — 94(V, B), where g(V;) — ga(V2, 5)
is the residual due to the additive approximation. When (2.2) holds, it
means that g(V;) in (2.1) has the expressions

p p
= Zgl(vﬂ) = Prw(Vi, 8) = ga(Vi, B)
1=1 1=1

imizes L(3) = Em my (U, V))?, we have L'(8) = 0 and E [e,U}] =
E[ei; (U — E[U¢|V4])] = 0 when (2.2) holds. This implies E [R;] = 0
and hence pg = 0 in (2.37) when the marginal integration estimation
procedure is employed for the additive form of g(-).

and H(V;) = Y7_, PP, (Vi), and hence Y;* — U™ = . As § min-

In both theory and practice, we need to test whether Hy : 3 = 3y holds
for a given By. The case where By = 0 is an important one. Before we
state the next theorem, some additional notation is needed. Let

T P
~ 1 = 5> 5 &
B - LGy 7= 2y v
t=1 =1
1 T N =N R ~\T N
%-T;&’&_W@?WW))’
—~ A NP ANRES AR

in which 5 is a consistent estimator of B, defined simply by

$, | FXa(Re—ip)(Ry — ip)" if (2.1) holds,
LT RRY if (2.2) holds.

It can be shown that both fig and EA]ﬁ are consistent estimators of g
and X3, respectively.

We now state a corollary of Theorem 2.3 to test hypotheses about (.

Corollary 2.2. Assume that the conditions of Theorem 2.8 hold. Then
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asT — o

ST [(B-8)~fis| —p NI,
T[G-8)-7s) S5t [G-8)-7s] —p X
Furthermore, when (2.2) holds, we have as T — oo,
S,T (B-8) —p N(O1,),
(VIG-9) S5' (VIG-9) - X

The proof of Theorem 2.3 is relegated to Section 2.5 while the proof of
Corollary 2.2 is straightforward and therefore omitted.

Next we state the following theorem for the nonparametric component.

Theorem 2.4. Assume that Assumptions 2.5-2.9 listed in Section 2.5
hold. Then for x), € [—Lg, L],

VT by (ﬁk,w(xk) — Powlzr) — biaslk) —p N(0,var),  (2.39)

where

. 1 _ _yy 0%9(z, _
binsy = 517 () [ () iy o) LB a0
and
B [ @ETN fem @2
varyg = J/V(:U,ﬂ) (@) dz

with J = [ K?*(u)du, p2(K) = [w?K (u)du,
and V(z,8) = E [ (Vi — = 25,8 - g(w,9)” | Xiy = 2.

Furthermore, assume that (2.2) holds and that E [w(,k)(XZ-(;k))} =1

Then as T — oo

\/ T bk (/g\k(xk) — gk(xk) — biaSQk) —D N(O,V&I‘gk), (240)
where
. 1 O?gi (s,
biaser = 51)% /J,Q(K)ax(]%>7
[w(—g) (@R f gy (2]

dze(—®

varg, = J/V(x,ﬂ) @)
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. 2
with V(z,8) = FE [(Yij —p =256 — >0 gr(xk))” | Xy = m}

The proof of Theorem 2.4 is relegated to Section 2.5. Theorems 2.3
and 2.4 may be applied to estimate various additive models such as
model (2.2). In the following example, we apply the proposed estimation
procedure to determine whether a partially linear time series model is
more appropriate than either a completely linear time series model or a
purely nonparametric time series model for a given set of real data.

Example 2.3: In this example, we continue analyzing the Canadian lynx
data with y; = log;,{number of lynx trapped in the year (1820+1¢)} for
t=1,2,..,114 (T = 114). Let ¢ = p = 1, Uy = y4—1, Vi = y1—2 and
Y; = y; in model (2.1). We then select y; as the present observation and
both y;—1 and y;_o as the candidates of the regressors.

Model (2.1) reduces to a partially linear time series model of the form
Yr = Byi—1 + g(yi—2) + ex. (2.41)

In addition to estimating 8 and g(-), we also propose to choose a suitable
bandwidth h based on a nonparametric cross—validation (CV) selection
criterion. For ¢ = 1,2, define

gi,t(') = ﬁi,t(',h)
T S
1 Zs:S,S;ﬁtK< yh 2) Ys+1—i

= 2.42
- S . e

where 754 (-) = 725 ZZ:&S#K ('_y;*z).

We now define a new LS estimate 3(h) of 8 by minimizing

T-3
Z {yt — BYi—1 — §1,t(yt—2) - 552,t(yt—2)}2 .
t=1

The CV selection function is then defined by
T
1 ~ R ~ 2
V() = == 3" {v = [Fhys + Guale2) — B)Gaa(mi2)] } -
=3
(2.43)
For Example 2.3, we choose

22

1 ;
K(z) = me‘? and Hyyy = [0.3-1147%,1.1-11475].

Before selecting the bandwidth interval Hy14, we actually calculated the
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following CV function CV(h) over all possible intervals. Our compu-
tation indicates that Hiy4 is the smallest possible interval, on which
CV(h) can attain their smallest value. Similarly, we conducted a sim-
ulation study for the case where K is a uniform kernel before choos-
ing the standard normal kernel. Our simulation results also show that
for the lynx data, nonparametric normal kernel estimation procedures
can provide more stable simulation results. Example 3 of Yao and Tong
(1994) also suggests using the standard normal kernel in the nonpara-
metric fitting of the lynx data.

Through minimising the CV functions CV (h), we obtain CV(EC) =
infrep,,, CV(h) = 0.04682. The estimate of the error variance of e,, was
0.04119. In comparison, the estimate of the error variance of the model
of Tong (1976) was 0.0437, while the estimate of the error variance of
the model of Wong and Kohn (1996) was 0.0421, which is comparable
with our variance estimate of 0.04119. Some plots for Example 2.3 are
given in Figure 2.1 of Gao and Yee (2000).

For the lynx data set, when selecting y;_1 and y;_o as the candidates of
the regressors, our research suggests using the prediction equation

@\t = 1.354 Yi—1 + ’gvl(yt72)7 t= 3747 KRN (244)

where N R
91(yi—2) = 91 (yi—2, hc) — 1.354 G2 (yi—2, he)

and

22;3 K (%—2;?/372) Ys1—i

25:3 K (yt—2;yu—2)

in which i = 1,2 and ke = 0.1266. The research by Gao and Yee (2000)
clearly shows that g;(-) appears to be nonlinear.

9i(yi—2,h) =

3

2.4 Semiparametric single—index estimation

Consider a semiparametric single-index model of the form

where {X;} is a strictly stationary time series, both § and 7 are vec-
tors of unknown parameters, ¥(-) is an unknown function defined over
R!, and {e;} is a sequence of strictly stationary time series errors with
Ele:|X¢] = 0 and E[e?|X; = x] = 0%(x) when our interest is on the es-
timation of the conditional mean function. Throughout this chapter, we
assume that there is some positive constant parameter ¢ > 0 such that
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P (0%(X;) = 0?) = 1. As pointed out in Xia, Tong and Li (1999), model
(2.45) covers various special and important cases already discussed ex-
tensively in the literature.

In order to estimate the unknown parameters and function involved in
(2.45), we introduce the following notation:

Y1y (u) EY | X{n=u], to(u) =E[Xe|X[n=1],
Wmn) = E[(Xy—2(X{n) (Xe — ¥y (X{0))"],
Vin) = E[(X¢—tey(X{n) (Ve — 1,y (X{0)7],
S0,n) = EY:—¢1,(X{n) =07 (Xy —h2n(X[m)].  (2.46)

The following theorem shows that model (2.45) is identifiable under some
mild conditions; its proof is the same as that of Theorem 2 of Xia, Tong
and Li (1999).

Theorem 2.5. Assume that () is twice differentiable and that the
marginal density function of {X:} is a positive function on an open
convex subset in R%. Then the minimum point of S(6,n) with 8 L n
is unique at n and § = 0, = Wt(n)V(n), where 8 L n denotes that 0
and n are orthogonal and W (n) is the Moore—Penrose inverse.

We now start to estimate the identifiable parameters and function. Let
X C R' be the union of a number of open convex sets such that the
marginal density, 7(:), of {X;} is greater than M > 0 on X for some
constant M > 0. We first estimate 11,,(-) and 9, (-) by

theX f(h(XtTW —u)Y;
ZX,,eX Kp(X[n—u)
ZX exX Kn(X7n —u)X,

Doglu) = ZXeexTh , (2.47)
* > xex Kn(Xin—u)

where K, (-) = f((/h)7 K(-) is a kernel function, and h is a bandwidth
parameter. Let

{/;177(’“) =

Yo = Yi—0,(X7n), Xey =X —thoy(X]n),
~ ~ 2
Sr(0.mh) = 3 (Yt,,—X{ne) : (2.48)
XeXx

By minimising St(0,n;h) over (6,71, h), we may find the least—squares
type of estimators for the parameters. First, given (7, h), the correspond-
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ing estimator of 6 is given by

+
- (Z )”(mf(gn> > XinYan. (2.49)

Xex XeXx

We then estimate (1, h) by (7, h) through minimising

Setnh)= Y (Voy = Kgfn ) (250)

X, eX

The nonparametric estimator of (-) is finally defined by
D) = Dy () — Dy ()0, B). (2.51)
When 02 = Ele?] is unknown, it is estimated by
o 1~ 1 © oA a2
XieX
where T = #{X,: X, € X}.

To establish the main theorem of this section, we need to introduce the
following notation:

AlT(W) = ZthZZJ t77 €t, A2T Zth‘fh

R o
Bin) = EB[%nX], BQ<n>:E[)?mX;,w'(Xgn>],
By(n) = B |[Xu X7, /(X7

Ciln) = var [Aar(n) ~ Ba()BY () Avr ()]

Cal) = zvar [Aur() ~ BB () der(n)] . (259)

and C3 = F [(e% — 02)2}.

Theorem 2.6. Assume that Assumption 2.10 listed in Section 2.5 holds.
Then as T — oo

ﬁ(’é—e) —p N (0,Cf (),
VTGi—n —p N(0,Cf®),

o~

ﬁ(&“' —0?) —p N(0,C3), hﬁ —p 1, (2.54)
0
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where hg is the theoretically optimal bandwidth in the sense that it min-
1mizes )

MISE(h) = / E [an) 71/)(:17777)} (z)dz.
In addition,

o~

sup | (™) — (1:777)‘ =0 ( T3 log(T)) almost surely.
TeEX

Before the proof of Theorem 2.6 is given in Section 2.5, we examine the
finite—sample performance of Theorem 2.6 in Example 2.4 below.

Example 2.4: Consider a nonlinear time series model of the form
yr = 0.3z, + 0.4z + e—2(0.8$t_0.6$t71)2 +0.1¢; (2.55)

with z; = 0.8z4—1 + & + 0.5;_1, where {¢;} and {{;} are mutually
independent random errors drawn from N(0,1). Model (2.55) may be
written as

yr = Acos(O)zy + Asin(Q)zp_q + e 2En(Qre—cosOQze-)* 4 0 1¢, (2.56)
with o = 0.6435 and A = 0.5.
For sample sizes n = 50, 100 and 200, the simulation was replicated

500 times. We choose X such that (0.8, —0.6)z € [-1.5,1.5], where x

is a vector, and use the Epanechnikov kernel. We minimize St (7, h)
within a € [0.2,1.3], n = (cos(¢), —sin(¢))™ and h € [0.01,0.2]. Table
2.3 provides the estimates of ¢, 8 and 7.

Table 2.3. Means and Standard Deviations, in parentheses, of
Estimators for Different Sample Sizes T’

T 3 0

50 0.6414 (0.0338) 0.2993 (0.0058)
0.4008 (0.0084)

100 0.6442 (0.0076)  0.3002 (0.0041)
3.9970 (0.0042)

200 0.6436 (0.0040) 0.2999 (0.0027)
0.4000 (0.0033)

Table 2.3 is taken from the first part of Table 1 of the paper by Xia,
Tong and Li (1999). Some other results have also been included in the

paper.
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2.5 Technical notes

Before we complete the proofs of the theorems, we first need to introduce
the following assumptions and definitions.

2.5.1 Assumptions

Assumption 2.1. (i) Assume that the process {(X;,Y;) : 1 <t < T}
is strictly stationary and a—mixing with the mixing coefficient a(T") <
C’anT, where 0 < C, < 00 and 0 < 1 < 1 are constants.

(i) Let e = Y; — E[Y;| X:]. Assume that {e;} satisfies for all ¢ > 1,
Eles|Q%_1] =0, E[e}|Q:_1] = Ele}] and Ele} 1] < oo

almost surely, where Q; = o{(Xs41,Ys) : 1 < s < t} is a sequence of
o—fields generated by {(Xs41,Ys): 1 <s <t}

Assumption 2.2. (i) For g; € G,,,(S;) and {f;;(:) : 7 =1,2,...} glven
above, there exists a vector of unknown parameters 0 = (0i1,...,0in;)"
such that for a sequence of constants {B; : 1 < i < p} (0 B < 00
independent of T') and large enough T'

sup |Fi(x:)70; — gi(x;)| < Bin; ™Y (2.57)
T, ES;

uniformly over n; € N;7 and 1 < i < p, where N;r = {pir,pir +
1,...,qr}, in which p;r = [a;T%], qir = [0:T%], 0 < a; < b; < 00,
0<d; < < m are constants, and [z] < x denotes the largest
integer part of z.

(ii) Furthermore, there exists a sequence of constants {C; : 1 < i < p}
(0 < C; < oo independent of T') such that for large enough T

;"D B (B (Vi) 0 — 0:(Vis) ) ~ G (2.58)

uniformly over h; € M;7 and 1 < i < p, where the symbol “ ~ ” indicates
that the ratio of the left—hand side and the right—hand side tends to one
as T' — oo.

Assumption 2.3. (i) {F;} is of full column rank n; € N;r as T large
enough, {f;; : 1 < j < n;,1 < i < p} are continuous functions with
Sup,, SUp; ;> |fij(x)] < co < o00.

(ii) Assume that for all 1 <i,j <pand s #t¢
Efij(Xsi) fij(Xe)] =0
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and for all t > 1

¢z ifi=landj=m
E [ i(X1a) fim (Xur)] = { 0 if (i,,1,m) e]IJLM

where IJLM = {(i,j,l,m) : 1 <, <p,1 <j<n;1l <m< ny}—
{(4,4,I,m) :1<i=1<p,1<j=m<n;}.

Assumption 2.4. There are positive constants {C; : ¢ > 1} such that
fori=1,2,...
sup B(|Y;|!|X; = 2) < C; < .
xT

Assumption 2.5. Assume that the joint probability density function
ms(vy, -+, vs) of (Viy, -+, V4,) exists and is bounded for s = 1,---,2r—1,
where 7 is some positive integer such that Assumption 2.6(ii) below
holds. For s = 1, we write 7(v) for 71 (v1), the marginal density function
of V;.

Assumption 2.6. (i) Let U = Uy — py — Yy P, (Va) and BYY =
E[U; (UF)"]. The inverse matrix of BYU exists. Let Y* = Y; — uy —

? PVy) and R, = Uy (Y — U;™3). Assume that matrix p =
E[(Ry — pp)(Ry — pp)7] is finite.

(ii) Suppose that there is some A > 2 such that E [[Y;|*"] < oo for 7 as
defined in Assumption 2.5.

Assumption 2.7. (i) The functions g(-) in (2.1) and g;(-) for 1 <1 < pin
(2.2) have bounded and continuous derivatives up to order 2. In addition,
the function g(+) has a second-order derivative matrix g’ (-) (of dimension
p X p), which is uniformly continuous on RP.

(i) For each k, 1 < k < p, the weight function {w(_z)(-)} is uni-
formly continuous on R?~! and bounded on the compact support S&_k)
of w(_k)('). In addition, F [w(_k) (Xi(j_k)>] = 1. Let Sw = Swyi =

S5 % [~ Ly, Li] be the compact support of W(z) = W(z(=*) ;) =
wi_py (2 I_p, 1(2k). In addition, let inf,cg,, m(z) > 0 hold.

Assumption 2.8. K(z) is a symmetric and bounded probability density
function on R with compact support, Ck, and finite variance such that
|K(z) — K(y)| < M|z —y| for z, y € Cx and 0 < M < oo.

Assumption 2.9. (i) Let b, be as defined before. The bandwidths sat-
isfy
2(r—1)a+2(Ar—2)

lim max b; =0, lim Tb}fz/r = oo and lim inf T, ©“™*
T—oo 1<I<p T—o0 T—o0

>0
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for some integer r > 3 and some A > 2 being the same as in Assumptions
2.5 and 2.6.

Assumption 2.10. (i) The functions ¥, (u), ¥1,(u), Y2,(v) and m,(u)
have bounded, continuous second derivatives on Y = {u = 2"n : x €
R"}, where 7, (u) is the marginal density function of u = z77.

(ii) There is some constant ¢, > 1 such that ¢! < 7(x) < ¢, for all

z € X. In addition, 7(x) has bounded second derivative on z € X.

iii) For each given 7, the conditional density functions fxr,,(u,v) and
g n 77l
f(X{r,X{n)Km,vz)(Ul»UZ|U17Ul) are bounded for all [ > 1.

(iv) K(-) is supported on the interval (—1,1) and is a symmetric prob-
ability density function with a bounded derivative. Furthermore, the
Fourier transformation of K (-) is absolutely integrable.

Assumption 2.1 is quite common in such problems. See Doukhan (1995)
for the advantages of the geometric mixing. However, it would be pos-
sible, but with more tedious proofs, to obtain Theorems 2.1-2.3 un-
der less restrictive assumptions that include some algebraically decaying
rates. If {e;} is i.i.d. and {e;} is independent of {X;}, then Assumption
2.1(i) requires only that the process {X;} is strictly stationary and o-
mixing, and Assumption 2.1(ii) yields Ele;] = 0 and Ele}] < oo. This is
a natural condition in nonparametric autoregression. See, for example,
Assumption 2.1 of Gao (1998). For the heteroscedastic case, we need to
modify both Assumptions 2.1(i) and 2.1(ii). See, for example, Conditions
(A2) and (A4) of Hjellvik, Yao and Tjgstheim (1998).

Assumption 2.2(i) is imposed to exclude the case that each g; is already
a linear combination of {f;; : 1 < j < k;}. For the case, model (2.2) is
an additive polynomial regression. The choice of k; is a model selection
problem, which has already been discussed by Li (1987). The purpose
of introducing Assumptions 2.2(i) and 2.2(ii) is to replace the unknown
functions by finite series sums together with vectors of unknown param-
eters. Equation (2.57) is a standard smoothness condition in approx-
imation theory. See Corollary 6.21 of Schumaker (1981) for the B-spline
approximation, Chapter IV of Kashin and Saakyan (1989) for the tri-
gonometric approximation, Theorem 0 of Gallant and Souza (1991) for
the flexible Fourier form, and Chapter 7 of DeVore and Lorentz (1993)
for the general orthogonal series approximation. If Assumption 2.2(ii)
holds, then (2.58) is equivalent to

Py / Fuws)0; — gi(ud)2 pi(us)dus ~ Cry (2.59)

where {p;(u;)} denotes the marginal density function of V;;. Equation
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(2.59) is a standard smoothness condition in approximation theory. See
Theorems 3.1 and 4.1 of Agarwal and Studden (1980) for the B—spline
approximation and §3.2 of Eastwood and Gallant (1991) for the trigono-
metric approximation. This chapter extends existing results to the case
where {V};} is a strictly stationary process.

Assumption 2.3 is a kind of orthogonality condition, which holds when
the process {X;} is strictly stationary and the series {f;; : 1 < j <
ki1 < ¢ < p} are either in the family of trigonometric series or of
Gallant’s (1981) flexible Fourier form. For example, the orthogonality
condition holds when {V;;1} is strictly stationary and distributed uni-
formly over [—1,1] and f1;(Vi1) = sin(jnVia) or cos(jnVi1). Moreover,
the orthogonality condition is a natural condition in nonparametric series
regression. Assumption 2.4 is required to deal with this kind of problem.
Many authors have used similar conditions. See, for example, (C.7) of
Hérdle and Vieu (1992).

Assumptions 2.5-2.8 are relatively mild in this kind of problem and can
be justified in detail. Assumption 2.6(i) is necessary for the establish-
ment of asymptotic normality in the semiparametric setting. As can be
seen from Theorem 2.4, the condition on the existence of the inverse mat-
rix, (BUU)fl, is required in the formulation of that theorem. Moreover,
Assumption 2.6(i) corresponds to those used for the independent case.
Assumption 2.6(ii) is needed as the existence of moments of higher than
second order is required for this kind of problem when uniform conver-
gence for nonparametric regression estimation is involved. Assumption
2.7(ii) is required due to the use of such a weight function. The continu-
ity condition on the kernel function imposed in Assumption 2.8 is quite
natural and easily satisfied.

Assumption 2.9 requires that when one of the bandwidths is propor-
tional to T_%, the optimal choice under a conventional criterion, the
other bandwidths need to converge to zero with a rate related to T-5.
Assumption 2.9 is quite complex in general. However, it holds in some
cases. For example, when we choose p=2,r=3, A=4,a=31, k=1,
by =T %, and by = T~ 517 for some 0 < 5 < £, both (i) and (ii) hold.
For instance,
2(r—1)a+2(Ar—2)

. .. 1912
lim inf Tb, ©™* =lim inf T5 7117 =00 > 0.
—00 T—o0

and

wlot

. 142 . n
lim Tb; " = lim T3" = 0.
T—o0 T—o00

Similarly to the independent case (Fan, Hardle and Mammen 1998, Re-
mark 10), we assume that all the nonparametric components are only two
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times continuously differentiable and thus the optimal bandwidth by is
proportional to T~ 5. As a result, Assumption 2.9 basically implies p < 4.
For example, in some cases the assumption of p < 4 is just sufficient
for us to use an additive model to approximate the conditional mean
EYi|Yi—1,Yi—2,Yi_3,Yiua] by g1(Yie1)+92(Yi—2) +93(Yi—3) + ga(Yi—4)
with each g;(-) being an unknown function. Nevertheless, we may ensure
that the marginal integration method still works for the case of p > 5 and
achieves the optimal rate of convergence by using a high—order kernel of
the form

/K(x)da: =1, /le(x)dx =0 for 1<i<TI—1and /le(x) #0
(2.60)
for I > 2 as discussed in Hengartner and Sperlich (2003) for the inde-
pendent case, where I is the order of smoothness of the nonparametric
components. This shows that in order to achieve the rate—optimal prop-
erty, we will need to allow that smoothness increases with dimensions.
This is well-known and has been used in some recent papers for the in-
dependent case (see Conditions A5, A7 and NW2-NW3 of Hengartner
and Sperlich 2003).To ensure that the conclusions of the main results
hold for this case, we need to slightly modify Assumptions 2.7-2.9. The
details are similar to Assumptions 3.4-3.6" of Gao, Lu and Tjgstheim
(2006).
Assumption 2.10 is quite common in this kind of problem. Its justifica-
tion may be available from the appendix of Xia, Tong and Li (1999).

2.5.2 Proofs of Theorems
This section provides the proofs of Theorems 2.3 and 2.4. The detailed
proofs of the other theorems are referred to the relevant papers.

Proofs of Theorems 2.1 and 2.2: The detailed proofs are similar to
those of Theorems 2.1 and 2.2 of Gao, Tong and Wolff (2002a).

Proof of Corollary 2.1: The proof follows from that of Theorem 2.2.
Proof of Theorem 2.3: We note that

N 1 E o T - 1 E e
-5 (TZU: (o) ) (TZ t*(n*—Ut*m)
t=1 t=1

= (BYY)"' BYY.

Denote by H'* (z) = - Pl(fj (z1) and Hy(x) = Y74 PY,(21) the ad-
ditive approximate versions to H®)(z) = E {(Ut(s) - ,u%}”) |Vi = x] and
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H(z) = E[(U; — pv) |Vi = x], respectively. We then define H(ES)T(QJ) =

- 131(“2 (z) and Hor(z) = >0, ﬁUw(xl) as the corresponding es-
timators of HS”(z) and H,(z). Then, we have

T
BUU — EZ(Ut «(Vy) —s—H(Vt)—Ha,T(Vt))

T
< (2~ Ha(V) + Ha(V)) — Hox (V)|
| RIS S Qe T
TZU: (Ut*) +TZU: (Afla)
t=1 t=1
1 T H =\ T 1 d H, AH,™ _
+op Al (07) + g Al ZBTI’
t=1 t=1

where 0;‘ =U, — H,(V;) and Afl‘* = H,(V}) — Hq,7(V2). Moreover,

T
BY = 5 (00— Ha(Vi) + H(V)) — Hor(V2)
X (} - HOW) + HO (W) - Hé?%(%))
T
— (O HuV) + HuV) — Har (V)
X [~t H.(V;) + H, (Vt)—Ha,T(Vt)rﬁ
_ lZU*e*_‘_lXT: *(A(O AHaTﬁ)
- T t -t T t t
+ lZT:AHGG*-FlZAHa {A(O)—(AHR)TB}
T t t T t t t

(2.61)

Il
-
s
elS
&

where € = Y —U;"3, U} and Y;* = Y, — b2o% (V}) are as defined before,
and Aﬁ” = H(SS)(Vt) - HES)T(V}) So, to prove the asymptotic normality
of 3, it suffices to show that

BYY L BV and VT (BYY — ug) —pN(0,p), (2.62)

where BUY | g and ¥ are as defined in Theorem 2.3. To this end, we
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need to have

T 2
S (AL Vi) = PELVi)) =op(VT), 0<s<q,  (263)

t=1
which follows from

sup I:’,isl(xk) - P(S) (k)

2 €[— Lk, L]

= Op ((Tbi”/ ryTuEEn bi)

+ 0p(1) Y B +0p(1) Y bibk

1=1,#k 1=1,#k

+ op(1)by +Op(1) <\/1T> (2.64)

for some integer r > 3 and Tb; = O(1),

2
JT ((Tbllg+2/r)77/(l+2r) I bi)

IA

1/2
C (T(Tbi+2/r)f4'r/(l+2r) " Tbi)

or_1 _AQ+7) 1/2
C(T 1D, 1+2r _|_Tb8> — 0,

ﬁ( ST Y bbb+ 0p(1) (&)) ~0.

1=1,#k 1=1,#k

The proof of (2.63) is similar to that of Lemma 6.3 of Gao, Lu and
Tjgstheim (2006).

Thus

ZT:(A,ES))Q = sz(Hgs>(m)—H§f>T(v;))2

t=1 t=1

T P 2
= Z (Z (Pr.w(Vir) Pk,w(Vtk)>
k=1
= op(VT). (2.65)

Therefore, using the Cauchy-Schwarz inequality, it follows that the (4, j)-

th element of qug
1o~
BYY(ig) = 5y APAY
7T /2 , 7 1/2
< ;(;@S))Z) (2; (ad) ) = op(1),
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and similarly

BYY(4,§) = op(1) and BYY(i,5) = op(1).
Now, since qu[f — E[UfU{7] in probability, it follows from (2.61) that
the first limit of (2.62) holds with BYY = E[U;U;"].

To prove the asymptotic normality in (2.62), by using the Cauchy—
Schwarz inequality and (2.65), we have

IZBT]@ =op(1);

k=2
therefore, the second limit of (2.62) follows from (2.61) and

T
1
VT (BYY —up) = —=Y_[Ufef — psl—pN(0,35)
VT =

with up = E[R;] and ¥p = F[RoR]], where Ry = Uje;

The proof of the asymptotic normality follows directly from the conven-
tional central limit theorem for mixing time series. When (2.2) holds,
the proof of the second half of Theorem 2.3 follows trivially.

Proof of Corollary 2.2: Its proof follows from that of Theorem 2.3.
Proof of Theorem 2.4: Note that

Prw(zi) = P (1) — B7PY, (ar).
where Py ,(zr) = P,iil(xk) — /BTP,gw(a:k). Then
Praw(zr) = Pow(ar) = [P (xr) — P (x1)
— BT (PYy(xr) — Py (k)]

(B - B)" P, (xx)
= Pri(xg)+ Pra(xg).

For any ¢ = (co, C7)” € R'™ with C; = (cq,-- ,¢q)T € RY, we note
that for x € [—Ly, L)

q
ZCSPIE,S'L(:E}C) = COp( ) w(@k) + CT Pg. (@)

= @B [HOV P, o) wnv)

+ B [HOWV, wo)] weyvi)
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= F [COH(O) (‘/;(7 ) ) + Cl ( ( k) l‘k;):|
X wp(VTY =B g, wk)} wp (V)
where g**(z) = E [Y;*|V; = o] with Y;"* = co (Y; — py) + CT (U — pvr),

and similarly

q
ST ePE(ar) = P () + CT P, (ar)
s=0

T
1 kK -k —k
= 7297 VT, m) wen (VD)
t=1

where ¢4i*(z) is the local linear estimator of ¢g**(z), as defined before

with Y, = coY: + C{ﬁt instead of Y; there. Therefore, similarly to the
proof of Lemma 6.5 of Gao, Lu and Tjgstheim (2006), the distribution

of
q
VT Y e (P () = PO () (2.66)
s=0
is asymptotically normal.

Now taking ¢y = 0 in (2.66) shows that ﬁ,?w(xk) — P, (zx) in prob-
ability, which together with Theorem 2.3 leads to

\/T bk PT’Q(.T]C) = V Tbk (B_ 6)Tﬁl£{w($k)
= Op(Vb) = op(1). (2.67)

On the other hand, taking ¢g =1 and C; = —f in (2.66), we have
VTby Pra(zy) = +/Thy {1315?3)(%) Plgol(fck)]
VT 8 (P (o) = PYu())  (2.68)

are asymptotically normally distributed with Y;** = Y;—puy — 57 (Uz—pv)
and ¢g**(z) = E(Y;*|V; = x). This finally yields Theorem 2.4.

Proofs of Theorems 2.5 and 2.6: The detailed proofs are the same
as those of Theorems 2 and 4 of Xia, Tong and Li (1999), respectively.
2.6 Bibliographical notes

Further to the nonparametric kernel estimation method discussed in
this chapter, some related methods have been considered in Linton and
Hérdle (1996), Linton (1997. 2000, 2001), Li and Wooldridge (2002), Xia
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et al. (2002), Yang (2002), Yang and Tschernig (2002), Huang and Yang
(2004), Horowitz and Mammen (2004), Linton and Mammen (2005),
Yang (2006), and others.

Using orthogonal series and spline smoothing methods in econometrics
and statistics has a long history. Eumunds and Moscatelli (1977), Wahba
(1978), Agarwal and Studden (1980), and Gallant (1981) were among the
first to use spline smoothing and trigonometric approximation methods
in nonparametric regression. Since their studies for the fixed designs
and independent errors, several authors have extended such estimation
methods to nonparametric and semiparametric regression models with
both random designs and time series errors. Recent extensions include
Eubank (1988), Hardle (1990), Andrews (1991), Gao and Liang (1995),
Fan and Gijbels (1996), Gao and Liang (1997), Gao and Shi (1997),
Gao (1998), Eubank (1999), Shi and Tsai (1999), Gao, Tong and Wolff
(2002a, 2002b), Fan and Li (2003), Hyndman et al. (2005), and others.

In addition to nonparametric kernel, orthogonal series and wavelet meth-
ods, some other nonparametric methods, such as the empirical likelihood
method and profile likelihood method proposed for estimating nonpara-
metric and semiparametric regression models with independent designs
and errors, could also be applicable to nonparametric and semiparamet-
ric time series regression. Recent studies include Cai, Fan and Li (2000),
Cai, Fan and Yao (2000), Chen, Hérdle and Li (2003), Fan and Huang
(2005), and Fan and Jiang (2005).

This chapter has concentrated on the case where both {X;} and {e;} are
stationary time series. Recent studies show that it is possible to apply the
kernel method to deal with the case where {X;} may not be stationary.
To the best of our knowledge, Granger, Inoue and Morin (1997) , Karlsen
and Tjgstheim (1998), and Phillips and Park (1998) were among the first
to apply the kernel method to estimate the conditional mean function
of Y; given X; = x when {X;} is nonstationary. Further studies have
been given in Karlsen and Tjgstheim (2001) and Karlsen, Myklebust
and Tjgstheim (2006).
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CHAPTER 3

Nonlinear Time Series Specification

3.1 Introduction

Let (Y, X) be a d+ 1-dimensional vector of random variables with Y the
response variable and X the vector of d—dimensional covariates. We as-
sume that both X and Y are continuous random variables with 7(z) as
the marginal density function of X, f(y|z) being the conditional density
function of Y given X = z and f(z,y) as the joint density function.
Let pj(z) = E[YJ|X = z] denote the j—th conditional moment of YV
given X = z. Let {(Y;,X:) : 1 <t < T} be a sequence of observa-
tions drawn from the joint density function f(x,y). As the three density
functions may not be known parametrically, various nonparametric es-
timation methods have been proposed in the literature (see Silverman
1986; Wand and Jones 1995; Fan and Gijbels 1996; Fan and Yao 2003;
and others).

In recent years, nonparametric and semiparametric techniques have been
used to construct model specification tests for p;(z). Interest focuses on
tests for a parametric form versus a nonparametric form, tests for a semi-
parametric (partially linear or single-index) form against a nonparamet-
ric form, and tests for the significance of a subset of the nonparametric
regressors. Hiardle and Mammen (1993) were among the first to develop
consistent tests for parametric specification by employing the kernel re-
gression estimation technique. There have since been many advances.
By contrast, there are only several papers available to the best of our
knowledge in the field of parametric specification of density functions.
Ait-Sahalia (1996b) was among the first to propose specifying marginal
density functions parametrically. Pritsker (1998) evaluated the perfor-
mance of Ait—Sahalia’s test and concluded that the usage of asymptotic
normality as the first—order approximation to the distribution of the pro-
posed test may significantly contribute to the poor performance of the
proposed test in the finite—sample analysis. Gao and King (2004) pro-
posed a much improved test than the Ait—Sahalia’s test for parametric
specification of marginal density functions. More recently, Chen and Gao
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(2005) developed an empirical-likelihood driven test statistic for para-
metric specification of the conditional density function of f(y|x) with ap-
plication in diffusion process specification. Hong and Li (2005) proposed
using two nonparametric transition density—based tests for continuous—
time diffusion models.

Apart from using such test statistics based on nonparametric kernel,
nonparametric series, spline smoothing and wavelet methods, there are
various test statistics constructed and studied based on empirical dis-
tributions. Such studies include Andrews (1997), Stute (1997), Stute,
Thies and Zhu (1998), Whang (2000), Stute and Zhu (2002, 2005), Zhu
(2005), and others. A different class of test statistics based on the so—
called pseudo-likelihood ratio and generalized likelihood ratio have also
been studied extensively mainly for cases of fixed designs and independ-
ent errors. Recent studies in this field include Fan and Huang (2001),
Fan and Yao (2003), Fan and Zhang (2003), Chen and Fan (2005), Fan
and Huang (2005), Fan and Jiang (2005), and others.

Since the literature on nonparametric and semiparametric specification
testing is huge, we concentrate on parametric specification testing of the
conditional mean function uj(z) = E[Y|X = z] and the conditional
variance function o?(z) = pg2(z) — 3 (z) in this chapter. The rest of this
chapter is organised as follows. Section 3.2 discusses existing tests for
conditional mean functions and then demonstrates that various existing
nonparametric kernel tests can be decomposed with each of the lead-
ing terms being a quadratic form of dependent time series. Section 3.3
briefly considers semiparametric testing for conditional variance func-
tions. Some general semiparametric testing problems are also discussed
in Section 3.4. Section 3.5 presents an example of implementation. Math-
ematical assumptions and proofs are relegated to Section 3.6.

3.2 Testing for parametric mean models

Consider a nonlinear time series model of the form
Y;:m(Xt)+6t, t:1,2,...,T, (31)

where {X;} is a sequence of strictly stationary time series variables,
{e:} is a sequence of independent and identically distributed (i.i.d.) er-
rors with Ele;] = 0 and 0 < E[e?] = 02 < oo, m(-) is an unknown
function defined over R = (—00,00) for d > 1, and T is the number of
observations. Moreover, we assume that {X;} and {e;} are independent
for all 1 < s <t < T and that the distribution of {e;} may be unknown
nonparametrically or semiparametrically.
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To avoid the so—called curse of dimensionality problem, this chapter
mainly considers the case of 1 < d < 3. For higher dimensional cases,
Section 3.4 discusses several dimension reduction procedures.

In recent years, nonparametric and semiparametric techniques have been
used to construct model specification tests for the mean function of
model (3.1). Interest focuses on tests for a parametric form versus a non-
parametric form, tests for a semiparametric (partially linear or single—
index) form against a nonparametric form, and tests for the significance
of a subset of the nonparametric regressors.

Among existing nonparametric and semiparametric tests, an estima-
tion based optimal choice of either a bandwidth value, such as cross—
validation selected bandwidth, or a truncation parameter based on a
generalized cross—validation selection method is used in the implement-
ation of each of the proposed tests. Nonparametric tests involving the
second approach of choice of either a set of suitable bandwidth values
for the kernel case or a sequence of positive integers for the smoothing
spline case include Fan (1996), Fan, Zhang and Zhang (2001), Horo-
witz and Spokoiny (2001), Chen and Gao (2004, 2005), and Arapis and
Gao (2006). The practical implementation of choosing such sets or se-
quences is, however, problematic. This is probably why Horowitz and
Spokoiny (2001) developed their theoretical results based on a set of
suitable bandwidths on the one hand but choose their practical band-
width values based on the assessment of the power function of their test
on the other hand.

Recently, some new approaches have been discussed to support such a
power-based bandwidth selection procedure. On the issue of size correc-
tion, to the best of our knowledge, the only available paper on parametric
specification of model (3.1) is given by Fan and Linton (2003), who de-
veloped an Edgeworth expansion for the size function of their test. Some
other related studies include Nishiyama and Robinson (2000), Horowitz
(2003), and Nishiyama and Robinson (2005), who established some use-
ful Edgeworth expansions for bootstrap distributions of partial-sum type
of tests for improving the size performance.

More recently, Gao and Gijbels (2006) have discussed a sound approach
to choosing smoothing parameters in nonparametric and semiparamet-
ric testing. The main idea is to find an Edgeworth expansion of the
asymptotic distribution of the test concerned. Due to the involvement
of such smoothing parameters in the Edgeworth expansion, the authors
have been able to explicitly express the leading terms of both the size
and power functions and then determine how the smoothing parameters
should be chosen according to certain requirements for both the size and
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power functions. For example, when a significance level is given, the au-
thors have chosen the smoothing parameters such that the size function
is controlled by the significance level while the power function is maxi-
mized. Both novel theory and methodology are established. In addition,
the authors have then developed an easy implementation procedure for
the practical realization of the established methodology. In the rest of
this section, we discuss the main results given in Gao and Gijbels (2006).

The main interest of this section is to test

Ho1: m(x) = mg,(x) versus
Hiy: m(z) = mg, (z) 4+ CrA(z) for all z € RY, (3.2)

where 6y, 0, € © with © being a parameter space of R® Cr is a sequence
of real numbers and A(z) is a continuous function over R%.

Under Hp1, model (3.1) becomes a semiparametric time series model of
the form

Y: = mg, (Xt) + e (3.3)
when the distribution of {e;} is unknown nonparametrically or semi-
parametrically.

3.2.1 FExisting test statistics

Hérdle and Mammen (1993) introduced the Ly—distance between a non-
parametric kernel estimator of m(-) and a parametric counterpart. More
precisely, let us denote the nonparametric estimator of m(-) by ms(+)
and the parametric estimator of mg(-) by mz(-) and consider

() = L= K@= XY,
' ZtT:1 Knp(z — X4)
Yoy Knl(z — Xe)mg(Xy)

m~z) = , 34
o) Sty Kn(e — Xy) 34

where 0 is a V/T-consistent estimator of 8y under Ho1, Ky() = h%K (E)v
with K (-) being the probability kernel density function and h being the
bandwidth parameter.

Hérdle and Mammen (1993) proposed using a test statistic of the form
Mri(h) = Th? / mp(x 7715(33)} w(z)dx

4 Zt:lK (z — Xp) (Yo —my(Xe) :
= ThE/ [ " T2%2(<x) 6 ﬂ

w(zx)dx
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T

t=1 s=1

- 2rhE YN </ K@ _;(2?25;55” - Xt)w(x)dx) es

s=1t=1

X [mg(Xt)—m(Xt)}

iN-Y Kp(o = X)Ky(x = X0)
e ZZU ) (i)
X [mé{xs)_m(xt)} : [ma(Xt)—m(Xt)], (3.5)

where 7(z) = = 23:1 Kp(z — X}) is the kernel density estimator of the
marginal density function, m(x), of {X;}, and w(:) is some nonnegative
weight function. The first term on the right-hand side of (3.5) is the
leading term of Mpi(h). Moreover, under Hp; the asymptotic normality
of Mpi(h) follows from a central limit theorem for such a quadratic
representation of the first term.

Since 7(x) is an asymptotically consistent estimator of 7(z), we may
replace 7(z) by m(x) in My (h). This implies a test statistic of the form

T 2
Mro(h) = Th%/ <Z Kn(z — X) [m mg(Xﬂ}) w(z)dz

— Tt éé (/ Kn(z — X3 Kn(z — Xt)w(x)da:> escs
~ ot ; ; (/ Kn(z — X)) Kn(z — Xt)w(a:)dx> e,

X

[ma(x0) = m(X0)]
T
+ ThEY Y (/ Kn(z — X)) Kp(x — Xt)w(x)dx>

x [m/e\();s) :m(Xs)} : {mg(Xt) - m(Xt)} 7 (3.6)

as studied in Kreiss, Neumann and Yao (2002), where w(-) is a nonneg-
ative weight function probably depending on 7(-).

Kreiss, Neumann and Yao (2002) established the asymptotic normality
of Mrs(h) based on the leading quadratic term in (3.6). In the imple-
mentation, they developed a wild—bootstrap procedure for finding an
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approximate critical value. The choice of h is also based on an optimal
estimation selection criterion.

As an alternative to My (h), Horowitz and Spokoiny (2001) used a dis-
crete approximation to Mp;(h) of the form

T

Mra(h) = 3 () — ig(x) (37)

t=1

where {X;} is only a sequence of fixed designs. They further considered
a multiscale normalized version of the form

L =
Mrpsz = max T3(}i) Mz (1)
heHsr VT(h)
where Hsr is a set of suitable bandwidths,

T T
]/\ZT(h) = Z (Z Wh(stXt)> a\%(Xt)a

t=1 \s=1

; (3.8)

and

T T 2
V2 =23"%" (Z Wi (X, Xs)Wi(Xe, Xt>> G7( X)o7 (Xy),
1

s=1t=1 /=

in which Wy(-, X;) = % and 52 (Xs) is a consistent esti-
u=1 “

mator of the variance function 0?(X;) = Ele?]. Horowitz and Spokoiny
(2001) then showed that Myps is asymptotically consistent with an op-
timal rate of convergence for testing. Theoretically, certain conditions
are imposed on Hsr for the technical proofs on the one hand, but their
practical bandwidth values are chosen based on the assessment of the
power function of their test (in simulations) on the other hand. This
was part of the motivation used in Gao and Gijbels (2006) to propose
a radical approach to optimally choosing the suitable bandwidth based
on the assessment of the power function of the test under consideration.

As can be seen from the construction of Mr;(h) for i = 1,2, 3, a second-
ary estimation procedure is normally required for o2(-) and some other
higher—order moments when the variance function is not constant. To
avoid such a secondary estimation procedure, Chen, Hardle and Li (2003)
proposed a test statistic based on empirical likelihood ideas. As shown in
their paper, the first—order approximation of their test is asymptotically
equivalent to

[mh(x) — () ’

Vi) dx

Mpy(h) = Th? /
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2
Zt 1 Kn(z— Xy) mA(Xt)
Thd /|: h T27T2( )(V(x) >:|

dx,

where V(z) = ‘; u)du. As shown in Fan and Gijbels (1996),

ﬁV(z) behaves as the asymptotlc variance of the Nadaraya—Watson
estimator.

Applying a recently developed central limit theorem for degenerate U—
statistics, Chen, Hardle and Li (2003) derived the asymptotic normality
of their test. With respect to the choice of h in practice, they suggested
choosing h based on any bandwidth selector which minimizes the mean
squared error of the nonparametric curve estimation.

Recently, Chen and Gao (2004) combined the scheme of Horowitz and
Spokoiny (2001) with the empirical likelihood feature of Chen, Hardle
and Li (2003) to propose a novel kernel test statistic for testing (3.2).
Their experience shows that the choice of Hrs in the finite-sample case
can be quite arbitrary and even problematic.

So far we have briefly established the first group of nonparametric kernel
test statistics based on the Lo-distance function between a nonparamet-
ric kernel estimator and a parametric counterpart of the mean function.
In addition, we have also mentioned that under Hy; the leading term of
each of the tests Mr;(h) for 1 <i <4 is of a quadratic form

ZZes X)Ln(Xs = X)w(Xy) e, (3.9)

t=1 s=1
where Ly(-) = T%/deL (), L(z) = [K(y)K(z + y)dy, and w(:) is a
suitable weight function probably depending on either 7(-), 02(-) or both.

In the following, we construct the second group of nonparametric kernel
test statistics using a different distance function. We now rewrite model
(3.1) into a notational version of the form under Ho;

Y =myg,(X) +e, (3.10)

where X is assumed to be random and 6, is the true value of 6 under
Ho1. Obviously, E[e|X] = 0 under Hyp;. Existing studies (Zheng 1996;
Li and Wang 1998; Li 1999; Fan and Linton 2003) have proposed using
a distance function of the form

BB (e X)x(X)) = B [(BeX)=(X)].  (311)
where 7(+) is the marginal density function of X.

This would suggest using a normalized kernel-based sample analogue of
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(3.11) of the form

[SI[-H

S|
M=
M=

>

Lr(h) = & Kn(Xs — X)) &

vl
@
Il
—
-+
Il
—

I
S|

M
M=

es K (Xs—Xp) e

»
Il
_

o~

[\
=

M=
Mﬂ i

ey Kn(X, Xt){ ( t)fmg(Xt)]

w
Il
o
o
—

Kn(X, = X0) [m(X,) = mg(X,)|

Il
—

t

Il
-

m(X;) — m/e(Xt)] : (3.12)

where €, = Y; — mé{Xt). It can easily be seen that under Hy; the leading
term of Lr(h) is of a quadratic form

X

+
M=
MH

a T T
h2
Qr(h) = =) D e Kn(Xo— Xi) e
s=1t=1
1 X, —Xt>
_ Y e K ( (. (3.13)
T hd s=1t=1 h

Various versions of (3.12) have been used in Fan and Li (1996), Zheng
(1996), Li and Wang (1998), Li (1999), Fan and Linton (2003), Gao
and King (2005), and others. Recently, Zhang and Dette (2004) com-
pared both large and finite-sample properties of Mpi(h), Lr(h) and
the main test proposed in Fan, Zhang and Zhang (2001). Their large
sample study shows that the main conditions required to impose on h
are limp_o b = 0 and limp_ . Th® = co, which are the minimal con-
ditions for establishing asymptotic normality. Their finite-sample study
is then based on the choice h ~ T~ 7a+1.

In summary, Equations (3.9) and (3.13) can be generally written as

T T
DY e dr(Xa, Xi) e

Rr(h) =
s=1t=1
T T T
= ) or(Xo X)el + > D or(Xo, Xi)eser, (3.14)
s=1 s=1t=1,#t

where the quantity ¢r(-,-) always depends on the sample size T, the
bandwidth & and the kernel function K.
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As briefly discussed below, the leading term of each of some other ex-
isting nonparametric kernel tests can also be represented by a quadratic
form of the type (3.14). Thus, it is of general interest to study asymptotic
distributions and their Edgeworth expansions for such quadratic forms.
To present the main idea of establishing Edgeworth expansions for such
quadratic forms, we concentrate on Qr(h) and Lz (h) in Sections 3.2.2
and 3.2.3 below. This is because the main technology for establishing
an Edgeworth expansion for the asymptotic distribution of any of such
tests is the same as that for Q7 (h), although more technicalities may be
needed for some individual cases.

3.2.2 Asymptotic distributions and expansions

The aim of this section is to get clear theoretical insights into the problem
of smoothing parameter selection in the testing context. In this section,
we establish some novel results in theory before we will discuss how to
realize such theoretical results in practice.

Before we establish an Edgeworth expansion for the asymptotic distri-
bution of @, (h) defined in (3.13), we need to introduce the following
notation: Let py, = E[e}] for 1 <k <6 and v, = E[r!(X1)] (1 <1< 3);

K2(0
o = (na—p3) T}Ed) +2,U§V2/K2(u)du and
Vhi (”gf;rfo) I 4u§u3 K®) (0)>
ko = 3 ; (3.15)
ag
T

where K()(.) is the three-time convolution of K(-) with itself, v, =
E[r'(X1)] = [ n'T!(z)dz where 7(-) is the marginal density function.

The proof of Theorem 3.1 below is relegated to Section 3.5 of this
chapter.

Theorem 3.1. Suppose that Assumption 3.1 listed in Section 3.5 below
holds. Then
sup ‘P (QT(h) — E[QT(h)] < m) _ (I)({,C) + K (LL'Q _ 1) ¢(9C) < Chd,
zERl or

(3.16)
where ¢(x) and ®(x) denote the respective probability density function

and cumulative distribution function of the standard mormal random
variable, and 0 < C' < oo is an absolute constant.
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It follows from Theorem 3.1 that as h — 0 and Th? — oo

‘P <QT<h) —BlRr()] z) — ®(z) + 5y (22 = 1) ¢()| — 0.

or

sup
mERl
(3.17)

This shows that Theorem 3.1 is of importance and usefulness in itself,
since existing central limit theorems established in both the economet-
rics and statistics literature have implied only the standard asymptotic
normality for the normalized version of Qr(h) in (3.13).

Ly (h)—E[L7(h)]
var[Lr (h)]

)

To study both the size and power properties of ZT(h) =

we first need to find an approximate a—level critical value for ZT(h) For
each given h, we define a stochastically normalized version of the form

T T ~ ~
Tr(h) = D5t Et:l,;ﬁx s Kn(Xs — Xy) &
T - .
T T ~
\/2 Dot 2 €3 KR (X — Xy)

(3.18)

As pointed out in existing literature (such as, Zheng 1996; Li and Wang
1998; Fan and Linton 2003; Casas and Gao 2005; Arapis and Gao 2006),
the version Lp(h) has three main features: (i) it appears to be more
straightforward computationally; (ii) it is invariant to 02 = 3 = E[e?];
and (iii) there is no need to estimate any moments higher than o2. When
o2 is unknown, it is estimated by 02 = T Zthl ez

In addition, it can be easily shown that Lz (k) = L (h) + op(1) for each
given h. Thus, we may use the distribution of Lr(h) to approximate
that of ET(h). Let I& (0 < a < 1) be the 1 — o quantile of the exact
finite-sample distribution of ET(h). Because [¢ may not be evaluated in
practice, we therefore choose either a nonrandom approximate a—level
critical value, [, or a stochastic approximate a—level critical value, [},
by using the following simulation procedure:

e Since Lr(h) is invariant to o, we generate Y;* = m4(X;) + e for
1 <t < T, where {ej} is a sequence of independent and identically
distributed random samples drawn from a prespecified distribution,
such as N(0,1). Use the data set {(X;,Y;*) : 1 <t¢ < T} to estimate
9 by 6* and compute Lr(h). Let I, be the 1 — a quantile of the
distribution of

Zs lzt 17556 Kh(X Xt)
\/QZs 1 t €% KR(Xs — Xy) e

where €; = Y — mg, (X;). In the simulation process, the original

LT
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sample Xr = (X1, -+, X7) acts in the resampling as a fixed design
even when {X;} is a sequence of random variables.

e Repeat the above step M times and produce M versions of fi}(h) de-
noted by Z*T’m(h) form =1,2,..., M. Use the M values of f;_’m(h)
to construct ﬂieir empirical distribution function. The bootstrap dis-
tribution of Lp(h) given Wyp = {(X;,Y;) : 1 <t < T} is defined by
P (Z}(h) < m) =P (Z}(h) < x\WT). Let I* (0 < o < 1) satisfy

P* (Z*T(h) > lj;) = « and then estimate [, by I7.

Note that both I, = l,(h) and I} = %(h) depend on h. Let E%(h)
be the corresponding version of ET(h) when the bootstrap resamples
are used. Note also that the above simulation is based on the so—called
regression bootstrap simulation procedure discussed in the literature,
such as Li and Wang (1998), Kreiss, Neumann and Yao (2002), and
Franke, Kreiss and Mammen (2002). When X; = Y;_1, we may also
use a recursive simulation procedure, which is another commonly-used
simulation procedure in the literature. See, for example, Hjellvik and
Tjgstheim (1995), Franke, Kreiss and Mammen (2002), and others. In
addition, we may also use a wild bootstrap to generate a sequence of
resamples for {e}}.

Since the choice of a simulation procedure does not affect the establish-
ment of the main results of this chapter, they are thus stated based on
the proposed simulation procedure.

We now have the following results; their proofs are given in Section 3.5
of this chapter.

Theorem 3.2. (i) Suppose that Assumptions 8.1 and 3.2 listed in Section
3.5 below hold. Then under Hgy

sup |P*(Li(h) < z) — P(Lr(h) < x)’ ) (\//Td) (3.19)

J;ERl
holds in probability with respect to the joint distribution of Wr; and

P (ZT(h) > z;) —a+0 (ﬁd) . (3.20)

(ii) Suppose that Assumptions 3.1-3.3 listed in Section 3.5 below hold.
Then under Hi1

lim P (ZT(h) > z;) ~1. (3.21)

T—o0

For a similar test statistic, Li and Wang (1998) established some results
weaker than (3.19). Fan and Linton (2003) considered some higher—order
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approximations to the size function of the test discussed in Li and Wang
(1998).

3.2.8 Size and power functions

For each h we define the following size and power functions
ar(h) = P (ET(h) > 1ol Hor holds) and
Br(h) = P (ET(h) > 1o Hi holds) . (3.22)

Correspondingly, we define (af-(h), 55(h)) with I, replaced by [%.

As discussed in Gao and Gijbels (2006), the leading term of each of the
existing nonparametric kernel test statistics is of a quadratic form of
{e:}. The main objective of their paper is to represent the asymptotic
distribution of each of such tests by an Edgeworth expansion through
using various asymptotic properties of quadratic forms of {e;}. The au-
thors have then been able to study large and finite-sample properties of
both the size and power functions of such nonparametric kernel tests. Let
K (-) be the probability kernel density function and h be the bandwidth
involved in the construction of a nonparametric kernel test statistic de-
noted by Lp(h). In order to implement the kernel test in practice, the
authors have also proposed a novel bootstrap simulation procedure to
approximate the 1 — a quantile of the distribution of the kernel test by a
bootstrap simulated critical value I,. In theory, Gao and Gijbels (2006)
have shown that

OtT(h) = 1-— (b(l(y — ST) — RT (1 — (la — ST)Z) ¢(la — ST)
+ o (\/ﬁ) : (3.23)
Br(h) = 1—®(y—Ry)—kr (1 —(la — Rr)?) ¢(lo — R7)

+ o (\/ﬁ) , (3.24)

where St = p1 Vhe, Ry = py T C2 Vhe, kr = p3 Vhe, ®(-) and ¢(-)
denote, respectively, the cumulative distribution and density function of
the standard Normal random variable, and all p;’s are positive constants.
To choose a bandwidth ﬁew such that ﬁT(ﬁeW) = MaXpe o (a) Br(h) is
our objective, where Hy(a) = {h: & — ¢min < ar(h) < @ + cmin} for
some small ¢in > 0. Gao and Gijbels (2006) have shown that hey is pro-
_3
portional to (T C’%) 24 when A(+) is a fixed function not depending on

T. Such established relations/pip between Cr and /}\Lew shows us that the
choice of an optimal rate of h.,, depends on that of an order of C7. For
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example, the optimal rate of Eew is proportional to T—34 when Hiy is a
global alternative With Cr = c for some constant c¢. If Cr is chosen pro-
portlonal toT™ GeEsy for a local alternatlve under H11, then the optimal
rate of hew is proportional to T~ 4, which is the order of a nonpara-
metric cross—validation estimation—based bandwidth frequently used for
testing purposes. When considering a local alternative with Cr being
proportional tg) T \/loglog the optimal rate of hew is proportional

to (loglogT’)™ 24

In addition to establishing the main results for (3.2) associated with
model (3.1), the authors have then discussed various ways of extending
their theory and methodology to optimally choose continuous smoothing
parameters in some other testing problems, such as testing for nonpara-
metric significance, additivity and partial linearity, in various nonpara-
metric and semiparametric regression models. The authors have finally
mentioned extensions to choose discrete smoothing parameters, such as
the number of terms involved in nonparametric series tests and the num-
ber of knots in spline-smoothing tests.

3.2.4 An example of implementation

As pointed out in Section 3.1, the implementation of each of existing
nonparametric and semiparametric kernel tests involves either a single
bandwidth chosen optimally for estimation purposes or a set of band-
width values. In this section, we show how to implement the proposed
test Lr(h) based on hey defined in Section 3.2.3 and then compare the
finite-sample performance of the proposed choice with that of two al-
ternative versions: (i) the test coupled with a cross—validation bandwidth
choice, and (ii) the test associated with an asymptotic critical value.

To assess the finite-sample performance of ET(h), a normalized version
of Ly(h) of (3.12), we consider a nonlinear heteroscedastic time series
model of the form

Yi=mYi1) +o(Yio1)e, t=1,---,T, (3.25)

where both m(-) and o(-) > 0 are chosen such that {Y;} is strictly
stationary, {e;} is a sequence of independent and identically distributed
Normal random errors generated from N(0,1), and {Y;} and {¢} are
mutually independent for all s < t. We consider a semiparametric model
in this example. That is, when specifying m(-) parametrically, we assume
that o(-) is already specified parametrically.
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Under Hoi, we generate a sequence of positive resamples {Y;} from
th = Qg +ﬂ0Y§5,1 + oo/ |Y;5,1‘ €t with € ~~ N(O, 1), 1 S t S T‘7 (326)

where Yy = 0.079 and the initial parameters are chosen as ag = 0.096,
Bo = —0.27 and o9 = 0.19. For such a linear autoregressive model,
various probabilistic requirements, such as strict stationarity and mixing
conditions, are satisfied automatically.

Under H;1, we generate a sequence of positive resamples from
Yi=a0+ oY1 + Cr AYi—1) + oo/ |[Yioi| &, 1<t < T, (3.27)
where A(:) and Cr are both to be chosen.

In the implementation of LT( as Well as its bootstrapping version, we

set A(-) =1 and Cp = T~ 2/loglog(T). In addition, we choose K (-) as
the standard normal density functlon

The theory and methodology proposed in Gao and Gijbels (2006) sug-
gests using an optimal bandwidth he,, of the form

i 52 L s
Tlew = <) (; Z‘}/t 1|> 10g10g( )) 57 (328>

where 7 is a v/T-consistent estimator of o.

In order to compare the size and power properties of the proposed test
Lr(h) with the most relevant alternatives, we introduce the following
simplified notation:

aw = P (ET (ﬁew) > (ﬁew) Hoy holds) ,
B0 = P (Lr (hew) >t (hew ) [Har holds)
ay = P (ET (ﬁcv) >0 (ECV) Hox holds) ,
G, = P (ET (ﬁcv) > (ECV) H1y holds) ,
0y = P (ET (ﬁcv) > 2a|Hot holds) ,
Bl = P (ET (ﬁcv) > 2alHn holds) , (3.29)
where Ay is given by
~ 1 T B o
Bey = 1.06-T75 - ﬁZ(Yt —Y)? with ¥ = R

t=1
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which is an optimal bandwidth based on a cross-validation density es-
timation method (see Silverman 1986). The reason for choosing hey is
that such an estimation-based optimal bandwidth has been commonly
used in such autoregressive model specification (Hong and Li 2005).

In the implementation of the simulation procedure, we consider cases
where the number of replications of each of the sample versions of ay;
and B for 7 = 0,1,2 was M = 1000, each with B = 250 number of
bootstrapping resamples, and the simulations were done for data sets of
sizes n = 400, 500 and 600.

In our finite-sample study, we use zg. o1 = 2.33 at the 1% level, zg.95 =
1.645 at the 5% level and 210 = 1.28 at the 10% level. The detailed
results are given in Tables 3.1-3.3 below.

Table 3.1. Rejection rates at the 1% significance level

Sample Size  Null Hypothesis Is True Null Hypothesis Is False

T a10 a1l a12 B1o P11 P12
400 0.014 0.011 0.026 0.134 0.012 0.029
500 0.011 0.016 0.030 0.156  0.015 0.030
600 0.011  0.010 0.024 0.140 0.018 0.034

Table 3.2. Rejection rates at the 5% significance level

Sample Size  Null Hypothesis Is True  Null Hypothesis Is False

T Q10 a1l 12 Bio Bi1 B2
400 0.053 0.055 0.071 0.230 0.053 0.066
500 0.063 0.056 0.068 0.246 0.054 0.066
600 0.044 0.048 0.062 0.231 0.057 0.075

Table 3.3. Rejection rates at the 10% significance level

Sample Size  Null Hypothesis Is True Null Hypothesis Is False

T a10 11 a12 B1o B Biz
400 0.103 0.112 0.110 0.303  0.096 0.093
500 0.104 0.107 0.105 0.307  0.099 0.098
600 0.096 0.104 0.103 0.291  0.101 0.100

Tables 3.1-3.3 report some comprehensive simulation results for both the
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sizes and power values of the proposed tests for models (3.26) and (3.27).
In each case, the test based on Eew has much better properties than
the corresponding version based on the CV bandwidth h., commonly
used in the literature for testing purposes. By comparing the use of a
simulated critical value based on the CV optimal bandwidth and the
use of an asymptotic critical value in each case, columns 3 and 4 show
that there are some severe size distortions particularly when using an
asymptotic critical value at the 1% significance level. The corresponding
power values are almost comparable with the corresponding sizes as can
be seen from columns 6 and 7 in Table 3.1.

While at both the 5% and 10% significance levels there is much less
size distortion, the corresponding power values become quite different.
For example, at the 5% level, Table 3.2 shows that in each case the
test based on hey in columnA5 is much more powerful than either that
based on the CV bandwidth h¢, in column 6 or the test associated with
the use of an asymptotic critical value in column 7. Similar features
are observable for the 10% case. This further supports our view that
the use of an estimation—based optimal bandwidth is not optimal for
testing purposes. In addition, the use of an asymptotical normal test
is not practically applicable particularly when the sample size is not
sufficiently large.

We finally would like to stress that the proposed tests based on the
power—optimal bandwidths have not only stable sizes even at a medium
sample size of T' < 600, but also reasonable power values even when the
“distance” between the null and the alternative has been made delib-
erately close at the rate of /T~ loglog(T) = 0.0556 for T' = 600 for
example. We can expect that the tests would have bigger power values
when the “distance” is made wider. Overall, Tables 3.1-3.3 show that
the established theory and methodology is implementable and workable
in the finite-sample case.

Remark 3.1. The paper by Gao and Gijbels (2006) has addressed the
issue of how to appropriately choose bandwidth parameters when using
nonparametric and semiparametric kernel-based tests. Both the size and
power properties of such tests have been studied. The established the-
ory and methodology has shown that an appropriate bandwidth can be
optimally chosen after appropriately balancing the size and power func-
tions. Furthermore, the novel methodology has resulted in an explicit
representation for such an optimal bandwidth in the finite-sample case.

The finite—sample studies show that the use of an asymptotically nor-
mal test associated with an estimation based optimal bandwidth may
not make such a test practically applicable due to poor size and power
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properties. However, the performance of such a test can be significantly
improved when it is coupled with a power—based optimal bandwidth as
well as a bootstrap simulated critical value.

3.3 Testing for semiparametric variance models

Specification testing of conditional variance functions is particularly rel-
evant when the conditional mean function is already specified, and the
interest is on the conditional variance function. Recent papers such as
Dette (2002), and Casas and Gao (2005), among others, are concerned,
for example, with testing for a constant conditional variance function.

Consider a semiparametric heteroscedastic model of the form
}/t = My, (Xt) + €t = My, (Xt) + O'(Xt)ﬁt, (330)

where my, () is a known parametric function indexed by 6y, a vector of
unknown parameters, o(-) > 0 may be an unknown function, and {e;}
is a sequence of i.i.d. errors with E[e;] = 0 and Ele?] = 1.

We are now interested in testing
Hoz : 02(z) = 0, () versus Hiz: 0°(z) = 03, (2)+CorAs(z), (3.31)

for all z € R? and some o and ¥, where 9, may be different from 6,
Cor and Ajy(-) are defined similarly to Cp and A(-). The key difference
here is that we need to choose suitable Cor and A(x) such that o?(z)
is positive uniformly in = € R,

Before proposing a test statistic for (3.31), we rewrite model (3.30) into
a notational version of the form under Hgs,

Y: = mg,(X¢) +e: with e; = oy, (Xt)er,
e; = o5, (Xe)+m with n =05 (Xi)(ef — 1), (3.32)

where {n} satisfies E[n;] = 0 and E[n7] = E 0], (X;)] E [(e — 1)?]
under Hoo.

Equation (3.32) shows that o3 (-) may be viewed as the conditional

2
mean function of €2, which may be estimated by €2 = (Yt - mg(Xt)) .

Similarly to the construction of Ly (h), we thus suggest using a kernel—
based test of the form

T
L) =3 3 A (2 (3.33)

s=1t=1,#s

where 7, = 2 — J%,\(Xs), in which ¥ is a v/T-consistent estimator of
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Jo, La(+) is a probability kernel density function and hs is a bandwidth
parameter.

As an alternative to (3.32), model (3.32) can be written as
log (Y —mo, (X1))® = log (03,(X1)) + log(e7)
= e +log (05, (X0)) + G, (3.34)

where p. = E [log(e?)] and ¢, = log(e7) — 1. Thus, the function 05, (X1)
is involved as the conditional mean function of model (3.34). A test
statistic similar to Loz (h) may be constructed.

When X; = Y;_1, a normalized version of Lo (h) may be applied for dif-
fusion specification in continuous—time models. Existing studies include
Ait-Sahalia (1996b), Fan and Zhang (2003), Gao and King (2004), Chen
and Gao (2005), and Hong and Li (2005).

Also, simple calculations imply that for sufficiently large T
var[Lor(h)] = 0% (1 +o(1)), (3.35)
where 07 = 2p3 [ K?(u)du with ps = E[ni].

For the implementation of Lo (h) in practice, in order to avoid nonpara-
metrically estimating any unknown quantity we estimate o2 under Hos
by 62 = fK2 )du with

" 2 &
:fz_:

We then propose using a normalized version of the form

T T ~ X.— X, ~
25— Zt:l,;&t Ms L2< “ha f) Tt

Lor(h) = 5
T T X.—X,
- Zt:lZszl,;étnS LQ( by t) L
a ago E
T T
1 X, — X,
— L
ES DI AC
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+ op (ZOT(h)) R (336)
where o3 = 2p¢ [ K?(u)du with po = 2E [ag\o (X1)] under Hoz.

The following result establishes that EOT(h) is asymptotically normal
under Hoeo; its proof is mentioned in Section 3.5 of this chapter.

Theorem 3.3. Suppose that Assumptions 3.1 and 3.4 listed in Section
3.5 hold. Then under Hoo

lim P (EOT(h) < x) = &(x). (3.37)

T—o0

As pointed out in the literature, such asymptotically normal tests may
not be very useful in practice, in particular when the size of the data is
not sufficiently large. Thus, the conventional a—level asymptotic critical
value, l,.y, of the standard normality may not be useful in applications.
Part of the contribution of this chapter is a proposal of approximating
l.cv by a bootstrap simulated critical value.

Let lpo (0 < a < 1) be the 1 — o quantile of the exact finite-sample
distribution of ZOT(h). Since [y, may be unknown in practice, we suggest
approximating lo, by a simulated a-level critical value, [, using the
following simulation procedure:

1. For each t = 1,2,...,T, generate Y;" = m(X;) + o5 (X¢) e, where
the original sample X7 = (Xi,---,X7) acts in the resampling as
a fixed design, {e;} is independent of {X;} and sampled identically
distributed from N(0,1).

2. Use the data set {(X:,Y,*) : t = 1,2,...,T} to re-estimate (6,v).
Let ((9\*7 53) denote the pair of the resulting estimates. Define EST(h)
be the version of EOT(h) with (X¢,Y;) and (5, 30) being replaced by
(X, Y)") and (5*,3’6) in the calculation.

3. Repeat the above steps many times and then obtain the empirical
distribution of L{(h). The bootstrap distribution of L{,(h) given

Wr = {(X,Yi) : 1 < ¢ < T} is defined by P* (Lgp(h) <) =
P (EgT(h) < :13|WT). Let I, satisfy P* (EgT(h) > z;;a) — o and then
estimate loo by 15,

We then have the following theorem; its proof is mentioned in Section

3.5 of this chapter.

Theorem 3.4. (i) Suppose that Assumptions 3.1 and 3.4 listed in Section
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3.5 hold. Then under Hoo the following equation

P*(Lip(h) < z) — P(Lor < m)’ -0 (\/de) (3.38)

sup
zER!

holds in probability with respect to the joint distribution of Wr, and
under Hos

P (EOT(h) > z;;a) —a+0 (Jf?d) . (3.39)

(ii) Assume that Assumptions 3.1, 3.4 and 3.5 listed in Section 3.5 hold.
Then under Hio

tim P (Lor(h) > 15, ) = 1. (3.40)

T—o0

The conclusions of Theorem 3.4 are similar to those of Theorem 3.2.

3.4 Testing for other semiparametric models

As we pointed out before, we will need to consider using a dimension re-
duction procedure when the dimensionality of { X;} is greater than three.
In this section, we discuss how to choose a suitable bandwidth parameter
when we consider testing for an alternative model. Our alternative forms
for m(-) include nonparametric subset regression, partially linear regres-
sion, additive regression and semiparametric single—index regression.

3.4.1 Testing for subset regression

Assume that we can write the model as
Y;g = m(Xt) + e = ’I’I’L(th7 ‘/t) + €t, (341)

where X; = (U], V)7, and U, and V; are subsets of X;. In this section,
we are interested to test whether the null hypothesis

Hos : E[Y3|Xy] — E[Y;|[U] =0 (3.42)
holds almost surely with respect to the distribution of {X;}.

As for nonparametric regression estimation, we estimate

T
my(Uy) = EYi|U)] by ma(Ur) =Y wiaYs,
s=1

Us—U.
Kl( Sh t

T /Ustv )7
Zv:l Kl( h

where wig = in which Ki(-) is a probability kernel

function.
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This suggests using a test statistic of the form

L) = Y3, K (F5) = (3.4

s=1t=1
where Y, = [V, — M (U,)]f1(Us) with fi(Us) = gt S50, Ka (B52),
in which d,, is the dimensionality of U;.

Existing results include Fan and Li (1996), Lavergne and Vuong (1996,
2000), Li (1999), Lavergne (2001), Gao and King (2005), and others.
Meanwhile, such testing issues have also been treated in the model
selection literature. Recent studies include Fan and Li (2001, 2002),
Gonzdlez—Manteiga, Quintela—del-Rio and Vieu (2002), and others.

3.4.2 Testing for partially linear regression

The interest here is to test
Hos: m(z) = u B+ g(v) versus
His: m(z) = u B+ g(v) + CarAy(r) (3.44)

for all z € Rd, where Cyp and A4(+) are similar to what has been defined
before, and v and v are subvectors of x = (u™,v")".

Similarly to (3.43), we construct the following test statistic

Lor(h) =Y >, K(XhXt> Y, (3.45)

s=1t=1
where
Y, =Y, —UIB—g(V.), B=(UT0O)"U"Y, §(V. szst Y, - U7 B),

t=1
in which U = (I — Wo)U, U = (Uy,...,U,)", Y = (I — Wo)Y, Wy =

{wast} is a T x T matrix with was = —=7————3— with K(-) being

Zu=1 K2(%)
a kernel function. The form of Lor(h) is similar to some existing results,
such as those given in Fan and Li (1996), Li (1999), Hérdle, Liang and

Gao (2000), Gao and King (2005), and others.

3.4.8 Testing for single—index regression

One of the most efficient dimension reduction procedures is semipara-
metric single-index modeling. We thus look at testing

Hos : m(x) =(x70) versus His : m(x) = (x70)+CsrAs(x) (3.46)
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for all z € R?, where ¢(-) is an unknown function over R', and 6 is a
vector of unknown parameters. For each given 6, estimate ¢ (-) b

O(X]0) Z w35t Y, (3.47)

Ko Xs=X)76

(2 ith K3(-) being a kernel functi

N =y wi 3(+) being a kernel function
u=1 v

defined over R!. The parameter 6 is then estimated by

where wsg =

g = argmmZ(Yt w(xgo)f, (3.48)

where © is chosen such that the true value of 6 is identifiable. This
suggests using a test statistic of the form

T T A~
- Xo— X)0\ o
or( = 338, K <(h)> 7. (3.49)

kﬁ> HM

=1t
where }/}t = ( A ) , in which

(X, — X,)70
o - 5o ()

For the hypotheses in (3.46), there are only few results available in the
literature, such as those by Fan and Li (1996), Gao and Liang (1997),
Li (1999), Stute and Zhu (2005), and others.

3.4.4 Testing for partially linear single—index regression

As a natural extension, we may consider testing
Hos : m(z) = 70+ (™) versus
Hig: m(x) = z"0+¢v(a"™n) + CerAg(x) (3.50)

for all z € R?, where both 6 and n are vectors of unknown parameters,
and 1 (-) is an unknown function. Interest has been on the estimation of
both the parameters and the function in the literature, such as Carroll et
al. (1997), Xia, Tong and Li (1999), and Xia et al. (2004). To the best of
our knowledge, little has been done on testing the hypotheses in (3.50).

Modifying Lz7(h) in (3.49), we propose using a test statistic of the form

Lyr(h ZZY K ( (X hXt) ) Y;, (3.51)

s=1t=1
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where 4/9\, 7 and 12() are some consistent estimators as constructed in
Chapter 2, and

Vi = (Yo - X706 - G(X70)) Fa(X70),

in which ﬁl(XSTﬁ) = ﬁ E;l K (W)

3.4.5 Testing for additive regression

The interest here is to test whether m(z) can be decomposed into a sum
of p one—dimensional functions as follows:

d
Ho7r : m(z) = ij(aﬂj) versus
j=1
d
Hi7: m(a:) = ij(xj) + C’7TA7(3?)7 (352)
j=1
for all z € RY, where x; is the j—th element of z = (z1,---,xq)".

Assume that each m;(-) is estimated by m,;(Xy;) = Zle Wrs(X45)Ys,
in which {Wp4(-)} is a sequence of weight functions as constructed in
Chapter 2.

We then suggest using a test statistic of the form
T T

L) = 3T & (F ) T (353)

s=1t=1

where )A’t = (Yt — Zgzl i (th)> N¢, in which V; is chosen to eliminate
any random denominator involved in the estimation of m;(-), such as a
kind of density estimator used in L;r(h) for i = 1,3, 4. For testing Hor
in (3.52), existing results include Gozalo and Linton (2001), Gao, Tong
and Wolff (2002b), Sperlich, Tjgstheim and Yang (2002), Gao and King
(2005), and others.

It can be shown that the leading term of each of these tests L;r(h)
for 1 < i < 5 is of a quadratic form. Thus, we will be able to apply
the established theory to study the power function of each of the tests
for choosing a suitable h. When there are several different bandwidths
involved in the construction of the tests, the study of the power function
of each of the tests becomes slightly more complicated than that for
the case where only one bandwidth h is involved. For example, we will
need to calculate partial derivatives of the power function with respect
to individual bandwidth variables.
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3.5 Technical notes

This section lists the necessary assumptions for the establishment and
the proofs of the main results given in this chapter.

3.5.1 Assumptions
Assumption 3.1. (i) Assume that {e;} is a sequence of i.i.d. continuous
random errors with Ele;] = 0, E[e?] = 02 < oo and El[e?] < oo.

(ii) {X:} is a sequence of strictly stationary time series variables. In
addition, we assume that {X;} is a—mixing with the mixing coefficient
a(t) defined by

a(t) =sup{|P(ANB) — P(A)P(B)|: A€ Q},B € Q,} < Cha!
for all s,t > 1, where 0 < C,, < oo and 0 < a < 1 are constants, and Qz
denotes the o—field generated by {X : i < k < j}.

(iii) We assume that { X} and {e;} are independent for all s < t. Let 7 (+)
be the marginal density such that [ 73(z)dz < oo, and 77, 7, ..., () be
the joint probability density of (Xi4r,,...,X147) (1 <1 <4). Assume
that 77, 7.7, (-) for all 1 <[ <4 do exist and are continuous.

(iv) Assume that the univariate kernel function K(-) is a symmetric
and bounded probability density function. In addition, we assume the
existence of both K)(-), the three-time convolution of K (-) with itself,

and KSQ)(), the two-time convolution of K?(-) with itself.
(v) The bandwidth parameter h satisfies both

Tlim h=0 and lim Th® = oo.

— 00

Assumption 3.2. (i) Let Hp; be true. Then 0y € © and
Jim P (\/T||§— Ool| > BlL) <e

for any €7 > 0 and some By, > 0.

(ii) Let Hi11 be true. Then there is a 6; € © such that
Jim P (\/TH(?— 01| > BQL) <e

for any €5 > 0 and some Byy, > 0.

(iii) There exist some absolute constants €3 > 0, &4 > 0, and 0 <
Bsy,, B4, < oo such that the following

Jim P (ﬁné‘* 9| > BgL|WT) <es
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holds in probability, where 9" is as defined in the Simulation Procedure
above Theorem 3.2.

(iv) Let mg(x) be differentiable with respect to  and a%p be continu-
ous in both x and 6. In addition,
H dmg(X1) ?

0< E 50 lo=a,

W(Xl)] < 00,

where the notation E[f(X1,6p)] denotes the conventional expectation
for some function f(-,0y) when X; is random, and || - ||> denotes the
Euclidean norm.

Assumption 3.3. Under Hi1, we have

Jim T Vhd CF =00 and 0< E [A*(X1)m(X1)] < oo.
Assumption 3.4. (i) There exist some absolute constants €; > 0 and
0 < A;1 < oo such that

Jim P (ﬁ||§— 0| > AlL) <er.

(ii) Let Ho2 be true. Then 9y € © and
Jim P (\/fuﬁo — || > BlL) < e

for any €5 > 0 and some By, > 0.
Let Hoz be false. Then there is a 1% € © such that

Thm P (\/T‘|’L§o —191” > BQL> < €3
for any €3 > 0 and some Byy, > 0.

(iii) There exist some absolute constants ¢4 > 0, &5 > 0, and 0 <
Bsr, B4, < oo such that both

Jim P (ﬁn{?;; — o > BgL|wT) <es and

Jim P (VTG = l| > BuWr) < 5

hold in probability, where 1/9\8 and 0* are as defined in the Simulation
Procedure above Theorem 3.2.

(iv) Let mg(x) and oyg(x) be twice differentiable with respect to 6 and
9, respectively. In addition, the following quantities are assumed to be
finite:

‘ 902(X1) T

51 (m) = E 619 |'19:190

06

e

4
‘ ] and Cy(c?) = E
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Assumption 3.5. Let limy .. TvVh O3, = oo and 0 < Cy(D) =
E [D3(X1)] < oo.

The first three parts of Assumption 3.1 are quite natural in this kind
of problem. We believe that the main results of this chapter remain
true when {e;} is a sequence of strictly stationary and a—mixing errors.
Since dealing with such dependent errors involves much more technic-
alities, we impose the i.i.d. conditions on {e;} throughout this chapter.
Assumption 3.1(iv) is to ensure the existence of quantities associated
with K (). As pointed out throughout this chapter, Assumption 3.1(v)
imposes the minimal conditions on A such that the asymptotic normality
is the limiting distribution of each of the proposed tests.

Assumption 3.2 is for some technical proofs and derivatives. Many well—
known parametric functions and estimators do satisfy Assumption 3.2.
Assumption 3.3 imposes some mild conditions to ensure that both classes
of global and local alternatives are included. For the global case where
Cr = ¢ (constant), the first part of Assumption 3.3 follows from As-
sumption 3.1(iv). For local alternatives, numerous choices of Cpr — 0
satisfy the first part of Assumption 3.3. Assumption 3.4 is similar to
Assumption 3.2, and Assumption 3.5 is analogous to Assumption 3.3.

8.5.2 Technical lemmas

It follows from (3.15) that

vV he (Ngj{(;d(o) + 4H§V3 K(S) (0))
K = . . (3.54)
Oor

We impose the very natural condition that lim7_, ., Th? = oo and obtain
the following approximations:

K?%(0
Y s
~ 2,u§u2/.F(Q(u)aluzag7

43 f K?
Kp = 0;3\/h7 <M2V3K(3)(0)+,u§ (0))

3 Th

Q

4 3
Vhd 053 %KQ(O), (3.55)

where the symbol “ ~ ” means that both sides are asymptotically
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identical. Let
-3

AK®)(0)p3v? 2K®
a; = (OS)MQV = V2 ©) /K2(u)du c(m)  (3.56)
RTops 3
7T3 x)ax
with e(m) = L)dg.
(,/fﬂ'r"(w)dw)
It then follows from (3.55) and (3.56) that
Kk &~ a3 Vhe (3.57)

using limy_. o Th? = co.

In order to establish some useful lemmas without including non—essential
technicality, we introduce the following simplified notation:

L <Xs - Xt)
a = y
ot TV thTO h
T T
Nr(h) = > Y esaqer, (3.58)
t=1 s=1,£t

-3
©(0) [ (u)du
plh) = V2K (0)3f (u)d <\//7T2(u)du /KQ(v)dv> Vhd,

where 08 = 2u3 1o [ K?(v)dv with vy = E[r?(X;)] and p» = E[ef], and
K®)(.) denotes the three-time convolution of K (-) with itself. We now
have the following lemma.

Lemma 3.1. Suppose that the conditions of Theorem 3.2 hold. Then for
any h

SIEI\P(NT(h)Sx)*@(pr(h) 2% —1) ¢(x)| =0 (rY) . (3.59)

PROOF: The proof is based on a nontrivial application of Theorem 1.1 of
Gotze, Tikhomirov and Yurchenko (2004). As the proof is quite general
and useful in itself, it is relegated to Theorem A.2 of the appendix at
the end of this book.

Recall Np(h) = Zt 1 ZS 1,4t €s st € as defined in (3.58) and let

Lr(h)

- & Kn(X,s — X)) &
90 s=1¢t=1 ;m
hi &
TUO ;t ;és - h t)
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h T
T—Z Z n(Xs — X¢)
=1t=1,#i

[ mX) = mg(X)] [m(X0) = ms(x0)

+ th Z 3 e Ku(X, — X)) {m(Xt)—mé{Xt)]
s:l t=1,#s
= Nr(h)+ Sr(h) + Dr(h), (3.60)

d
where Np(h) = 22 Y00 S L, e Kn(Xo — X4) ey,
h2 T T

Sr(h) = Z > KX, - Xy) (3.61)

s=1t=1,#s

X {m(Xs) — mA(X } [ Xi) — m@\(Xt):| )

Dr(h) = 2 3 S e Ku(X, - Xy) [m(Xt)—mé{Xt)}.

To
0 s=1¢=1,#s

We then define N3 (h), S5(h) and DX(h) as the corresponding versions
of Np(h), St(h) and Dr(h) involved in (3.60) with (X, Y;) and 6 being
replaced by (X¢, Y;*) and 6*, respectively.

Lemma 3.2. Suppose that the conditions of Theorem 3.2(i) hold. Then
the following

81}21 |P* (N7 (h) < 2) — ®(x) + p(h) (2° — 1) ¢(z)| = Op (h?) (3.62)

holds in probability.

PROOF: Since the proof follows similarly from that of Lemma 3.1 using
some conditioning arguments given Wy = {(X,Y:) : 1 <t < T}, we do
not wish to repeat the details.

Lemma 3.3. (i) Suppose that the conditions of Theorem 3.2(ii) hold.
Then under Ho1

E[Sr(h)] = O (\/sz) and E[Dr(h)] = o (WTd) (3.63)

(ii) Suppose that the conditions of Theorem 3.2(ii) hold. Then under Ho1
E*[S5(h)] = Op (\/ﬁ) and E* [Di(h)] = op (J/Td) (3.64)

in probability with respect to the joint distribution of Wr, where E*[] =
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(iil) Suppose that the conditions of Theorem 3.2(i) hold. Then under Hoy

BSr(h)] - B [S;(0)] = Op (Vh?) and
E[Dr(h)] - B*[Di(R)] = op (Vi) (3.65)

in probability with respect to the joint distribution of Wr.

PROOF: As the proofs of (i)—(iii) are quite similar, we need only to prove
the first part of (iii). In view of the definition of {as} of (3.58) and
(3.61), we have

Sr(h) = ET: ET: ( — ma(X, )) st (m(Xt)—m/e\(Xt)>,
t=1 s=1,#t

S - Y% (m(x0) = mg. (X)) s (m(Xe) =g (X))
t=1 s=1,#t

Ignoring the higher—order terms, it can be shown that the leading term
of S%.(h) — St (h) is represented approximately by

T T
Si(h) = Sr(h) = (1+op(1)Y > au (3.66)
t=1 s=1,#t

x - (mp(X,) = mg (X)) (mp(Xe) = mg (X))

Using (3.66), Assumption 3.2 and the fact that

el = gy < (557

- TUO/K du/ 2(0)dv

\/7
= Ty 72(v)dv, (3.67)
we can deduce that
B[Sz (1) = B*[S5(h)] = Op (VA1) (3.68)

which completes an outline of the proof.
Lemma 3.4. Suppose that the conditions of Theorem 3.2(ii) hold. Then

under Hiq

Jim E[Sr(h)]=co and  lim EDr(W] _ (3.69)

2 B [Sr(h)]
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PROOF: In view of the definitions of St(h) and Dr(h), we need only to
show the first part of (3.69). Observe that for 6; defined in Assumption
3.2(ii),

T T
seh)y = Y% (m(X mé\(Xs))ast( (X,) mA(Xt))
t=1 s=1,#t
T T
= 33 (m(X) - may (X2) a (m(Xy) — ma, (X))
t=1 s=1,t

w
Il
-
»
Il
—

#
+ op (S7(h)). (3.70)

In view of (3.70), using Assumption 3.2(ii), in order to prove (3.69) it
suffices to show that as T'— oo and h — 0,

t=1 s=1,#t

T T
Z Z — Mo, (XG)) st (m(Xt) — Mg, (Xt))] — 00.
(3.71)

Simple calculations imply that as T'— oo and h — 0

Z Z —mg, (X5)) ast (m(Xy) —me, (X))

t=1 s=1,#t

T T
Z Z A aétA Xt)

t=1 s=1,#t

o5 (14 0(1)) C2 Vhd T /K(u)du /Az(v)w2(v)dv

= o5 (1+0(1) T C2Vhd /A2 (v)dv — 0 (3.72)

using Assumption 3.3, where o is as defined in (3.58).

3.5.83 Proof of Theorem 3.1

The proof follows directly from Theorem A.1 in the appendix.
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3.5.4 Proof of Theorem 3.2

Proof of (3.19) of Theorem 3.2: Recall from (3.60) and (3.61) that

Lr(h) = (NT(h)+ST(h)+DT(h))~;—;, (3.73)
Ly(h) = (N%(h)+5%(h)+D%(h))~%, (3.74)

where
1 & 2
72 = 2ﬁ§ﬁ2/K2(u)du with fiz = > (Yt - mg(Xt)) ;

t=1
1 o 2
o =2 [ KPwdu with 7= > (Y- (X))
t=1
and D = 23;1 m(X) with 7(+) being defined as before.
In view of Assumption 3.2 and Lemmas 3.1-3.3, we may ignore any terms

with orders higher than vh and then consider the following approxi-
mations:

Ly(h) = Np(h)+ E[Sp(h)] +op(Vh) and
Li(h) = Ni(h)+ E*[Sa(h)] + op (\/de) (3.75)

Let s(h) = E[St(h)] and s*(h) = E*[S}.(h)]. We then apply Lemmas
3.1 and 3.2 to obtain that

P(Lrh) <z) = P(Ne(h) <o s(h) +op (VAd))
— 0o s(h) — p()(@ — (k) ~ 1)

)
% @(a —s*(h)) + op (\//Td) (3.76)

hold uniformly over z € R.
Theorem 3.2(i) follows consequently from (3.65) and (3.76).
Proof of (3.20) of Theorem 3.2: In view of the definition that

P (E:;(h) > z;) —a
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and the conclusion from Theorem 3.2(i) that
P (ET(h) > z:;) _p (E*T(h) > z:;) —Op (\/de) : (3.77)

the proof of
P (:Fn(h) > z;) —a+0 <\/hd)
follows unconditionally from the dominated convergence theorem.

Proof of (3.21) of Theorem 3.2: Theorem 3.2(ii) follows consequently
from Lemma 3.4 and equations (3.75)—(3.76).

3.5.5 Proofs of Theorem 3.8 and 3./

The proof of Theorem 3.3 follows from an application of Theorem A.1
in the appendix. Similarly to the proof of Theorem 3.2, we may prove
Theorem 3.4. The detailed proofs are available from Casas and Gao
(2005).

3.6 Bibliographical notes

The literature on nonparametric and semiparametric specification is
huge. Hardle and Mammen (1993) have developed consistent tests for a
parametric specification by employing the kernel estimation technique.
Wooldridge (1992), Yatchew (1992), Gozalo (1993), Samarov (1993),
Whang and Andrews (1993), Horowitz and Hérdle (1994), Hjellvik and
Tjgstheim (1995), Fan and Li (1996), Hart (1997), Zheng (1996), Hjellvik,
Yao and Tjgstheim (1998), Li and Wang (1998), Dette (1999), Li (1999),
Dette and Von Lieres und Wilkau (2001), Kreiss, Neumann and Yao
(2002), Chen, Hérdle and Li (2003), Fan and Linton (2003), Zhang and
Dette (2004), Gao and King (2005), and others have developed kernel-
based consistent tests for various parametric or semiparametric forms
(partially linear or single-index) versus nonparametric alternatives for
either the independent case or the time series case.

In the same period, Eubank and Spiegelman (1990), Eubank and Hart
(1992), Shively, Kohn and Ansley (1994), Chen, Liu and Tsay (1995),
Hong and White (1995), Jayasuriya (1996), Hart (1997), Eubank (1999),
Hérdle, Liang and Gao (2000), Gao, Tong and Wolff (2002b), Li, Hsiao
and Zinn (2003), and others have studied series-based consistent tests for
a parametric regression model versus nonparametric and semiparametric
alternatives. Other related studies include Robinson (1989), Ait-Sahalia,
Bickel and Stoker (2001), Gozalo and Linton (2001), Sperlich, Tjgstheim
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and Yang (2002), Fan and Yao (2003), Fan and Zhang (2003), Gao and
King (2005), and others.

This chapter has concentrated on the case where there is no structural
break (change—point) in the conditional moments of Y; given X; = z.
When there are structural breaks, nonparametric and semiparametric
counterparts of existing parametric tests, such as Andrews (1993), King
and Shively (1993), Andrews and Ploberger (1994), Stock (1994), Hansen
(2000a, 2000b), and Ling and Tong (2005), have been constructed. Re-
cent papers include Delgado and Hidalgo (2000), Grégoire and Hamrouni
(2002), Gijbels and Goderniaux (2004), Gao, Gijbels and Van Bellegem
(2006), and others.

Our discussion in this chapter has also been focused on the case where
{X.} is a stationary time series while {e;} is a sequence of independent
random errors. As briefly mentioned in Example 1.8 and discussed in
detailed in Gao et al. (2006), the proposed test statistics may be extended
to the case where {X;} is a nonstationary time series.
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CHAPTER 4

Model Selection in Nonlinear Time
Series

4.1 Introduction

One task in modelling nonlinear time series data is to study the struc-
tural relationship between the present observation and the history of
the data set. Since Tong (1990), which focuses mainly on parametric
models, nonparametric techniques have been used extensively to model
nonlinear time series data (see Auestad and Tjgstheim 1990; Tjgstheim
1994; Chapter 6 of Fan and Gijbels 1996; Hardle, Liitkepohl and Chen
1997; Gao 1998; Chapter 6 of Hardle, Liang and Gao 2000; Fan and Yao
2003 and the references therein). Although nonparametric techniques
appear feasible, there is a serious problem: the curse of dimensionality.
For the independent and identically distributed case, this problem has
been discussed and illustrated in several monographs and many papers.
In order to deal with the curse of dimensionality problem for the time
series case, several nonparametric and semiparametric approaches have
been discussed in Chapters 2 and 3, including nonparametric time series
single-index and projection pursuit modelling and additive nonparamet-
ric and semiparametric time series modelling. In addition to such non-
parametric and semiparametric approaches to modelling nonlinear time
series, variable selection criteria based on nonparametric techniques have
also been discussed in the literature.

As mentioned in Section 3.4.1 of Chapter 3, some variable selection is-
sues have been treated as model specification issues in the literature.
To examine the similarity and difference between variable selection and
model specification, we provide the following example.

Example 4.1: Consider a nonlinear time series model of the form

}ft :m(Xt)—l—et :m(Uth)—i—et, (41)
where X; = (U], V;7)” with U; and V; being the subsets of X;. As has
been discussed in Section 3.4.1 of Chapter 3, the form of m(:,-) may

83
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be specified through testing a null hypothesis. For example, in order
to test whether {U;} is a significant subset, existing results from the
econometrics literature suggest testing whether the hypothesis

P(EYi|U,, Vil = EIV|UH]) = 1 (4.2)

holds. In the statistics literature, interest has been on selecting an op-
timum subset, X;_, of X; such that

P(E[Y:|X:] = E[Y3] X, ]) = 1. (4.3)

The main similarity is that both methods focus on finding the true form
of the conditional mean function. The main difference is that unlike the
model specification method, the variable selection method may be able
to treat each of the components of X; equally without assuming that
{V4} is less significant. As a result, the variable selection method may be
more expensive computationally than the model specification method.

Similarly, before using model (1.1) in practice, we should consider identi-
fying a suitable pair (3, g) such that

P(EY|X:] =U[B+9(V1)) = 1. (4.4)

Such identifiability issue has been addressed in Chen and Chen (1991)
and Gao, Anh and Wolff (2001). This chapter thus assumes that the
semiparametric form is the true form of the conditional mean function,
and the main interest then focuses on a semiparametric selection of the
optimum subsets of both U; and V;.

In theory, we may suggest using any of existing dimension reduction
methods to deal with the dimensionality reduction problem. In prac-
tice, however, we need to check whether the method used is appropriate
for a given set of data before using it. Although partially linear time
series modelling may not be capable of reducing the nonparametric time
series regression into a sum of one-dimensional nonparametric functions
of individual lags, it can reduce the dimensionality significantly for some
cases. Moreover, partially linear time series models take the true struc-
ture of the time series data into account and avoid neglecting existing
information about linearity of the data. This chapter proposes combin-
ing semiparametric time series modelling and nonparametric time series
variable selection to deal with the dimensionality reduction problem.
We assume that a time series data set {(Y;, Uy, Vi) 1t > 1} satisfies a
partially linear time series model of the form

In model (4.5), the linear time series component is U7 and g(V;) is
called the nonparametric time series component.
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Model (4.5) covers some existing nonlinear time series models. In theory,
model (4.5) can be used to overcome the dimensionality problem, but
in practice model (4.5) itself may suffer from the curse of dimensional-
ity. Thus, before using model (4.5) we need to determine whether both
the linear and nonparametric components are of the smallest possible
dimension. For the partially linear model case, the conventional non-
parametric cross—validation model selection function simply cannot take
the linear component into account but treats each linear regressor as a
nonparametric regressor. As a result, this selection may neglect existing
information about the linear component and therefore cause a model
misspecification problem. Therefore, we need to consider a novel exten-
sion of existing parametric and nonparametric cross—validation model
selection criteria to the semiparametric time series setting.

This chapter discusses two different variable selection criteria. The first
one, as established by Gao and Tong (2004), proposes using a semi-
parametric leave-T,—out cross—validation function (abbreviated as semi-
parametric CVT, model selection function) for the choice of both the
parametric and nonparametric regressors, where T, > 1 is a positive
integer satisfying T, — oo as the number of observations, T — oco. The
reason for proposing the CVT, function rather than the conventional
CV1 function is that it yields consistency. The proposed semiparamet-
ric cross—validation (CV) model selection procedure has the following
features:

(i) It provides a general model selection procedure in determining asymp-
totically whether both the linear time series component and the nonpara-
metric time series component are of the smallest possible dimension. The
procedure can select the true form of the linear time series component.
Moreover, it can overcome the curse of dimensionality arising from using
nonparametric techniques to estimate g(-) in (4.5).

(ii) It extends the leave-T,—out cross-validation (CVT,) selection cri-
terion for linear parametric regression (Shao 1993; Zhang 1993) and the
leave—one—out cross—validation (CV1) selection criterion (Vieu 1994; Yao
and Tong 1994) for purely nonparametric regression to the semipara-
metric time series setting. As a result, we also extend the conventional
nonparametric CV1 function to a kind of nonparametric CVT, function.

(iil) Tt is applicable to a wide variety of models, which include additive
partially linear models for both the independent and time series cases. As
a result, the proposed model selection procedure is capable of selecting
the most significant lags for both the parametric and nonparametric com-
ponents. Both the methodology and theoretical techniques developed in
Gao and Tong (2004) can be used to improve statistical model building
and forecasting.
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The second selection procedure proposed in Dong, Gao and Tong (2006)
is the so—called semiparametric penalty function method by incorpor-
ating the leave-one—out cross—validation method with the parametric
penalty function method. This chapter then discusses a semiparametric
consistent selection procedure suitable for the choice of optimum sub-
sets in a partially linear time series model. The semiparametric penalty
function method is implemented using the full set of the data, and simu-
lations show that it works well for both small and medium sample sizes.

4.2 Semiparametric cross—validation method

Although concepts like Akaike (Akaike 1973) information criterion (AIC)
and maximum likelihood do not carry over to the nonparametric situ-
ation in a straightforward fashion, it makes sense to talk about prediction
error and cross—validation in the general framework. The equivalence of
AIC and CV criterion for the parametric autoregressive model selection
was alluded to by Tong (1976) and established by Stone (1977). Since
then, many other authors have studied the behavior of the CV criterion
in nonparametric regression for both the independent and time series
cases.

Before establishing a general framework for the semiparametric time
series case, we need to introduce some notation.

Let A, = {1,...,q}, D, = {1,...,p}, A denote all nonempty subsets
of A, and D denote all nonempty subsets of D,,. For any subset A €
A, Upa is defined as a column vector cousisting of {Uy,i € A}, and
Ba is defined as a column vector consisting of {f;,7 € A}. For any
subset D € D, Vip is a column vector consisting of {V;;,i € D}. We
use dg = |E| to denote the cardinality of a set F. Let 43 = {A: A €
A such that at least one nonzero component of 3 is not in 84},

Ay = {A:Ae€ Asuch that 84 contains all nonzero components of 3},
Dy = {D:DeD suchthat E[Y;|X:p| = E[Y:|X:]},

Dy = {D:DeD suchthat E[U] S| X,p| = E[U]B|X:]},

Bi = {(A,D):Ac Ay and D € D;NDy}. (4.6)

Obviously, the subsets A € A; and D € D = D — D; correspond to
incorrect models. When (A, D) € By,
ElY,|Uia,Vip] = (Uia — E[Ua|Vip])" Ba + E[Y3|ViD]
(U — E[U| Vi) B + E[Y3| V4]
= EWYi|U, Vi)
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This implies that the correct models correspond to (Ag, Dg) € By such
that both Ay and Dy are of the smallest dimension. In order to ensure the
existence and uniqueness of such a pair (Ag, Dy), we need to introduce
some conditions.

Assumption 4.1. (i) Assume that
Aap=FE{Uia — ElUsa|Vip]} {Uia — E[Usa|Vip]}"

is a positive definite matrix with order dp x dp for each given pair of
AeAand D € D.

(11) Let BO = {(Ao, Do) S Bl, such that |A0| -+ ‘D0| = HliIl(A7D)egl [|A| +
|D|]}. Assume that (A, Dy) is the unique element of By and denoted by
(A., D,).

Assumption 4.2. Assume that there is a unique pair (84, g«) such that
the true and compact version of model (4.17) is defined by

Vi =U/a, B + 9:(Vip.) + €1, (4.7)
where e; = Y; — E[Y;|Uy, X3

In order to ensure that model (4.7) is identifiable, we need to impose the
following condition to exclude the case where ¢, is also a linear function
in Xy; for j € D, — D.,.

Assumption 4.3. Define 6,(X;;) = E[g9.(X:p.)|Xy;] for j € D, — D,.
There exists an absolute constant My > 0 such that

i inE0;(X:;) —a— BX:]> > M,.
JeBitn, B P () e = BT Mo

Assumption 4.1(i) requires the definite positivity of the matrix even
when both U; and V; are dependent time series. When U; and V; are
independent, Ay p = E{Uia — E[U;a]} {Uia — E[U;4]}". Clearly, A;
consists of incorrect subsets A, and the subsets in A3 may be inefficient
because of their unnecessarily large sizes. The optimum pair (A, D,)
belongs to By, that is, both the parametric and nonparametric regressors
are of the smallest dimension. Assumption 4.1(ii) postulates both the
existence and uniqueness of (A, D). It might be possible that there
exists another pair (A*, D*) such that |A*| + |D*| = |A«| + |D«|. This
makes our discussion more complicated. Since it is not a likely case in
practice, we discard it.

Assumption 4.2 requires the uniqueness of the pair (fs,g.). In other
words, Assumption 4.2 also implies that if there is another pair (5*, ¢*)
such that

Ula B +9«(Vip,) = Uy " +g"(Vip.) almost surely,
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then g* = 3, and ¢g* = g.. Thus, Assumption 4.2 guarantees that the
true regression function U7, B« + g«(Vip,) is identifiable, i.e., 3, and g.
are uniquely determined up to a set of measure zero.

Assumption 4.3 is imposed to exclude the case where g,(-) has a known
parametric linear component. This is just for considerations of rigour.
Conventionally, the nonparametric component of a partially linear model
is always viewed as a completely nonparametric and nonlinear function.

To establish our procedure for estimating A, and D,, consider, for each
given pair A € A and D € D, a partially linear model of the form

Yy =U{aBa+ gp(Vip) + e(4, D), (4.8)

where e;(A, D) =Y; — E [Y;|Uia, Xip], B4 is as defined before, and gp(-)
is an unknown function on R'P!. The definition of et(A, D) implies that
9p(Xip) = E[Yi|Vip] — BLE [Ura|Vip).

In order to estimate 84 and gp(-), we need to introduce some additional
notation:

T T
Gu(D) = > Wp(t,s)Ys, Gar(A, D)= Wpl(t,s)Usa,
Zy(D) = Yi—gu(D), Z(D)=(Z:(D),...,Zpr(D))",
Wi(A, D) = Ua —g2(4A, D),
( ) = (Wl(AaD)7~-'aWT(AaD))T>
a(Xy) = ENiXi], 92(Xi) = E[Ue| X4],
Wt = Ut *gg(‘/t), W = (Wl,...,WT)T, (49)

where
Kp((Vip —Vsp)/h)

Sim Kn((Vio = Vip)/h)”
in which T is the number of observations, Kp is a multivariate kernel
function defined on R'P!, and & is a bandwidth parameter satisfying

Wp(t,s) =

he Hrp = aDT74+1|D\75D’bDT74+1\D\+CD} ,
where the constants ap, bp and c¢p satisfy 0 < ap < bp < oo and
0<ep < {24+ D)}

Obviously, there are (27 — 1) x (27 — 1) possible pairs for (A, D). The
selection of (A, D) is then carried out by using the data {(Y;, U, V) :
t=1,...,T} satisfying

=U/B+g(Vi) + e
as defined in (4.5). Using (4.8) and (4.9), the least squares estimator of
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Ba is (see (1.2.2) of Hardle, Liang and Gao 2000)

E(A,D) = (W(A,D)"W (A, D))t W(A, D) Z(D), (4.10)
where ()T is the Moore—Penrose inverse.

Using model (4.8) fitted based on the data {(Y;, U, Vi) : t =
the mean squared prediction error is

1,...,T},

Lr(AD) = = Z [Zt - Wi(A,D)" B(A,D)}2

(Z(D) —W(A, D)B(A, D))T (Z(D) — W(A, D)A(A, D))
£7R(A, D)E + %é(D)TR(A D)G(D)

(WB)"R(A,D)(WpB) + Ar(A, D), (4.11)

H\'—‘H\HH\H

where
(61, ey eT)T,
P(A,D) = W(A,D)(W(A,D)W(A, D))" W(A,D)",
R(A,D) = Ir—P(A,D), G(D)=(q1(D),...,gr(D))",

9:(D) = g1(Xy) —g1:(D), I is the identity matrix of order T'x T, and the
remainder term is

P . 2 ~

ZE7R(A, D)G(D) + 2.G7 (D)R(A, D)(Wp)

+ %ETR(A, D)(W3).

Ar(A, D)

It follows from (4.11) that the overall expected mean squared error is
_ _ (1A e
MT(Aa D) - E[LT(A7D)] ={1 T o)
+ PT(A7D)+NT(A5D)+0;D(MT(A5D)>7 (412)

where o2 = E[e?], Pr(A, D) = %E [(WB)"R(A, D)(W )], and

Nr(A, D) = %E [G(D) (A, D)G(D)] .

Equations (4.11) and (4.12) not only reflect the error in model selection
and estimation, but also motivate us to generalize the cross—validation
method proposed by Shao (1993) for the parametric case to the semi-
parametric time series case. Suppose that we split the data set into two
parts, {(Y;,Us, Vi) : t € S} and {(Y;, U, Vi) : t € S°}, where S is a
subset of {1,...,T} containing T, integers and S¢ is its complement
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containing T, integers, T;, + T. = T. Model (4.8) is fitted using the data
{3, U, V3) : t € S¢}, called the construction data, and the prediction
error is assessed using the data {(Y;, U, V;) : ¢t € S}, treated as if they
were future values.

Similarly to (4.10), using the construction data we can estimate 54 by
Be(4, D) = (We(A, D) We(A, D))" We(A, D) Zo(D),  (4.13)
where W,.(A, D) = (W;, (A, D),. .., WZ-TC,C(A, D))" and
Ze(D) = (Ziy (D), -+ Zig,, (D))",
in which for t € S¢ort € S,

Wt,C(AvD) = UtA _/g\gt(AvD)v th A D Z WD t S sA7
sEeSe
Zio(D) = Y, —g1,(D), g7,(D Z Whp(t,s)
sES*®

For t € S, let ZE(A7D) = Wt,C(A,D)Tac(A,D). The average squared
prediction error is then defined by

CV(A,D;h) = CV(A,D;h,T,) =CVs(A, D;h,T,)
—~ 2
= 3 (ZeeD) - Z2(A,D)) (), (414)
T, tes

where the weight function w(-) is employed to trim off some extreme val-
ues of V; involved in the nonparametric estimator of the density function
of V; in the denominator.

The CV(A, D;h) function is called the semiparametric leave-T,—out
cross—validation function, abbreviated as semiparametric CVT, function.
As can be seen from its construction, the parametric and nonparametric
counterparts are both special cases. In other words, we extend not only
the parametric CVT, proposed by Shao (1993) but also the conventional
nonparametric CV1 function to the semiparametric CVT, function. As
the semiparametric CV1 is asymptotically inconsistent in the selection of
A, we adopt the following Monte Carlo CVT,, in the selection of (A, D).

Randomly draw a collection R of n subsets of {1,...,T} that have size
T, and select a model by minimizing

MCOV(4,Dih) = — 3 CVs(4, Dih,T,) (4.15)
SER
~ 2
= 33 (ZuelD) - Z2(A, D)) Vi)
Y SR tes

© 2007 by Taylor & Francis Group, LLC



SEMIPARAMETRIC CROSS-VALIDATION METHOD 91
we call it the semiparametric MCCV(T;,) function. Let

(A,D,h) = arg min MCCV(A, D; h), (4.16)
{A€A, DeD, heHL 5}

where
1
F DT Tep

R S _
HSp = lapT. 27" bpTe. ,

in which the constants ap, bp and cp satisfy 0 < ap < bp < oo and

0<cp<{204+|DD} "

We now state the following main result of this section as established by
Gao and Tong (2004).

Theorem 4.1. Assume that Assumptions 4.1-4.8 and 4.5-4.8 listed in
Section 4.5 hold. Then

Tlim P(g:A*, ZA):D*)zl and

P
D

1
44| D . ., .
as T — oo, where hy, = ¢, T, Pl and e, is a positive constant.

Theorem 4.1 shows that if a given data set (Y;, Uy, V;) satisfies a model
of form (4.5), the proposed semiparametric CVT, selection procedure
suggests that we need only to consider the selection of (27 —1) x (2P — 1)
possible models of the form (4.5). When U; and V; are independent, we
need only to consider the selection of 2P 4 29 — 2 possible models. If we
choose to use either a purely nonparametric cross—validation selection
procedure or the completely parametric CVT, selection procedure for
the selection of an optimum set of (U, V), we need to consider the
selection of 2PT¢ — 1 possible models. Consequently, in theory we may
cause a model specification problem, since a completely linear model or
a purely nonparametric regression model may be either too simple or too
general for a given time series data. In practice, the computation when
selecting 2PT¢ — 1 possible models is more expensive than that when
selecting (29 — 1) x (2P — 1) possible models when p and q are large.

Theorem 4.1 covers two important cases. First, we can select the op-
timum subset of parametric regressors when the nonparametric com-
ponent of (4.5) is already compact. Second, Theorem 4.1 also provides
a consistent selection procedure for the nonparametric component even
when the parametric component is compact. Moreover, the conclusions
of Theorem 4.1 apply to many important special cases. For example, the
case where Uy, V; and e; are all strictly stationary time series is included.
This implies that both the proposed model selection procedure and the
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conclusion of Theorem 4.1 apply to a wide variety of models of the form
(4.5).

In addition, Theorem 4.1 not only extends the model selection method of
Shao (1993) for the fixed design linear model case to the selection of both
parametric and nonparametric regressors in semiparametric time series
regression, but also generalizes the conventional nonparametric CV1
function (see Vieu 1994, 1995; Yao and Tong 1994) for both the inde-
pendent and f—mixing time series cases to the semiparametric MCCV (T,)
function for the a—mixing time series case.

Theorem 4.1 not only provides the asymptotic consistency of the semi-
parametric CVT, selection procedure, but also shows that if a model of
form (4.5) within the context tried is the truth, then the semiparametric
selection procedure will find it asymptotically.

Before we prove Theorem 4.1 in Section 4.5 below, we discuss some ap-
plications of Theorem 4.1 through using Examples 4.2 and 4.3 in Section
4.4 below.

4.3 Semiparametric penalty function method

Section 4.2 has discussed the proposed semiparametric cross—validation
selection method. As observed in the simulations in both Shao (1993)
and Section 4.2 of this chapter, the number of observations used to fit
the model is, however, quite small (with 7. = 15 in Shao 1993 for the
parametric case and T, = 69 in Section 4.2 for the semiparametric case),
while the number of observations used to validate the proposed method
is relatively large (with T,, = 25 and T, = 219, respectively). This may
impede the implementation of the method in practice because the theory
requires T, — o0; it is more appropriate to use comparatively more data
to construct the model but comparatively fewer data to validate the
model. In addition to addressing the problem of inconsistency in model
selection such as AIC, Zheng and Loh (1995, 1997) have proposed the
so—called penalty function method for parametric model selection.

In this section, we propose a semiparametric penalty function-based
model selection criterion by incorporating some essential features of the
CV1 selection method for the choice of both the parametric and the non-
parametric regressors in model (4.5). The main objective of this section
is to propose a new selection criterion, establish the associated theory
and demonstrate the key feature of easy implementation of the pro-
posed semiparametric penalty function method by using two simulated
examples.
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Using Equations (4.8)7(4.10) the residual sum of squares is defined by

RSS(A,D:h) Z [Zt - Wi(4, D) E(A,D)r

(Z<D>— W(4,D)5(4, D))
(2(D) - w (4, D)B(A, D))

= E"R(A,D)E + G(D)"R(A, D)G(D)
+ (WB)R(A,D)(WB) + T Ar(A, D), (4.17)

where the quantities involved are defined as in (4.11).

It may be shown from (4.17) that the following equations hold uniformly
inhé€ Hrp,

RSS(A,D;h) = ETR(A,D)E+G(D)"R(A, D)G(D)
+ (WB)"R(A,D)(Wp) + op (RSS(A, D; ),
Mrp(A,D;h) = FE[RSS(A,D;h)] = (T — |A|)o® + Pr(A, D)
+ Nz(A,D)+o(Mr(A, D)), (4.18)
where
Pr(A,D) = E[(WS)"R(A,D)(Wp)] and
Nr(A,D) = E é(D)TR(A,D)é(D)}.

Before we define our selection procedure, we need to introduce the fol-
lowing penalty function. The penalty function Ar(A, D) is defined as

Ar(A,D): AxD — R
satisfying the following assumption.

Assumption 4.4. (i) Let Ar(0,0) = 0 and Ar(0, D) = 0 for any given
D eD.

(ii) For any subsets A;, Ay € A, D1, Dy € D satisfying Ay D Ay, Dy D
Dla
lim inf Ar (A1, D1)

— < 1.
T—o0 AT(AQ,DQ)

(iii) For any nonempty sets A and D, we assume that

Tlim Ar(A,D) =00 and lim Ar(4, D)

T—o0 T =0

It should be noted that A (A, D) can be chosen quite generally. Ar(A, D)
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is defined as a function of sets in theory, but in practice we can define
the penalty function Ar(A, D) as a function of |A| and |D| satisfying
Assumption 4.4. Obviously, the definition of Ap(A, D) generalizes the
function hy, (k) in Zheng and Loh (1997). Assumption 4.4 regularizes the
penalty function so as to avoid any problem of either over—fitting or
under—fitting.

We now extend the penalty function method from linear model selection
to the partially linear model selection. Define

o= . . AQ
(A,D,h) = arg peapln {RSS(A,D;h) + Ar(A,D)5°},
(4.19)
2

where ¢ = ﬁRSS(Aq,DP;h) is the usual consistent estimate of
var[e;] = o2. It may also be shown from equation (14) of Zheng and
Loh (1997) that

2 =0 +op(1) (4.20)
uniformly in h € Hrp.

The method discussed here generalizes those criteria proposed in Zheng
and Loh (1995, 1997), Yao and Tong (1994), and Vieu (1994). For ex-
ample, if D, is already identified, then the problem will become a model
selection problem for linear models as discussed in Zheng and Loh (1995,
1997). If A is already identified as A, and we need only to select D for
(A4, D), then the model selection will reduce to a purely nonparamet-
ric leave—one—out cross—validation selection problem. This is because,
as shown in Section 2.1 of Gao and Tong (2005), the leading term
%RSS(A*,D; h) is asymptotically equivalent to a CV1(D,h) function
of (D, h) as defined below:
1< _ _ 2
CVI(D,h) = = >~ {¥i = U7 B(44, D) = GulXin, B(A, D))}, (4.21)
t=1

where g;(X:p, ) is as defined before. Thus, in the case where A is
already identified as A., we may choose (D, h) as follows:

(D, h) = arg pelhi, CV1(D,h).

We now state the asymptotic consistency of the proposed selection cri-
terion in Theorem 4.2, which is comparable with Theorem 4.1.

Theorem 4.2. If the Assumptions 4.1-4.4 and 4.5—4.8 listed in Section
4.5 hold, then

lim P(Z:A*,IND:D*) —1 and

T—o0
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— —pl
*

1 . »
as T — oo, where h, = ¢, T 10«1 and c, is a positive constant.

Before we prove Theorem 4.2 in Section 4.5 below, we examine some
finite—sample properties of the proposed penalty function selection cri-
terion through Examples 4.4 and 4.5 in Section 4.4 below.

4.4 Examples and applications

This section illustrates Theorem 4.1 using a simulated model in Example
4.2 and a set of real data in Example 4.3. Theorem 4.2 is then illustrated
through using two simulated examples in Examples 4.4 and 4.5.
Example 4.2: Consider a nonlinear time series model of the form

0.5Vi—1 — 0.23V;_5

Y, = 047U;_1 — 0.45U;_
t t—1 t—2 + T+ VZ, + V2, + e,
Ut = O.55Ut,1 — 0.12Ut,2 + (St and
Vi = 0.3sin(2nV,_1) +0.2cos(2nVi_2) + €, t =3,...,T,(4.22)

where &;, €; and e; are mutually independent and identically distributed
with uniform distributions on (-1, 1), (—0.5,0.5) and the standard Nor-
mal distribution N (0, 1), respectively, Uy, Us, V1, Vo are independent and
identically distributed with uniform distribution on (—1,1), Us and V;
are mutually independent for all s,¢ > 3, and the process {(n:, €, e:)} is
independent of both (Uy,Uz) and (V1, Va).

For Example 4.2, the strict stationarity and mixing condition can be
justified by using existing results (Masry and Tjgstheim 1995, 1997).
Thus, Assumption 4.4 holds. For an application of Theorem 4.1, let

B8 = (B1,02)" =(0.47,-0.45)" and
0.5Vi—1 — 0.23V;_o
Vi1, Viio) =
9(Vi-1,Vi—2) T+ V2, 1 V2,

In this example, we consider the case where V;, V;_1 and V;_5 are se-
lected as candidate nonparametric regressors and U;_1 and U;_5 as can-
didate parametric regressors and then use the proposed semiparametric
MCCV(T,) function to check if (U1, Us—a, Vi1, Vi—_2) is the true semi-
parametric set. For this case, there are 23 —1 = 7 possible nonparametric
regressors and 22 —1 = 3 possible parametric regressors. Therefore, there
are 10 possible candidates for the true model, since U; and V; are inde-
pendent.
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Let DQ = {1,2}, D1 = {0,1}, D2 = {0,2}, D3 = {071,2}, D4 = {0},
Ds = {1}, Dg = {2}, D = {D; : 0 < i < 6}, Vip, = (Vi—1,Vi-2)7
Vi, = (Vi,Vie1)™, Vip, = (Vi, Vi)™, Vip, = (Vi, Vic1, Viea)™, Vip,
Vi, Vip, = Vic1, Vipg = Via, Ao = {1,2}, Ay = {1}, A2 = {2}, A=
{AZ 1= 0, 1,2}, []tA0 = (Ut,hUt,Q)T, UtA1 = Ut,1 and UtA2 = Utfg.
It follows that both D, = Dy and A, = Ag are unique. Assumptions
4.1-4.3 therefore hold.

Throughout Example 4.2, we use h € Hp = [0.1 . T67%73 . chﬂ, where

T, is to be chosen and the weight function w(z) = I[_11j(), in which

I4(z) is the indicator function. For the multivariate kernel function K(-)

involved in Wp(t, s), define K (u1,...,u;) = [T_; k(u;) for j =1,---,3,
2

where k(u) = \/%e*“?. It follows that Assumptions 4.5-4.7 are all sat-
isfied.

In the calculation of MCCV(T,), we choose n = T, T,, = T — T, and
T. = [T3/4], the largest integer part of T3/4. Assumption 4.8(ii) follows
immediately from the choice of n =T and T,. Before checking Assump-
tion 4.8(i), we introduce the following notation. Using the independence
between U; and V;, we have E[Usa,|X¢p;] = E[U;a,] for all i = 0,1,2

and j =0, ---,6. Thus, we need only to introduce the following notation.
For i =0,1,2, let

n(Ai) = Upa, — E[Usa],

n(Ai) = (m(A),....nr(4:))7,

nt(AO)a n= (nla s 777T)T‘

3
[

Let ap = Z?:l n(A;)B; and a = nf = (aq,...,ar)". A detailed
calculation yields that

(mB)" (It — n(A:) (n(A:)™n(A:) " n(A:)7) (nB)

| SLRA) S0t = [T mAda]

Zth?, 7 (Ai)
with probability one for all ¢ = 1,2, because P(n:(A;) = o) = 0. This
shows that Assumption 4.8(i) holds. Therefore, Assumptions 4.1-4.3 and
4.5-4.8 all hold.

>0

For the three sample sizes T' = 72, 152 and 302, we calculated the relative
frequencies of the selected parametric and nonparametric regressors in
1000 replications. Table 4.1 below reports the results of the simulation
for the semiparametric MCCV (T,) selection function.
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Table 4.1. The semiparametric MCCV(T,,) function-based relative
frequencies for Example 4.2

Significant Semiparametric Regressor Relative Frequency

T=72 T=152 T =302

{Ut=1,Us—2, Vi1, Vi_a} 0.723 0.891 0.984
{Ui=1,Up—2, V4, Vi1, Via} 0.124 0.064 0.011
{U4-1,Us—2, Vi1, Vi} 0.065 0.018 0.003
{Ui=1,U1—2, Voo, Vi } 0.063 0.018 0.002
{Ui=1,Xi—1,Vi2} 0.012 0.005 0.000
{Ut—2, X¢—1,Vi—2} 0.013 0.004 0.000

We now compare the proposed semiparametric MCCV(T,) selection
function with the conventional nonparametric CV1 selection function.
For the same Example 4.2, consider the case where U;_1, U;_o, V;, Vi1
and V;_o are selected as candidate nonparametric regressors. For this
case, there are 2° — 1 = 31 possible nonparametric regressors, since we
treat each parametric regressor as nonparametric. As the conventional
nonparametric CV1 function is already consistent, we considered using it
as an alternative to the semiparametric MCCV(T,) function. To ensure
that the numerical comparison between the semiparametric MCCV(T},)
method and the nonparametric CV1 model selection can be done in a
reasonable way, we choose the same w, k and h as above and define
K(u1,...,u;) = [[/_, k(w) for j = 1,---,5 for the multivariate kernel
function involved in Wp (¢, s). The results based on 1000 replications are
given in Table 4.2.

Table 4.2. The nonparametric CV1-based relative frequencies for
Example 4.2

Significant Nonparametric Regressor Relative Frequency

T=72 T=152 T =302

{Ui—2, Vi1, Viea} 0.473 0.472 0.477
{Ui=1, Vi1, Via} 0.464 0.470 0.476
{Us—1,Us—2,Vi_1,Vi_a} 0.016 0.018 0.016
{Ut=1,Us—2, Vi, Vi_o} 0.017 0.017 0.016
{Ui-1,U4—2, V4, Vi1 } 0.015 0.019 0.014
{Vie1, Vica} 0.013 0.004 0.001
{Vt, Vic1, Via} 0.002 0.000 0.000
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Table 4.1 shows that MCCV(T,) can be implemented in practice and
supports the validity of our definition of optimum subset (see Assump-
tion 4.1). The simulation results show that both A and D can be rea-
sonably good estimators of A, and D, even when the sample size T
is modest. Unlike the semiparametric MCCV(T,) function, the conven-
tional nonparametric CV1 function cannot identify the true set of re-
gressors (Us—1,Us—2, Vi1, Vi_o}. This is a reflection of the fact that the
semiparametric MCCV(T,,) selection takes into account the existence
of both the parametric and nonparametric regressors while the non-
parametric CV1 neglects the existence of the parametric component but
treats each parametric regressor as nonparametric. Both the semipara-
metric and nonparametric CV1 selection procedures considered all pos-
sible 10 models for the semiparametric case and all possible 31 models for
the nonparametric case. As many other insignificant regressors had zero
probability being selected, Tables 4.1 and 4.2 provide only the relative
frequencies for the significant regressors. We also recorded the relative
frequencies based on the corresponding nonparametric MCCV(T;,). As
the values were comparable with those given in Table 4.2, we only report
the relative frequencies based on the conventional nonparametric CV1
function. The computation times for the semiparametric selection were
much shorter than those for the nonparametric selection.

Throughout Example 4.2, we point out that Assumptions 4.1-4.3 and
4.5-4.8 are all satisfied. In theory, Assumption 4.8(i) is a very minimal
model identifiability condition. But, it is not easy to verify in practice.
For Example 4.2, however, we have been able to verify the condition.

Example 4.3: Fisheries Western Australia (WA) manages commercial
fishing in Western Australia. Simple Catch and Effort statistics are often
used in regulating the amount of fish that can be caught and the num-
ber of boats that are licensed to catch them. The establishment of the
relationship between the Catch (in kilograms) and Effort (the number
of days the fishing vessels spent at sea) is very important both commer-
ically and ecologically. This example considers using our model selection
procedure to identify a best possible model for the relationship between
catch and effort.

The monthly fishing data set from January 1976 to December 1999 is
available from the Fisheries WA Catch and Effort Statistics (CAES)
database. Existing studies suggest that the relationship between catch
and effort is nonlinear while the dependence of the current catch on the
past catch appears to be linear. This suggests using a partially linear
model of form

Co=p1Ci1+ -+ 60pCog+O(Er—1,Er2,...,Er_p) + &, t=1,--,
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where r = max(p, q), {€:} is arandom error, and {C;} and { F;} represent
the catch and the effort at time ¢. In computation, we use the transformed
data Y; = log;o C: and X; = log,, £} satisfying the following model

Yier = 81Yeqr—1 + o4 BeYiqr—q + 6(Xigr—1, o, Xigrp) + €, t > 1,

(4.23)
where {e;} is a sequence of strictly stationary error processes with zero
mean and finite variance.

Before using model (4.23), we need to choose an optimum and compact
form of it. We consider ¢ = 4 and p = 5 and then find an optimum
model; there are 2* — 1 = 15 different parametric and 2° — 1 = 31
different nonparametric regressors.

Similarly to Example 4.2, we define the parametric candidates U4, for
1 <4 < 15 and the nonparametric candidates V;p, for 1 < j < 31. It
follows that

Yiys = Uls,Ba, + ép,(Vin,) + €, (4.24)
where (34, and ¢p, are similar to those of 34 and ¢p, and {ey;} is
allowed to be a sequence of strictly stationary error processes with zero
mean and finite variance.

We then use the 288 observations of the data from January 1976 to
December 1999 to select a best possible partially linear model. In the
calculation of the MCCV(T,,) function, we choose n = T = 288, T, =
[T3/4] = 69 and T, = T — T, = 219. For this example, we consider
using K (u1,...,u;) = [[]_; k(u;) for 1 < j < 9 for the multivariate
kernel function involved in Wp (¢, s). We use the same k(-) as in Example
4 2

4.1, but HSp, = [0.1 T3 T 21} and the weight function w(z) =
Ity 4y().

The semiparametric MCCV(T,) selection procedure then suggests using
a partially linear prediction model of the form

Yirs = B1Yora + B2Yors + 6(Xora, Xeva, Xear), £=1,---,288, (4.25)
where 51 = 0.4129, 32 = —0.3021 and &5() is a nonparametric estimator.
The corresponding bandwidth chosen by (4.16) is hy = 0.29305.

We also consider using the nonparametric CV1 function for the same
data for the case where Y;4; fori =1,---,4and X4, for j =0, ---,4 are
candidate of nonparametric regressors. The nonparametric CV1 selection
function suggests the following nonparametric prediction model

Yigs = mM(Yiqa, Yigr, Xiga, Xeqo, Xieq1), t=1,---,288, (4.26)

where m(-) is the usual nonparametric regression estimator as defined
before. The corresponding bandwidth chosen by (4.16) is he = 0.14985.
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When we assume that the dependence of Y15 on Yy, fori =1,--- 4 and
X4, for j =0,---,4 is linear, the corresponding parametric MCCV(T,,)
function suggests a linear prediction model of form

Yigs = a1Yipa + oYz + agYip1 + u X3 +asXeyr, t=1,---,288,

(4.27)
where @, — 0.3371, Gy — —0.2081, A3 — 0.0467, G4 — —0.2072, and
as = 0.1061.

For the whole data set, the estimated error variances for the partially
linear model (4.25), the nonparametric model (4.26) and the linear model
(4.27) were 0.01056, 0.02854 and 0.04389, respectively. The complete
calculation for Example 4.3 took about one hour of CPU time on a
PowerBook G4 System.

Example 4.3 shows that if a partially linear model among the pos-
sible partially linear models is appropriate, then the semiparametric
MCCV(T,) selection procedure is capable of finding it. When using both
the nonparametric CV1 selection criterion and parametric MCCV(T,)
selection criterion, we obtain two different models for the same data
set. However, the estimated error variance for the partially linear model
is the smallest among those for models (4.25), (4.26) and (4.27). The
findings in Example 4.3 are consistent with existing studies in that the
relationship between the catch and the effort appears to be nonlinear
while the current catch depends linearly on the past catch.

We acknowledge the computing expenses of the CV-based selection pro-
cedure. In our detailed simulation and computing for Examples 4.2 and
4.3, we have used some optimization algorithms, such as vectorised al-
gorithms in the calculation of both the semiparametric MCCV(T,) and
the nonparametric CV1 functions of many possible candidates. The fi-
nal computing time for each example is not unreasonable, but further
discussion of computing algorithms is beyond the scope of this section.

In the following we illustrate Theorem 4.2 using two simulated examples.
Our simulation results support the asymptotic theory and the use of
the semiparametric penalty function method for partially linear model
selection.

Example 4.4: Consider a nonlinear time series model of the form
0.5Vi_1
1+V2,
where Ut = 0.55Ut,1 — 0.12Ut72 + 5,5 and Xt = 0.3 Sin(27TXt,1) + €t,

in which é;, ¢; and e; are mutually independent and identically distrib-
uted with uniform distributions on (—1,1), (—=0.5,0.5) and the standard

th = O.47Ut_1 — 0.45Ut_2 + + ey, (428)
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Normal distribution N (0, 1), respectively, Uy, Us, V1, V5 are independent
and identically distributed with uniform distribution on (—1,1), Uy and
V; are mutually independent for all s,¢ > 3, and the process {(d¢, €;,e¢)}
is independent of both (U, Uz) and (V1, Va).

Asmodel (4.28) is a special case of model (4.22) in Example 4.2, Assump-
tions 4.1-4.3 are satisfied immediately. For an application of Theorem
4.2, let

B L . 05V,
B =(01,02)" =(0.47,—0.45)" and g(Vi_1) = TV

To satisfy Assumption 4.4, we use Ap(A, D) = (|A| + |D]) - T%5 as
the penalty function. In addition to the choice of Ar(A, D), we also
considered choosing several other forms for Ap(A4, D). As the result-
ing simulated frequencies are very similar, we focus only on this choice
throughout the rest of this section.

The choice of both the bandwidth interval Hr as well as the kernel
function is the same as in Example 4.2. Meanwhile, Assumptions 4.5—
4.8 hold trivially. For the four sample sizes T" = 52,127,272 and 552,
we calculated the relative frequencies of the selected parametric and
nonparametric regressors in 1000 replications. Table 4.3 below reports
the results of the simulation.

Table 4.3. Frequencies of semiparametric penalty model selection

Parametric & Nonparametric Set Frequencies

T=52 T=127 T =272 T =552

{Ut—2,Ut—1, Xs—1} 0.609 0.746 0.873 0.971
{Ui—2, U1, X+ } 0.350 0.235 0.123 0.028
{Ui—2, Xv—1, X4} 0.024 0.014 0.002 0.001
{Ui—1, X1, X¢} 0.017 0.005 0.002 0.000

Table 4.3 shows that the true set of regressors {U;_o,U;_1,V;_1} is se-
lected with increasing frequencies from 0.554 to 0.970 as the sample size
increases from T = 52 to T = 552. As expected, the other models are
selected less and less frequently as the sample size increases even model
{U;—2,U;—1, V;}, which is one of the closest to the true model, is selected
with decreasing frequencies from 0.390 to 0.030. This lends support to
the efficacy of combining the penalty function method with the leave—
one-out cross—validation (CV1).
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Table 4.3 also shows that the proposed semiparametric model selection
works well numerically when the true model is a partially linear model.
As there are many existing model selection methods in the literature,
in order to demonstrate the necessity of establishing a new model se-
lection, we show in Tables 4.4 and 4.5 below that the proposed model
selection method is much more effective than existing penalty function
model selection methods through comparing the new method dedicated
to partially linear models with the penalty function method for linear
models proposed by Zheng and Loh (1997) and the conventional non-
parametric leave—one—out cross—validation function CV1.

Table 4.4. Frequencies of parametric penalty model selection

Parametric Subset Frequencies

T=52 T=127 T =272 T =552

(Ui, U1, X11} 0.055  0.142 0.383 0.684
{Ui—2, U1} 0.238  0.464 0.525 0.310
(U1, Ui, X1} 0.024  0.013 0.009 0.003
{Ui—2} 0.180  0.096 0.015 0.000
(U1} 0193  0.112 0.020 0.000
{X: 1} 0178  0.101 0.025 0.000
(X} 0.067  0.024 0.001 0.000
{Ui—2, Xe-1} 0019  0.014 0.007 0.000
(U1, X1} 0.022  0.024 0.008 0.000

{Ui—2,Up—1,X¢—1, X¢} 0.003 0.004 0.005 0.003

Table 4.5. Frequencies of nonparametric model selection

Nonparametric Subset Frequencies

T=52 T=127 T =272 T =552

{Ui_2,Ui_1,Vi1} 0.103  0.288 0.464 0.652
{(Ui—2,Us—1,Vier, Vi) 0.050  0.103 0.184 0.196
{Ui—2,Ui_1} 0.135  0.205 0.194 0.117
(U2} 0.064  0.022 0.002 0.000
{U,_1} 0.102  0.035 0.004 0.000
{(Vi_1} 0.102  0.048 0.008 0.000
{(Vi} 0.059  0.011 0.000 0.000
{Ui—2,Vi1} 0.053  0.028 0.009 0.000
{Up-1,Vi1} 0.058  0.060 0.014 0.002
(Ui 1,Ui_a, Vi} 0.038  0.019 0.092 0.001
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The candidate variables are still {U;_2,U;_1, Vi—1, Vi }. Therefore there
are 2% — 1 = 15 models that can be selected. Both the penalty function
method for linear model selection and the CV1 selection procedure con-
sider all possible 15 models. As many other insignificant regressors have
just tiny probabilities of being selected, Tables 4.4 and 4.5 provide only
the relevant frequencies for the significant regressors.

Tables 4.4 and 4.5 imply that both the penalty function method for
linear models and the conventional nonparametric CV1 method are not
very effective for semiparametric models. The highest frequencies that
the true model has been selected are 0.383 and 0.464, respectively when
the sample size is T' < 272. Although their performance improves when
the sample size increases to 552, there is still a huge difference between
their performance and the performance of the method proposed here.

Both the theory and Tables 4.4 and 4.5 allow us to draw the intui-
tively obvious conclusion that as far as the selection of a partially linear
model is concerned, methods designed for purely parametric models or
fully nonparametric models are not as effective as a method dedicated
to partially linear models. This further emphasizes the necessity of pro-
posing the new efficient selection method to solve problems that cannot
be solved using existing selection methods for either completely linear
models or fully nonparametric models.

The above simulations are based on the assumption that the true model
is a partially linear time series model, for which our method is designed.
But if the true model is either a purely parametric time series model
or a fully nonparametric time series model, our method also performs
reasonably well. Example 4.5 below considers the case where the true
model is a purely parametric linear model and then applies both the
parametric selection proposed by Zheng and Loh (1995) and our own
semiparametric selection procedure to the model. When using the pro-
posed semiparametric selection method, our preliminary computation
suggests involving the same kernel function and bandwidth interval as
used in Example 4.4 for the simulation in Example 4.5 below.

Example 4.5: Consider a linear time series model of the form
Y, = 04701 — 0.45U;_2 4 0.5V, _1 + ey, (4.29)
where
Ui =0.55U;_1 — 0.12U;_2 + 6; and Vi = 0.3sin(27V,—1) + ¢,

in which ¢, ¢; and e; are mutually independent and identically distrib-
uted with uniform distributions on (—1,1), (—0.5,0.5) and the standard
Normal distribution N(0, 1), respectively, Uy, Us, V1, Vo are independent
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and identically distributed with uniform distribution on (—1,1), Us and
V; are mutually independent for all s,¢ > 3, and the process {(d¢, €;,e¢)}
is independent of both (U, Uz) and (V1, Va).

For the four sample sizes T' = 52,127,272 and 552, we chose the penalty
function Ar(A, D) = (JA| + |D]) T%® and then calculated the relative
frequencies of the selected parametric and semiparametric regressors in
1000 replications as reported in Tables 4.6 and 4.7 below.

Table 4.6. Frequencies of semiparametric model selection

Parametric & Nonparametric Subset Frequencies

T=52 T=127 T =272 T =552

{Us—2,Us—1, Vi1 } 0.070 0.172 0.432 0.836
{Ui—2,Us—1,V;} 0.038 0.040 0.028 0.009
{Us—a, X1, Vi} 0.002 0.004 0.000 0.000
{Ui=1,Vie1, i} 0.001 0.000 0.000 0.000
{Ui=1,Us—2,Vi—1, Vi } 0.001 0.001 0.001 0.000
{Ui=2,Vi1} 0.280 0.293 0.208 0.051
{Ui—2, Vi } 0.147 0.059 0.007 0.000
{Ui=1, Vi1 } 0.310 0.369 0.308 0.104
{U-1,V2} 0.151 0.062 0.016 0.000

Table 4.7. Frequencies of parametric model selection

Parametric Subset Frequencies
T=52 T=127 T =272 T =552

{Ut—2,Ut—1,Vi_1} 0.086 0.325 0.742 0.942
{Ui—2,Us_1} 0.213 0.327 0.198 0.035
{Ui-1,U—2, Vi } 0.032 0.014 0.006 0.003
{Us—2} 0.129 0.041 0.003 0.000
{Us-1} 0.159 0.072 0.004 0.000
{Xeq1} 0.192 0.121 0.012 0.000
{Vi} 0.073 0.006 0.001 0.000
{Ui—2,Vi—1} 0.040 0.019 0.001 0.000
{Ui=1, Vi } 0.028 0.038 0.011 0.000
{X:21,Vi} 0.013 0.003 0.000 0.000

{Up_s,Ui_1,V,_1,V;} 0011 0.018 0.022 0.020
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Tables 4.4 and 4.6 show that semiparametric penalty function method
performs similarly to that of the parametric penalty function method for
the cases of T' = 52,T = 127 and T = 272. But in the case of T" = 552
the former for a linear model is better than the latter for a partially
linear model. While Tables 4.6 and 4.7 show that the parametric linear
penalty function proposed by Zheng and Loh (1995) performs better
than the semiparametric penalty function method for the case where
the true model is a parametric linear model, the performance of the
proposed semiparametric penalty function is comparable with that of the
parametric penalty function method, particularly when T is as medium
as 552.

Section 4.3 has proposed a semiparametric penalty function method for
the choice of optimum regressors for both the parametric and nonpara-
metric components. Our finite—sample simulation studies have shown
that the proposed semiparametric model selection method works quite
well in the case where the true model is actually a partially linear model.
In addition, our simulation results have also suggested that the proposed
semiparametric model selection method is a better choice than either a
corresponding parametric linear model selection method or a conven-
tional nonparametric cross—validation selection procedure when there is
no information about whether the true model is parametric, nonpara-
metric or semiparametric.

4.5 Technical notes

This section lists some technical conditions required to establish and
prove Theorems 4.1 and 4.2.

4.5.1 Assumptions

Assumption 4.5. (i) Assumption 2.1 holds.

(ii) For every D € D, Kp is a |D|-dimensional symmetric, Lipschitz
continuous probability kernel function with [ ||u||?Kp(u)du < oo, and
Kp has an absolutely integrable Fourier transform, where || - || denotes
the Euclidean norm.

Assumption 4.6. Let S, be a compact subset of R and w be a weight
function supported on S, and w < C for some constant C. For every
DeD,let Ryp C RIPI = (—oo,oo)‘D‘ be the subset such that Vip €
Ry, p and Sp be the projection of S, in Ry, p (that is, Sp = Ry,pNS,).
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Assume that the marginal density function, fp(-), of Vip, and all the
first two derivatives of fp(-), g1(-) and ga p(-), are continuous on Ry, p,
and on Sp the density function fp(:) is bounded below by Cp and
above by Cp' for some Cp > 0, where g(z) = E[Y;|Vip = | and
ga.p(z) = E[Ua|Vip = ] for every A € Aand D € D.

Assumption 4.7. There exist absolute constants 0 < C; < oo and
0 < C5 < oo such that for any integer [ > 1

swp sup E{[Y, = EYi| (U, Vip)ll Vip =2} <,

z AeA,DeD
sup sup  E{|[Ual'Vip =2} < C,
z Ae€A,DeD
Assumption 4.8. Let
(A, D) = U — E[Uta|Vip],
n(A, D) = (m(A,D),....,nr(A, D))",
m = Ut_E[UtH/tL 77:(7717~--,77T)Ta

Q(Aa D) = 77(‘47 D) (77("47 D)TU(A7 D))+ 77(‘47 D)T7
and
Pir(4,D) = 2)" [ = Q(4, D)} (n).

(i) Assume that for each given A € A; and D € D,
liTm inf Pi7(A, D) > 0 in probability.

(i) AsT—>oo7%ﬁl,TC:T—TvﬁooandTTTz‘nHO.

Assumptions 4.5-4.8 are standard in this kind of problem. See (A.1) of
Cheng and Tong (1993). Due to Assumption 4.6, we need not assume
that the marginal density of {X;} has a compact support. Assumptions
4.6-4.8 are a set of extensions of some existing conditions to the a—
mixing time series case. See, for example, (A)—(E) of Zhang (1991), (A2)—
(A5) of Cheng and Tong (1993), and (C.2)—(C.5) of Vieu (1994). As
pointed out before, when U; and V; are independent, Assumption 4.8(i)
imposes only an asymptotic and minimal model identifiability condition
on the linear component. This means that Assumption 4.8(i) is a natural
extension of condition (2.5) of Shao (1993) to the semiparametric time
series setting. Assumption 4.8(ii) corresponds to conditions (3.12) and
(3.22) of Shao (1993) for the linear model case. In addition, Assumption
4.8(i) is also equivalent to Assumption C of Zhang (1993) for the linear
model case.
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4.5.2 Technical lemma
This section lists an important technical lemma. As its proof is extremely

technical, we refer it to the technical report by Gao and Tong (2005).
For simplicity of notation, we assume w(V;) = 1 throughout the proof.

Lemma 4.1. (i) Assume that the conditions of Theorem 4.1 hold. If
A e Ay and D € D, then there exists Rir > 0 such that

MCCV(A, D; h) =

Z Zet +P1T(A D)+N1T(D h)+R1T+Op(1)

T
SER tes

(4.30)
where Ryt is independent of (A, D), Pir(A, D) is as defined in Assump-
tion 4.8, and

e1(D) i + e2(D)I! + 0, (or ) + 0, ()
NlT(D,h) _ if D e Dy and h € Hfzc-vD, a2nd

E{EY,|Xip] - BV XY + 0y(1)

if D gDy and h € Hfp,

in which both c¢1(D) and c2(D) are positive constants depending on D €
Ds.

(ii) Assume that the conditions of Theorem 4.1 hold. If A € Az and
D €D, then

MCCV(A,D;h) = t+ %+MﬂDm

SE'R tes

+ o (7{) : (4.31)

where Nyp(D,h) is as defined as above depending on whether D € D,
or not.

The proof of Lemma 4.1 is relegated to Appendix B of Gao and Tong
(2005). As pointed out earlier, Py7(A, D) = Pir(A) depends only on A
when U; and V; are independent. For this case, Equations (4.30) and
(4.31) suggest naturally that the selection of A and D can be done
independently.

4.5.8 Proofs of Theorems 4.1 and 4.2

Proof of Theorem 4.1: It follows from existing results in nonpara-
metric regression (Vieu 1994) that for each given D, there exists hp =
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1
epTe *™'°! such that

C T 4-HDI + p(T 4+D|>

Nir(D) = min Nip(D,h) =< if D € Dy; and
hetten E{E[Y,|Xip] - E[Y;|Xi]}* + 0,(1)
if D & Dy,

in which ¢p and Cp are positive constants possibly depending on D.
Let MCCV(4, D) = minpepe A MCCV(A, D;h). In view of (4.30) and
(4.31), it is known that for each given (4, D),

Tom 2oser ies € + Pir(A, D) + Nip(D)
+Rir +0p(1) if A€ Ay and D € D; and

i Ssen ies € + 08+ Nin(D) + 0, ()
if Ae Ay and D € D.

MCCV(4, D) =

This, along with Pir(A, D.) = 0, implies

Pi1r(A,D) + Nir(D) — Nir(D.)
+op(1) if A€ Ay and D € D; and
MCCV(A4, D) — MCCV(A,, D.) = _
D) ( ) M + Nir(D) — Nir(D-)

+op(T) if Ae Ay and D € D.

Using the fact that Assumption 4.1(ii) implies |D| > |D.| for D € Dy,
we have for T large enough

4(|D|—[Dx]|)

4 _AUPI=1Dx])
Tc4+\D*\ (N1T(D) —NlT(D*)) — CDTC(4+\D\)(4+ID*I) _ CD*
_A4UD|I—=1Dx]) _
+ 0p <T0(4+D|)(4+D*)) >0 (432)
in probability.

On the other hand, for every D € Df = D — D; we have for T large
enough

Nir(D) — Nvp(D.) = E (E[Yy| X,p] — E[Y:|X])* + 0,(1) >0 (4.33)
in probability.

Using Assumption 4.8(i) for A € A; and the fact that Assumption 4.1(ii)
implies dg > da, for A € Ajs, the proof of limp_,oo P(A = A, D =
D,) =1 then follows from (4.32) and (4.33).

t h = hA, ¢ =cp, and hy, = hp, = ¢, T. NEn . Then the proof of

:~>L_{

7= —p 1 follows immediately.
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Proof of Theorem 4.2: Let RSS(A,D) = minpepn,, RSS(A, D;h).
We first write RSS(A, D) as

S €24+ T-Pip(A,D)+T-Nip(D,hp)
+Ri1 + OP(T) if Ae .A1,D € D; and
S €2 +dao® +T - Nip(D,hp) + o0p(1)
if Ae Ay, D € D.

RSS(A,D) =

It follows immediately from Pjr(A,, D,) = 0 that
RSS(A,D) — RSS(A., D.)

T - Pip(A,D)—da,0® +T(Nyp(D,hp) — Nip(Ds, hp,))
+0,(T) if A € A1, D € D; and B

(da —da.)o® + T(Nip(D,hp) — Ni7(Ds, hp,)) + 0,(1)
if Ae Ay, D € D.

In order to complete the proof, we introduce the following symbols:

RSS = RSS(A,D)— RSS(A,,D,),

Ar = A7p(A,D) - Ar(A,, D.),
Nir = Nir(D,hp) — Nir(Ds, hp,),
AAA) = da—da.. (4.34)

If Ae Ay and D € D, then we have as T — oo,
1 — P{RSS +Ar5* >0}
=P{(da —da, )0 +T Nir +0,(1) + Ar5* < 0}

— d(AAL) 5, Ar
= < - - "7 —
P {NlT < T o T o
— d(AAL) 5 Ar 1,
< < - 7 - — . =
_P{NlT_ T © 7 3¢ +o(1)
- AT(A, D) AT(A*,D*) 1 2
< < — — -
=P {NlT = T (1 Ar(AD) ) 37 e =0

because of N1 > 0 for all A € Ay and either D € D; or D € D — D;.
If Ae Ay and D € D, then we obtain as T — oo,
1-P {RSS + (Ar(A, D) — Ar(A,, D,))5% > O}

— Rir —dy. 0® +Ar 52
P{P1T<A,D>+N1T+ i da gt A0 +0p(1)§0}
—-— o (T) dA 0’2 RIT KT 82
= P{Pir(A, D)+ Nip < — 2 00 Mt 1
{1T(, )+ Nir < T + T T T +o(1)
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, {m( A D)4 Wy < _AT(AD) <1 B AT<A*,D*>) , 102}

T Ar(A, D) 2
+o(1) — 0
because of liminfr_., Pir(A4,D) > 0 and Ni7 > 0 for all D € D; or
DeD-D,.

Consequently, we have as T' — oo,

1>P(A=A,,D=D,)>P{RSS+Ar5>>0} — 1. (4.35)

This completes the proof of the first part of Theorem 4.2. The second
part is the same as in the proof of Theorem 4.1.
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Since the work by Stone (1977), Zhang (1991), Bickel and Zhang (1992),
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Tsai (1999), Yang (1999), Tjgstheim (1999), Tschernig and Yang (2000),
Hérdle, Liang and Gao (2000), Vieu (2002), Avramidis (2005), and oth-
ers have established various kernel-based selection criteria in nonpara-
metric regression for both the independent and time series cases.

In addition to such kernel-based selection criteria, some other variable
selection criteria have also been proposed and studied recently by Shi
and Tsai (1999) through involving the spline smoothing method, Fan
and Li (2001, 2002) using the so—called penalized likelihood method,
and Shively and Kohn (1997), Shively, Kohn and Wood (1999), Kohn,
Marron and Yau (2000), Wood et al. (2002), Wong, Carter and Kohn
(2003), Yau and Kohn (2003), and Yau, Kohn and Wood (2003) based
on the Bayesian approach.
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CHAPTER 5

Continuous—Time Diffusion Models

5.1 Introduction

This chapter demonstrates how to apply the estimation and specifica-
tion testing procedures discussed in Chapters 2 and 3 to certain model
estimation and specification testing problems in continuous—time mod-
els. While we use two financial data sets to illustrate the applicability
of these estimation and testing procedures to continuous—time models,
both the theory and methodology discussed in this chapter are applicable
to model some other nonfinancial data problems. The main material of
this chapter is mainly based on the joint work by Casas and Gao (2005)
and Arapis and Gao (2006).

5.1.1 Parametric models

The application of continuous—time mathematics to the field of finance
dates back to 1900 when Louis Bachelier wrote a dissertation in Bachelier
(1900) on the theory of speculation. Since Bachelier, the continuous—
time approach to pricing assets such as derivative securities has evolved
into a fundamental finance tool. The recent rapid expansion of asset
pricing theory may be largely attributable to the seminal work of Merton
(1973) and Black and Scholes (1973). Their work changed the way in
which finance asset valuation was viewed by practitioners, consequently
laying the foun-dation for the theory of pricing derivative securities.
Many papers have since been written on the valuation of derivatives,
creating important extensions to the original model.

A time series model used extensively in finance is the continuous-time
diffusion, or It6 process. In modeling the dynamics of the short-term
riskless rate process {r;}, for example, the applicable diffusion process
is

dry = p(re)dt 4+ o(ry)d By, (5.1)
where u(-) = u(-,0) and o(-) = o(-,0) are the drift and volatility func-
tions of the process, respectively, and can be indexed by 6, a vector
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112 CONTINUOUS-TIME DIFFUSION MODELS

of unknown parameters, and B; is the standard Brownian motion. The
diffusion function is also referred to as the instantaneous variance. The
model developed by Merton specified the drift and diffusion functions as
constant. This assumption has since been relaxed by most researchers
interested in refining the model in order to describe the behavior of in-
terest rates. The prices generated by such modified models are generally
believed to better reflect those observed in the market.

A vast array of models has been studied in the literature. The simplest
model dr = a8 — r)dt + cdB proposed by Vasicek (1977) was used
to derive a discount bond price model. Unlike the model developed by
Merton (1973) and Black and Scholes (1973), whose respective process
follow Brownian motion with drift and Geometric Brownian Motion
(GBM), Vasicek (1977) utilized the Ornstein-Uhlenbeck process. This
model has the feature of mean-reversion, where the process tends to be
pulled to its long—run trend of 3 with force . This force is proportional
to the deviation of the interest rate from its mean. This model spe-
cifies the volatility of the interest rate as being constant. By definition,
the volatility function generates the erratic fluctuations of the process
around its trend. Cox, Ingersoll and Ross (CIR) (1985) proposed using
model dr = a(B8 — r)dt + or'/?dB to model term-structure. It is the
square root process. Not only does the drift have mean-reversion, but
the model also implies the volatility o(-), of the process increases at a
rate proportional to /7. Thus the diffusion increases at a rate propor-
tional to 7. Model dr = a8 — r)dt + ordB (see Brennan and Schwartz
1980) was developed to price convertible bonds. It not only possesses the
mean-reversion property, but the model also implies that the instantan-
eous variance 02(~) of the process increases at a rate proportional to
r2. Model dr = r{k — (0% — ka)r}dt + or3/?dB is the inverse of the
CIR process discussed in Ahn and Gao (1999) and Ait-Sahalia (1999).
Model dr = k(a — r)dt + orPdB is the constant elasticity of volatil-
ity model proposed in Chan et al. (1992). The nonlinear drift model
dr = (a_177' + ag + agr + agr?)dt + or3/2dB was proposed in Ait-
Sahalia (1996a).

As well as the recent developments made in the application of continuous-
time diffusion processes to the finance world, there has also been much
work done in the adoption of statistical methods for the estimation
of these continuous-time models. The main estimation techniques en-
countered in the majority of the literature (see Sundaresan 2001) include
maximum likelihood (ML), generalized method of moments (GMM) and,
more recently, nonparametric approaches. ML and GMM both require
us to firstly parameterize the underlying model of interest. That is, we
apply these methods to estimate the parameters of the diffusion process,
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such that they are consistent with the restrictions we have imposed on
the model by the parameterizations. This is comparable to fitting a lin-
ear regression to nonlinear phenomena for reasons of convenience. It thus
seems reasonable that we look for an approach that places the fewest re-
strictions on models so that we have empirical rather than analytical
tractability.

5.1.2 Nonparametric models

Empirical researchers have recently shown that nonparametric methods
may be good alternatives to parametric methods in various cases. Its
only prerequisite is that accurate data are used. Such an approach is
useful when approximating very general distributions, and has the ad-
ditional advantage of not requiring the functional form specification of
the drift and diffusion functions in our model of the short-term risk-
less rate (5.1). By leaving the diffusion process unspecified, the resulting
functional forms specified by this method should result in a process that
follows asset price data closely. This method requires a smooth density
estimator of the marginal distribution 7(-) and utilization of a property
of (5.1), similar to that of a normal random variable whose distribution
is explained entirely by its first two moments, to characterize the mar-
ginal and conditional densities of the interest rate process. The first two
moments of the normal distribution are its mean and variance. For the
case of the diffusion process, they are the drift and diffusion functions.
Thus, the functions are formed such that they are consistent with the
observed distribution of the available data.

Aft-Sahalia (1996a) was among the first to pioneer the nonparametric
approach. The paper noted, as with Chan et al. (1992) and Ahn and Gao
(1999), that one of the most important features of the process given by
(5.1) in its ability to accurately model the term structure of interest
rates is the specification of the diffusion function ¢2(-). By qualifying
the restriction on the drift function pu(-), to the linear parametric class
w(re;0) = B(a — ry), which is consistent with the majority of prior re-
search, the form of the diffusion function is left unspecified and estimated
nonparametrically. Jiang and Knight (1997), however, argued that this
is effectively a semiparametric approach because of the linear restriction
imposed on the drift function. Jiang and Knight (1997) were able to de-
velop an identification and estimation procedure for both the drift and
diffusion functions of a general It6 diffusion process. They too have used
nonparametric kernel estimators of the marginal density function based
on discretely sampled data and the property of the It6 diffusion process,
analogous to that used by Ait-Sahalia (1996a). In contrast to Ait-Sahalia
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(1996a), the drift function is left unspecified. Jiang and Knight (1997)
suggested that the diffusion term can be identified first because it is of
lower order than the drift. It is noted that the diffusion term is of or-
der V/dt whereas the drift term is of order dt. These estimators as with
that of Alt-Sahalia (1996a) are shown to be pointwise consistent and
asymptotically normal.

Like most existing studies, we apply the Euler first-order scheme to
approximate model (5.1) by a discretized alternative of the form

ri+na—Tia = p(ria) A+o(ria)-(Bagya—Bia), t =1,2,---, T, (5.2)

where A is the time between successive observations and T is the size of
observations. In theory, we study asymptotic properties of our nonpara-
metric estimators for the case where A is either varied according to T
or small but fixed. In applications, we look at the case where A is small
but fixed, since most continuous—-time models in finance are estimated
with monthly, weekly, daily, or higher frequency observations. For the
case where A is varied according to T', we establish some novel asymp-
totic properties for both the drift and diffusion estimators. Similarly to
existing studies (Bandi and Phillips 2003; Nicolau 2003), we show that
nonparametric estimators may be inconsistent when A is chosen as fixed.
It should be noted that using a higher—order approximate version rather
than (5.2) may not be optimal in terms of balancing biases between
drift and diffusion estimation as studied in Fan and Zhang (2003). We
therefore use the first—order approximate model (5.2) to study our non-
parametric estimation throughout this chapter.

5.1.8 Semiparametric models

Unlike the work by Aift-Sahalia (1996a) and Jiang and Knight (1997), in
order to avoid undersmoothing, Arapis and Gao (2006) have proposed
an improved and simplified nonparametric approach to the estimation
of both the drift and diffusion functions and established the mean in-
tegrated square error (MISE) of each nonparametric estimator for the
case where A is either varied according to T" or small but fixed. The
authors have then applied the proposed nonparametric approach to (i)
the Federal Funds rate data, sampled monthly between January 1963
and December 1998 and (ii) the Eurodollar deposit rates, bid-ask mid-
point and sampled daily from June 1, 1973 to February 25, 1995. Three
nonparametric and semiparametric methods for estimating the drift and
diffusion functions are established. For each data set, these estimators
have been computed. Bandwidth selection is both difficult and critical
to the application of the nonparametric approach. After empirical com-
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parisons the authors have suggested for each given set of data, the best
fitting model and bandwidth which produces the most acceptable results.
The authors’ study shows that the imposition of the parametric linear
mean-reverting drift does in fact affect the estimation of the diffusion
function. Differences between the three diffusion estimators suggest the
drift function may have a greater effect on pricing derivatives than what
is quoted in the literature.

Furthermore, this chapter considers the following two semiparametric
models:

Terna —Tia = p(ria, 0)A 4 o(ria) - (Busna — Bia), (5.3)
Tt+1)a —Tta = M(TtA)A + U(TtA, ) - (B(t+1)A - BtA), (5.4)

where 6 and ¢ are vectors of unknown parameters. Estimation problems
for models (5.3) and (5.4) have been studied in Kristensen (2004). This
chapter thus focuses on semiparametric tests for parametric specification
of the diffusion function in model (5.3) and the drift function of model
(5.4). Two of the most relevant papers to the testing part of the current
chapter are Casas and Gao (2005) and Arapis and Gao (2006).

Other closely related papers include Chen and Gao (2005) and Hong
and Li (2005), who both developed nonparametric specification tests for
transitional densities of continuous—time diffusion models. These two re-
cent studies are motivated by the fact that unlike the marginal density,
the transitional density can capture the full dynamics of a diffusion pro-
cess when interest is on the specification of a diffusion process. Since such
transitional density specification may not directly imply the specification
of the drift function, the test proposed in Arapis and Gao (2006) on the
specification of the parametric drift function is more direct to answer
the question of whether there is any nonlinearity in the drift. The paper
by Arapis and Gao (2006) has the following features. First, it establishes
that the size of the test is asymptotically correct under any model in the
null. Second, it shows that the test is asymptotically consistent when the
null is false. Third, the implementation of the proposed test uses a range
of bandwidth values instead of using an estimation optimal value based
on a cross—validation selection criterion. Fourth, the employment of the
proposed test is based on a simulated p—value rather than an asymptotic
critical value of the standard normality. It should also be pointed out
that the proposed test is applicable to either the case where A is either
varied according to T" or the case where A is small but fixed.
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5.2 Nonparametric and semiparametric estimation

The nonparametric approach to density estimation allows modeling of
data where no priori ideas about the data exist. Given T discrete interest
rate observations with sampling interval (equivalently the time between
successive observations) A, the kernel density estimate of the marginal
density is given by

1 &1 T—T
Fr)==Y -K|—* 5.5
where K() is the kernel function and h is the kernel bandwidth. By
comparing the nonparametric marginal density, drift and diffusion es-
timates acquired by use of some existing “good” bandwidth values, we
can suggest the most appropriate bandwidth to use for each of our two
different sets of financial data. Whereas bandwidth selection is critical
for optimal results, the selection of the kernel does not have a signifi-
cant bearing on the overall result (see §3.2.6 of Fan and Gijbels 1996).
We therefore utilize the normal kernel function K (z) = \/% exp{—z;}
throughout this chapter. Our nonparametric marginal density estimate
is
T
_ 1 —(r —rin)? }
T(r)= —— expy ————— ¢ 5.6
)= e { U (5.6

t=1

Asymptotic consistency results about 7(-) may be found from Boente
and Fraiman (1988). From the Fokker-Planck equation (see (2.2) of Ait-
Sahalia 1996a), we can obtain

() = 2.0 (ulr)n(r). (57)

Integrating and rearranging (5.7) yields

1 d .,
1) = 5y gy [ OO0 6.9
Or, alternatively, integrating (5.7) twice yields

2T:i ' X )T\ )ax
) = = [ @y (59)

using the condition that m(0) = 0. These equations allow us to estimate
the drift, pu(-) given a specification of the diffusion, o2(-) and marginal
density, 7 (-), or the diffusion term given the drift and marginal density
estimates.

We now start discussing three estimation methods. The first one is a
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kind of semiparametric estimation as proposed in Ait-Sahalia (1996a).
The estimators of the next two methods rely on various alternative inter-
pretations of the diffusion process. Neither of them place any restrictions
on the drift nor the diffusion functions.

5.2.1 Method 1

For this method, we construct the diffusion function after placing the
common mean-reverting parameterization u(r; 8) = B(a—r) on the drift,
similarly to the approach taken by Ait-Sahalia (1996a). This restriction
will allow us to see how the diffusion function is affected when compared
with purely nonparametric estimators to be discussed in Methods 2 and
3 below.

The parameters § and « are estimated by the ordinary least squares
(OLS) method and denoted by 8 and &, respectively. This suggests es-
timating u(r; ) by

fir(r) = u(r;0) = B@—r). (5.10)

The estimated mean-reverting drift term can now be substituted into
(5.9) together with the normal kernel density estimator for 7 () to con-
struct the first estimator, 53(-), of 02(-) below. More complete mathe-
matical details of this derivation are relegated to Section 5.5.

From (5.9) and (5.10), we define a semiparametric estimator of o2(r) of
the form

52 = TAu%u u:i ' w07 (w)du
32(r) = ()/ (w7 (u)d )/Om,e)()d

7(r

- =0 {Bi@w ) (52

+ \/ﬁz {exp( T;Z;A) ) —exp <—;§§H } (5.11)

where ®(-) is the cumulative distribution function of the standard Nor-
mal random variable.

As can be seen, 57(r) has an explicit and computationally straightfor-
ward expression due to the use of the standard Normal kernel function.
Let Vl( ) = 62(r)7(r). For the nonparametric estimator Vi(r), we es-
tablish the following theorem. Its proof is relegated to Section 5.5.

Theorem 5.1. Assume that Assumptions 5.1-5.3 listed in Section 5.5
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below hold. Then

E{/[ffl(r)V(r)} dr }—4h4/(/ Bl )du>2dr
452/(/ / a—u a—v)L(uhv>7r(v)dvdu>dr.

When h=c T~5 for some ¢ > 0, we have

E {/ [Vl(r) - V(r)r dr} — O\ T % 4o (T—%) , (5.12)

where C1 > 0 is a constant.

As expected, asymptotic properties of this kind of semiparametric es-
timator Vi(r) do not depend on A. This is mainly because we need
only to use discrete data rather than the discretized version (5.2). When
both the forms of the drift and diffusion functions are unknown nonpara-
metrically, we need to use the discretized version (5.2) to approximate
model (5.1). The following two methods rely on relationships between
the drift, diffusion and marginal density functions which alternatively
describe the usual diffusion process.

5.2.2 Method 2

The drift and diffusion functions can be alternatively interpreted as

wlry) = limE{wht} and (5.13)
6—0 )

o2(r) = limE Mm (5.14)
6—0 ) )

for all 0 < t < oo.

Stanton (1997) refered to these right—hand conditional expectations of
(5.13) and (5.14) as the first order approximations to u(-) and o2(-). The
author constructed a family of approximations to the drift and diffusion
functions and estimates the approximations nonparametrically. Equa-
tions (5.13) and (5.14) support the use of the approximate alternative
(5.2) to model (5.1) when A is small.

Now, (5.13) suggests estimating () by

T_—lK r—TiA Tt+1)A—TtA
oy T K >T(MA ) -
S K (552)
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Multiplying the numerator and denominator by ﬁ gives

A ST g (r=ma ) (r A — Tia
fio(r) = ( " )T( :M) ) (5.16)
T Yt ( m)
= Z exp ( rori)” ) : (T(t+1 AT TtA)
AThA(r)V2m 2h? ) ’

when K(z) = \/%exp{—% .
Similarly, by (5.14) we estimate o2(-) by

e 1 (r —rin)? 2
50 = S o () Ceews - ne)”
(5.17)
Let fz(r) = iz (r)7(r), m(r) = p(r)n(r), Va(r) = 63(r)7(r), and V(r) =
a?(r)m(r). Since 7:?53) and fia(r) have the same asymptotic property
for the MISE, we only establish the MISE for my(r) below. The same

reason applies to explain why 172 (r) has been introduced. We now have
the following propositions, and their proofs are relegated to Section 5.5.

Theorem 5.2. Assume that Assumptions 5.1-5.3 listed in Section 5.5
below hold. Then

B{ [iatr) - miParf = & [ ar

+%.%/(,ﬁ o2 (r)AY) 7 (r)dr

+o (?Z) + o(h*).

(i) When A is fized but h = ¢ T~5 for some ¢ > 0, we have

E{/[ffzg(r)m(r)]er} =Cy- T3 +0(T7§) , (5.18)
where Cy > 0 is a constant.

(ii) When A = ¢y h? and h = co T-% for some ¢; > 0 and c5 > 0, we
have

E{/[mQ(r)—m(r)ﬁdr} —Cy-T7 +0(T—%), (5.19)
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where C3 > 0 is a constant.

Theorem 5.3. Assume that Assumptions 5.1-5.3 listed in Section 5.5
below hold. Then

E {/ [%ar) - V(r)]2dr} —0 (T1h> +o(hh)

bz [ (10 + ')+ 22070 wtrrin
2

+/ (Auz(r)w(r)+A2

(i) When A is fized but h = d T=5 for some d > 0, we have

9 2
w2 (2 0(r)” + v ) o

-~ 2 4 4
E {/ [VQ(T) - V(r)} dr} = CT % +C5A2+ 0 (T*E) , (5.20)
where Cy > 0 and Cs > 0 are constants.

(i) When A =dy h? and h = dy T~7 for some dy > 0 and dy > 0, we
have

E {/ [172(7“) - V(T):|2 dr} — CeT™7 +o0 (T_%) , (5.21)

where Cg > 0 is a constant.

Theorems 5.2 and 5.3 show that while m4(r) attains the optimal MISE
rate of 7753, 172(7“) is not even consistent when A is small but fixed.
When the drift of model (5.1) vanishes (i.e., u(r) = 0), however, the
optimal MISE rate of T3 can also be achieved for ‘72(7").

By making use of Equations (5.8) and (5.9) with the pair (12 (r), 55 (r)),
we can forego the prior necessities of having to specify either of the
otherwise unknown functions, u(-) and o2(-), in order to calculate the
other.

5.2.3 Method 3

This method adopts a similar approach to that taken by Jiang and
Knight (1997). They have estimated o(-) by

T-1 TtAp T 2
9 =1 TK (7A;TL ) (T(t+1)AT - TtAT)
U.]K(T) = T F—. 5 (5.22)
S NE (M)
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which is comparable with 53(-), where N is the time length, A7 depends
on T and Ar — 0 as T — oco. Jiang and Knight (1997) estimated the
drift by

1 TeAn—T
_ 1 [ de2,.(r) LR (o)
pik(r) =5 —5— tok(r) )
2 dr Zt L (TtAT )

but as we shall see, this is unnecessarily complicated and can be simpli-
fied by making use of the normal kernel and the estimators of Method
2.

(5.23)

Multiplying 53(-) by our marginal density estimate 7(-), and differenti-
ating we obtain

S2(r)A( —r
. [og(r)ﬂ r)] h2A Z ( tA) (Te4+1)a — ria)? (5.24)

because W = h~1K'(x/h). Now, using (5.8) and K'(z) = —zK (z),
we have

N 1 d
ps(r) = m@[%

1 (r=ryp)?

2
B 27 (r) ATh?\/2mh Z et (na = 1) (rerna —mea)

(ra@(r)] (5.25)

As can be seen from (5.25) with (5.23), the form of fiz(r) is simpler than
that of ik (r). Now to estimate the diffusion function, we utilize (5.9)
and fia(-), as well as the information contained in the marginal density,
7(+). So

52 2
B = = / )7 (u)du (5.26)

T-1

2 " U — TeA
= _— r(t+1 A — TtA} / K ( ) du
ATh ; . I
- T T
o) o) e

Equations (5.25) and (5.26) provide some explicit and computationally
straightforward estimators for u(r) and o2(r). Let mg(r) = us(r)7(r)
and Vi(r) = 72(r)7(r). We now have the following propositions, and
their proofs are relegated to Section 5.5.

MH

TAT

t=1

Theorem 5.4. Assume that Assumptions 5.1-5.3 listed in Section 5.5
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below hold. Then

E {/ (s () — m(r)] dr} —0 (TIh) + oY)
o )

2 73 2
+ [ (G20 + 820 + 20m(r))

(i) When A is fized but h = d T3 for some d > 0, we have
FE {/ [T/)’\Lg(’/’) — m(r)]er} = O10T7% + 011A2 +o (Tig) ,

where both Cig > 0 and Cy1 > 0 are constants.
(i) When A = ¢ h? and h =d T~7 for some ¢ > 0 and d > 0, we have

E {/ [3(r) — m(r)]? dr} = CpT % 40 (T—%) , (5.27)

where C1o > 0 is a constant.

Theorem 5.5. Assume that Assumptions 5.1-5.8 listed in Section 5.5
below hold. Then

E{/ %) - V(r)rdr} _ h4/ (/OT(Z;[M(:C)ﬁ(m)]dx>2dr

_,_% ) / (/ [/ﬂ(s) + UQA(S)THQ(T,S)W(s)ds> dr + o(h*),

where II(r,s) = ® (%) — @ (—4).
(i) When A is fixed but h = d T=% for some d > 0, we have
> 2 4 4
E {/ [vg(r) - V(r)} dr} —C13T~ 3 4o (T*%) : (5.28)

where C13 > 0 is a constant.

(i) When A = ¢ h? and h =d T~7 for some ¢ > 0 and d > 0, we have

~ 2
E {/ [Vg(r) - V(r)} dr} = CuT % 4o (T—%) : (5.29)
where C14 > 0 is a constant.
Overall, we suggest using

o h=dT % when A is fixed, and A = ¢ h% and h = d T~7 when A is
varied according to 7.
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We may also need to consider the pairs (g, ‘73) and (ms, ‘72) separately,
since V3 is constructed using mo, and ms is based on V5. In this case,
we should suggest using

e A=chand h=dT % for Theorems 5.2 and 5.5. In this case, the
resulting rates are

B [ 1) — e ar}
E {/ [V V) i dr}

e A=ch?and h=d T-5 for Theorem 5.3, and the resulting rate is

E {/ [‘72(’)") - V(r)r dr} = C3(1+ o(1))T~5. (5.31)

ol

Ci(1+0(1))T" s,

'S

Co(1+0(1)T75.  (5.30)

e A=ch?and h =d T~7 for Theorem 5.4, and the resulting rate is

E{/[fﬁg(r) —m(r)Fdr} — Cu(1+ o(1)TH.

e

(5.32)

This shows that we may consider linking A with A or vice versa for the
case where A is varied according to T" when applying a nonparametric
kernel method to estimate a discretized version of a continuous—time
model.

We suggest using the pair (fiz(r), 53(r)) in theory. The empirical compar-

isons in Section 5.4 show that the pairs (fi2(r),55(r)) and (fs(r),o3(r))
are both appropriate for the two sets of data. By considering both the
theoretical properties and empirical comparisons of the proposed esti-
mators, however, we would suggest using the pair (fia(r),3(r)) for the
two sets of data. We also use h = ¢- T~5 with ¢ to be specified later in
the empirical comparisons below mainly because real data are normally

available in a discrete form and thus A is fixed in practice.

5.3 Semiparametric specification

In this section, we discuss two test statistics for parametric specification
of both the drift and diffusion functions. Both the theory and the imple-
mentation have been established in Casas and Gao (2005) and Arapis
and Gao (2006). To make a relevant application of the proposed tests,
we then examine the large and finite sample performance of a test for
linearity in the drift function through using the two financial data sets.
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5.8.1 Specification of diffusion function

Throughout this section, we consider a semiparametric diffusion model
of the form

dry = p(re, 0)dt + o(r¢)d By, (5.33)
where p(r,0) is a known parametric function indexed by a vector of un-
known parameters, § € © (a parameter space), and o(r) is an unknown
but sufficiently smooth function. As pointed out in Kristensen (2004),
there is sufficient evidence that the assumption of a parametric form
for the drift function is not unreasonable. In addition, Arapis and Gao
(2006) have shown that when the drift function is unknown nonpara-
metrically, the drift function may be specified parametrically without
knowing the form of o(-).

Let Y, = “03—2, X = rya, f(2,0) = p(2,0) and g(2) = A™1o?(x).
Model (5.2) suggests approximating model (5.33) by a nonparametric
autoregressive model of the form

}Q = f(Xt, 0) + €4 with €t = g(Xt) €, (534)

where {e;} is a sequence of independent N(0,1) errors and independent of
{X,} for all s <t.So Ele:|Xt] = Ele] = 0 and var[e;|X;] = var[e;] = 1.

The main interest of this section is to test
Hos1 2 g(z) = g(x,90) versus
Hist : g(x) = g(l’,l?l) + 051 . D51(£L') (535)

for all z € R' and some 0,91 € O, where both ¥y and 91 are to be
chosen, © is a parameter space, Cs; is a sequence of real numbers, and
Ds; () is a specified and smooth function. Note that ¥y may be different
from the true value, 6y, of 6 involved in the drift function.

In order to construct our test for Hos1, we use (5.34) to formulate a
regression model of the form

e = g(X,) +n, (5.36)

where the error process n; = g(X;)(e? — 1) is of the following properties:
under Hos1

E[n|X,)=0 and En?| X, = 2¢*(X;,9). (5.37)
In general, for any k£ > 1 we have under Hosy
E [nf1X¢] = E[(ef — 1)¥] g% (X, 90) = crg"(Xe,90), (5.38)

where ¢, = E [(e7 — 1)¥] is a known value for each k using the fact that
et ~ N(0,1) has all known moments. This implies that all higher-order
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conditional moments of {n:} will be specified if the second conditional
moment of {7} is specified.

Since model (5.34) is a special case of model (3.32), we suggest using a
test statistic of the form

Lsy(h) = Lor(h) (5.39)

as defined in (3.36) in Chapter 3. As a direct application, Theorem 3.6
implies an asymptotically normal test for Hos1.

5.3.2 Specification of drift function

Throughout this section, we consider a semiparametric diffusion model
of the form

d'f’t = /J(’f't)dt + O'(T't, ’19)dBt7 (540)

where o (r, ) is a positive parametric function indexed by a vector of un-
known parameters, ¢ € © (a parameter space), and p(r) is an unknown
but sufficiently smooth function. As pointed out in existing studies, such
as Kristensen (2004), there is some evidence that the assumption of a
parametric form for the diffusion function is also reasonable in such cases
where the diffusion function is already pre—specified, the main interest
is, for example, to specify whether the drift function should be linear or
quadratic. In Arapis and Gao (2006), the authors have discussed how to
specify the drift function parametrically while the diffusion function is
allowed to be unknown nonparametrically.

Similarly to model (5.34), we suggest approximating model (5.40) by a
semparametric autoregressive model of the form

Y = f(Xe) + V9(Xe, ) ey, (5.41)

where f(X;) = u(Xy), (X, 9) = A7 1o?(Xy,9), and {e;} is a sequence
of independent Normal errors with Ele;|X:] = Ele:] = 0 and var[e;| X;] =
varfe;] = 1.

Our interest is then to test
Hos2 : f(x) = f(x,60p) versus
His2: f(z) = f(x,01)+ Cs2- Dsa(x) (5.42)

for all € R' and some 6y, 0, € ©, where © is a parameter space,
C's2 is a sequence of real numbers, and Djso(z) is a specified and smooth
function. Note that 6y may be different from the true value, ¢, of ¢
involved in the diffusion function.
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Similarly to the construction of Ls;(h), we propose using a normalized
version of the form
T T ~ X.—X ~
Doem1 Dottt €5 K (F57) &

Lsa(h) = ’ 5 , (5.43)

where ¢ = Y, — f(Xq, 50) with 50 being a v/ T—consistent estimator of
0o, and 62, = 203 [ K2(u)du with Dy = % 3°7_ | g(X;,9), in which J is a
V/T-consistent estimator of 1. Since the diffusion function is prespecified
parametrically, we need not involve any nonparametric estimator in 52,.

Similarly to Theorem 3.6, we may show that Lso(h) is an asymptotically
normal test. Such details have been given in Casas and Gao (2005). Since
the details are very analogous, we do not wish to repeat them. Instead,
we focus on testing for linearity in the drift function in the following
section.

5.8.8 Testing for linearity in the drift

To formally determine whether the assumption on linearity in the drift
in Method 1 is appropriate for a given set of data, we consider testing

Hoss = p(r) w(r; 6p) = Bo(cg — ) versus
Hisz o p(r) = plribh) =7+ Biloa —r)r (5.44)

for all r € RT = (0,00) and some 0y = (ag,By) € O, where 6; =
(a1, B81,7) € © (a parameter space in R®) is chosen such that the al-
ternative is different from the null. Equation (5.44) shows that we are
interested in testing for a mean-reverting drift versus a quadratic drift.

We approximate the semiparametric continuous-time diffusion model
dry = B(a —r¢) dt + o(r¢) dB; by a semiparametric time series model of
the form
Y; = 6((1 — Xt) + O'(Xt)et, (545)
X1 =Xy

where X; = r¢a, Yy = =45, 0(-) > 0 is unknown nonparametrically,

and e; = W ~ N (0,A71).

We initially suggest a specification test of the form
X=X\ o

Zs 121& 1t;£s€3K( h t) €t
Xo—Xp\ =

\/225 1Zt1sK2( ) 6t2

where K(-) is the standard normal density function, h is the bandwidth
parameter, and & = Y; — i1 (X3).

Ls3(h) =

(5.46)
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As can be seen from the proof of Lemma 5.1 below, it may be shown
that under Hos3
T T X=X
_ _ €s K (2272t) €
Lss(h) = Zs—lTZt—lf“ ) « +op(1) (5.47)
\/2 Dot i €2 K2 (F7) €
POHED Pril 15 Us 0(X5) K (X5 2) o (Xy) wy
- = T +op(1)
V2SS a2 02 (X)K? (K2) 02(X,) uf

for sufficiently large T, where u; = v/Ae; ~ N(0,1) is independent of
X, for all s <t.

As argued in Li and Wang (1998) and Li (1999), the first part of Equation
(5.47) shows that the test statistic Ls3(h) has the main feature that it
appears to be more straightforward computationally than other kernel—-
based tests (see Hiardle and Mammen 1993; Hjellvik and Tjgstheim 1995;
Hjellvik, Yao and Tjgstheim 1998), since it is not required to get a con-
sistent estimator of the conditional variance involved. Furthermore, the
second part of Equation (5.47) shows that the leading term of Ls3(h)
involves an error process {u;} independent of A. In addition, it has been
shown in Lemma 5.1 below that as T' — oo, Ls3(h) converges in distri-
bution to N (0, 1) regardless of whether A is fixed or varied according to
T. This implies that in theory the applicability of the test for testing the
drift depends on neither the structure of the conditional variance nor
the choice of A. In practice, Ls3(h) is computed using monthly, weekly,
daily, or higher frequency observations. Therefore, it is appropriate to
apply the test to our case study once the bandwidth is appropriately
chosen.

It follows from Theorem A.2 in the appendix that Lss(h) converges in
distribution to the standard normality when 7" — oo. Our experience and
others show that the finite sample performance of Lsz(h) is not good in
particular when h is chosen based on an optimal estimation procedure,
such as the cross—validation criterion. The main reasons are as follows:
(a) the use of an estimation-based optimal value may not be optimal
for testing purposes; and (b) the rate of convergence of Ls3(h) to the
asymptotic normality is quite slow even when {e;} is now a sequence of
independent and normally distributed errors. With respect to the choice
of a suitable bandwidth for testing purposes, we should propose choosing
a suitable bandwidth based on the assessment of both the size and power
functions of Lsz(h). Consequently, the issue of choosing A may also be
addressed when using the discretized version (5.2) for continuous—time
model specification.

Since we have not been able to solve such a choice problem for the
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continuous—time diffusion case, we instead propose using the following
two schemes to improve the finite sample performance of Ls3(h). We first
establish an adaptive version of Lss(h) over a set of all possible band-
width values. Second, we use a simulated critical value for computing
the size and power values of the adaptive version of Lss(h) instead of
using an asymptotic value of ly g5 = 1.645 at the 5% level. To the best
of our knowledge, both the schemes are novel in this kind of testing for
linearity in the drift under such a semiparametric setting.

We then propose using an adaptive test of the form

L* = Jnax Ls3(h), (5.48)

where Hr = {h = hmax@® : b > hin, k= 0,1,27...}, in which 0 <
hmin < Amax, and 0 < a < 1. Let Jr denote the number of elements of
Hr. In this case, Jr < log; /q(hmax/hmin)-

Simulation Scheme: We now discuss how to obtain a simulated critical
value for L*. The exact a—level critical value, [ (0 < a < 1) is the 1 —«
quantile of the exact finite-sample distribution of L*. Because (S may
not be evaluated in practice, we therefore suggest choosing a simulated
a—level critical value, [, by using the following simulation procedure:

) by

1. For each t = 1,2,...,T, generate Y, = ﬁ (Xt) + 01(X¢)er, where
{ej} is Sampled randomly from N(O A~Y) for A to be specified as
either A = 250 for the monthly data or A = ﬁ for the daily data,
which 711 (-) and 77 (-) are as defined in (5.10) and (5.11), respectively.
In practice, a kind of truncation procedure may be needed to ensure
the positivity of 71 (+).

2. Use the data set {Y;" : ¢ =1,2,..., T} to re-estimate 6. Denote the
resulting estimate by 6. Compute the statistic L* that is obtained by
replacing Y; and 0 with Y and 0* on the right-hand side of (5.48).

3. Repeat the above steps M times and produce M versions of L* de-
noted by L}, for m = 1,2,..., M. Use the M values of L}, to con-
struct their emplrlcal bootstrap distribution function, that is, F*(u) =

&= Zm 1 ( < u). Let ¥ be the 1 — a quantile of the empirical
bootstrap dlstribution and then estimate (£ by I7.

We now state the following results, and their proofs are relegated to
Section 5.5.

Theorem 5.6. Assume that Assumptions 5.1(i), 5.2 and 5.4 listed in
Section 5.5 below hold. Then under Hoss

lim P(L* >17) =

T—o0
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The main result on the behavior of the test statistic L* under Hgss
is that [, is an asymptotically correct a—level critical value under any
model in Hoss.

Theorem 5.7. Assume that the conditions of Theorem 5.6 listed in Sec-
tion 5.5 below hold. Then under Hiss

lim P(L* > 1) = 1.
T—o00

Theorem 5.7 shows that a consistent test will reject a false Hoss with
probability approaching one as T' — oo. It is pointed out that Theorems
5.6 and 5.7 are new in this kind of continuous—time diffusion model
specification.

To implement Theorems 5.6 and 5.7 to real data analysis, we need to
compute the p—value of the test for each given set of data as follows:

1. For either the Fed rate or the Eurodollar rate data, compute

with Hp = {h = humaxa® : h > hyin, k=0,1,2,...}, where T~5 =
hmin < Amax = 1.1 (loglogT)_l, and a = 0.8 based on preliminary
calculations of the size and power values of Ls3(h) for a range of
bandwidth values.

2. Compute ¢ = Y; — 11(X;) and then generate a sequence of boot-
strap resamples {€;} using the wild bootstrap method (see Hérdle
and Mammen 1993; Li and Wang 1998) from {€;}.

3. Generate }A/t* = 11 (X:) + €. Compute the corresponding version L*
of L* based on {Y;*}.

4. Repeat the above steps N times to find the bootstrap distribution of
L* and then compute the proportion that L* < L*. This proportion
is a simulated p—value of L*.

With the three methods now constructed, it is of interest to see how
they compare, and more precisely, how the restriction placed on the drift
function affects the estimation of the diffusion. A number of studies note
that the prices of derivatives are crucially dependent on the specification
of the diffusion function (see Ait-Sahalia 1996a), therefore qualifying
parametric restrictions on the drift function. The test statistic L* is also
applied to formally test linearity in the drift using the simulated p—value.
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5.4 Empirical comparisons
5.4.1 The data

We now apply the three pairs of estimators constructed previously to
two different financial data. A conclusion regarding which method best
fits each data set will be offered. Also suggested here is an optimal band-
width, based on both the theoretical properties of the MISEs in Theor-
ems 5.1-5.5 and a comparison of a number of common forms used in the
literature.

15

10

Federal Funds Rate

1965 1972 1980 1988 1995
Year

Figure 5.1 Three-month T-Bill rate, January 1963 to December 1998.

To analyze the effect the sampling frequency (interval) has on the results,
we use both monthly (low frequency) and daily (high frequency) sampled
data. The three-month Treasury Bill rate data set given in Figure 5.1 is
sampled monthly over the period from January 1963 to December 1998,
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providing 432 observations (i.e. T = 432; source: H-15 Federal Reserve
Statistical Release). The number of working days in a year (excluding
weekends and public holidays) is assumed to be 250 (and 20 working
days per month). This gives A = 29 Chan et al. (1992) offer evidence
that the Fed rates are stationary by showing that the autocorrelations
of month—to—month changes are neither large nor consistently positive

or negative.

0.20 0.25

0.15

Eurodollar Interest Rate
0.10

0.05

1973 1977 1981 1985 1990 1994
Year

Figure 5.2 Seven-Day Furodollar Deposit rate, June 1, 1978 to February 25,
1995.

The second data set used in this analysis to compare and contrast the
primary results is the high frequency seven—day Eurodollar deposit rate.
The data are sampled daily from June 1, 1973 to February 25, 1995.
This provides us with T" = 5505 observations. Just as for the Fed data,
holidays have not been treated and Monday is taken as the first day after
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Friday as there are no obvious weekend effects (Ait-Sahalia 1996b). Thus,

our sampling interval A = ﬁ. The data are plotted in Figure 5.2.

For the stationarity test of the data sets, Ait-Sahalia (1996a) and Jiang
(1998) rejected the null hypothesis of nonstationarity on the respective
Eurodollarand Fed data based on results of an augmented Dickey—Fuller
nonstationarity test.

5.4.2 Bandwidth choice

The choice of bandwidth is critical in any application of nonparametric
kernel density and regression estimation. Theorems 5.1-5.5 provide some
kind of guidance on how to choose the bandwidth in practice. Overall, we
suggest using h = d T-% when A is fixed and A =c h2 and h=d T~7
when A — 0. As we deal with the fixed A in our empirical study, the
forms of the bandwidth selectors used are listed below:

1 1
hi=sqxT75, h2:ExT’%, hs = XT3, hy=1.06xs4xT"5,

where T is the number of observations and sy is the standard devi-
ation of the data. Thus h; and hy4 can, in this sense, be regarded as
“data-driven” bandwidth choices. Pritsker (1998) stated that hy is the
MISE-minimizing bandwidth assuming the data came from a normal
distribution with variance sfl. As can be seen from Theorems 5.1-5.5,
the second and third bandwidths can be written as h = ¢- T _%, where ¢
is a constant chosen to minimize the asymptotic MISE of the estimator
involved. Our detailed graphical comparison shows that hs is the optimal
one in terms of not only providing a smooth and informative marginal
density estimate (see Figure 5.3), but also possessing the greatest con-
sistency between the three drift and diffusion estimators (see Figure 5.4
for the Fed rate and Figure 5.5 for the Euro data). In addition to such
key figures, we have also produced some other figures for both the drift
and diffusion estimators based on Methods 1-3. For the Euro data, we
also borrowed bandwidth choices used by Ait-Sahalia (1996a, 1996b), as
he has also used this data set.

5.4.3 Results and comparisons for the Fed data

We “plugged-in” the bandwidths hy, ho, hs, hy of 0.00949,0.0297,0.0743
and 0.01, respectively, and estimated the marginal density, drift and dif-
fusion functions for the Fed data. It was found that the optimal band-
width refers to ha (0.0297). The density estimate produced for hy shown
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Figure 5.3 A: Nonparametric kernel density estimator for the Fed data with
ho = 0.0297. B: Nonparametric kernel density estimator for the Euro data
with he = 0.01786.

in Figure 5.3(A) appears to contain sufficient information. It is apparent
with this choice of bandwidth, even though the high rate period of 1980—
82 is included in the sample, the amount of information retained has
produced a less accentuated right tail. Its shape and symmetry about
0.055 closely resembles that of a Gaussian density. The densities pro-
duced with the smaller bandwidths were overly informative while larger
bandwidths resulted in smooth quadratic like curves.
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In Figures 5.4-5.13, the pairs of the estimators from the top to the
bottom correspond to (fiz,03), (liz,03) and ({1, 57).

Estimate of the drift function (I) Estimate of the diffusion function (I)
o °o<% &
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o °
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o
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Figure 5.4 Nonparametric drift and diffusion estimators for the Fed data with
ha = 0.01786.

Comparisons of the drift and diffusion estimators give similar results.
The three drift and diffusion estimators constructed using our optimal
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Estimate of the drift function (I)
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Figure 5.5 Nonparametric drift and diffusion estimators for the Fed data with

h3z = 0.0743.

bandwidth choice are superimposed for comparative purposes in Figure
5.7. The best estimators for the Fed data are given in Figure 5.7. The
drift functions fi(-) and fiz(-) inherit similar nonlinearity for interest
rates over the entire range of r. The best linear mean-reverting drift
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Figure 5.6 Nonparametric drift and diffusion estimators for the Fed data with
h1 = 0.00949.

estimate is plotted in the bottom of Figure 5.4 and then Figure 5.7. The
ordinary least squares method gave estimates for the parameters a and
B of fi1(-) of 0.07170 and 0.2721, respectively.

Looking now at the diffusion estimators we see 55 (-) and 73(-) especially
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Figure 5.7 The best estimators for the Fed data with hy = 0.0297. The (x)
refers to [y and 53, (o) to iz and G5 and (+) to 13 and G3.

are very similar. They closely resemble one another over the entire range
of r in both shape and magnitude (see Figures 5.4-5.7). The curvature of
53(-) and 73(-) is close to that of a quadratic. This gives some support
for the process of Brennan and Schwartz (1980), whose instantaneous
variance increased at a rate proportional to 2, and to Chan et al. (1992),
who found o oc 149,

The best estimator 57(-) (see the bottom of Figure 5.4 and then Figure
5.7) is comparable with 53(-) and 75(-) for low to moderate rates (i.e.,
rates below 12%). It lies above 5(-) and 73(-) for a greater (negative)
mean-reverting force (i1 () < f2(+), @s(-)). It appears to be a linearly
increasing function of the level of r (as in Cox, Ingersoll and Ross (CIR)
1985) for rates below 14%, and this is apparent in the bottom of Figure
5.4 and then Figure 5.7.

Given that the two nonparametric drift estimators are unlike the linear
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Figure 5.8 Nonparametric drift and diffusion estimators for the Euro data with
ha = 0.01786.

mean-reverting specification (with their respective diffusion estimates
73(-) and o3(-) differing from G3(-)), we suggest here that the mean—
reverting function is not appropriate for these data. Thus, fi1(-) does
indeed affect the estimation of the diffusion function and hence the pri-
cing of derivative securities. Based on the above, for the monthly sampled
Federal funds rate data, we believe that fi;(-) imposes an unnecessary
restriction that results in the misspecification of the diffusion function.
Either of the pair (fia(+),55(+)) or (ji3(-),3(-)) is recommended for this
set of data.
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Figure 5.9 Nonparametric drift and diffusion estimators for the Euro data with
hs = 0.044.

The specification test L* proposed in Section 5.3 was then applied in
order to formally reject linearity in the drift. The null hypothesis Hy :
wu(r) = B(a —r) of linearity is rejected at the 5% significance level. We
obtain a simulated p—value of p < 0.001, which is much smaller than the
5% significance level.
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Figure 5.10 Nonparametric drift and diffusion estimators for the Euro data
with h1 = 0.006413.

5.4.4 Results and comparisons for the Furo data

Now to the Euro data. The forms of hy,...,hs were applied to these
data. In this case, because we have 5505 observations, the bandwidths
were, respectively, 0.006413,0.01786,0.044, and 0.0068. We also consider
the bandwidth h, = 0.01347 used by Ait-Sahalia (1996a) for the same
data. The best estimators for the Euro data are given in Figures 5.8
and 5.11. Surprisingly, our optimal bandwidth for the Euro data also
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Figure 5.11 The best estimators for the Euro data with hy = 0.01786. The (x)
refers to 1 and 53, (o) to iz and G5 and (+) to f3 and G3.

corresponds to hy = % x T—5. Similar to the Fed data analysis where
we concluded h; and h4 severely undersmooth the density estimate, we
infer similar results for the Euro data. With the Euro data consisting
of 5505 observations, it is clear we would obtain a much smaller sample
variance than the Fed data (consisting of 432 observations). Our best
marginal density estimate, drift and diffusion estimators for the Euro
data are reported in Figures 5.3(B) and 5.8. The drift and diffusion
estimators are superimposed for comparative purposes in Figure 5.11. It
is apparent that the two unrestricted drift estimators, fis(-) and fis(+),
inherit very similar nonlinearity over the entire range of r (see Figure
5.11). Both estimators seem to exhibit mean reversion for r > 15%, while
our linear mean-reverting drift estimator ji;(-) (see also Figure 5.11) is
unexpectedly comparable with fis(-) and fi3(+) for r < 20%. The diffusion
functions constructed using the unrestricted drift closely resemble one
another and are practically indistinguishable for the entire range of r.
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They both increase somewhat linearly for » < 11%, both increase at a
greater rate than r for r > 11% and possess a “hump” at r = 15% where
the instantaneous variance jumps (see Figure 5.11).

For the Euro data, the best OLS estimates of a and 3 are 0.08308 and
1.596, respectively, which are analogous to the first step OLS estimates
computed by Ailt-Sahalia (1996a). We see the Euro data have stronger
mean-reversion than the Fed data (6 = 0.2721), which is most likely
the result of more frequent sampling. Ait-Sahalia (1996a) also found 3
to be larger for shorter-maturity proxies (seven-day Eurodollar versus
three-month T-bill). We see from Figure 5.11 that the similarity of the
three drift estimators may suggest the mean-reverting specification for
drift is applicable (at least for r < 20%). The similarity of the two
diffusion functions 3(-) and 53(-) and the deviation of 5%(-) from these
two estimators may, however, suggest otherwise.

The proposed test L* was run on the data. Our detailed simulation
returns a simulated p—value of p < 0.001, which directs us to strongly
reject the null hypothesis of linearity at the 5% significance level. A
likely explanation for this result is that as we have a long and frequently
sampled data set, the use of even the slightest deviant from the actual
drift will result in a compounded error effect or deviation of the specified
model from the actual process. Thus, we suggest the mean-reverting drift
function specification is not appropriate for high frequency data (more
strongly than for the monthly sampled Fed data). To determine whether
the high rate period of 1980-82 was responsible for the strong rejection
of linearity, we also ran the test on the sub—sample and calculated p—
value. The result suggests that linearity in the drift is also rejected for
the subsample. Not only did we run the linearity test on the subsample
of the Euro data, but we also estimated the drift and diffusion estimators
for this set. Here, we “plugged-in” the bandwidth value of hy = 0.01653,
which Ait-Sahalia (1996a) reported was optimal for this subsample. The
resulting drift and diffusion estimators are given in Figure 5.12. The two
unrestricted drift estimators exhibit similar nonlinearities for r < 10%
with mean-reversion for r > 10% while their corresponding diffusion
estimators resemble the quadratic diffusion specification of Brennan and
Schwartz (1980). The diffusion estimator 3 (+) appears to be comparable
with the constant volatility specification of Vasicek (1977) for r < 12%.
Such a difference in form is evidence against the linear mean-reverting
drift function.

Function estimates computed using the borrowed bandwidth of h, =
0.01347 give results that are slightly suboptimal in our opinion (see Fig-
ure 5.13). A comparison of our diffusion estimator 5% (-) with the diffu-
sion estimator of Ait-Sahalia (1996a) (see Figure 4 of his paper) for the

© 2007 by Taylor & Francis Group, LLC



EMPIRICAL COMPARISONS

0.0

0.1

0.2

0.3

0.0

0.1

0.3

0.05 0.00 0.05

0.10

Estimate of the drift function (I)

0.04

T
0.06

T
0.08

0.10

0.12

0.14

Estimate of the drift function (II)

0.04

T
0.06

T
0.08

0.10

0.12

Estimate of the drift function (IIT)

T T T T T
0.04 0.06 0.08 0.10 0.12

0.14

Estimate of the diffusion function (I)
°
°
g
5
&
&
T T T T T T
0.04 0.06 0.08 0.10 0.12 0.14
Estimate of the diffusion function (IT)
f?:
&
&
T T T T T T
0.04 0.06 0.08 0.10 0.12 0.14
Estimate of the diffusion function (IIT)
®
®
°
Q
)
)
2
)
o
°
T T T T T T
0.04 0.06 0.08 0.10 0.12 0.14

Figure 5.12 Nonparametric drift and diffusion estimators for the Euro sub-
sample with hs = 0.01653.

same data set suggests that the estimator is robust. As with Ait-Sahalia
(1996a), we observe the diffusion function is globally an increasing func-
tion of the level of the interest rate between 0 and 14% and above 14%,
the diffusion function flattens and then decreases.

The above comparisons give similar conclusions for the Euro data as for
the Fed data. We suggest our optimal bandwidth is retrieved with hy =

1 —
TOXT
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Figure 5.13 Nonparametric drift and diffusion estimators for the Euro data
with he = 0.01347.

not applicable for high-frequency, shorter maturity proxies. Acceptance
of the estimators from the first two methods suggests the CIR (1985)
linear specification for the diffusion may be a good approximation for
r < 11%, while for larger interest rates, the quadratic specification of
Brennan and Schwartz (1980) or the specification of Chan et al. (1992)
may be applicable as the volatility increases at a faster rate than r;. It
may be appropriate to apply these models over the whole range of r.
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5.4.5 Conclusions and discussion

Many different specification tests for the drift and diffusion functions
of the common It6 diffusion process have opened up a new area of re-
search. Some recently published papers empirically compare the plethora
of proposed models.

In this study, we adopted a similar nonparametric approach as Ait-
Sahalia (1996a) and Jiang and Knight (1997) to estimate the diffusion
process. We used two popular short rates: the three-month Treasury Bill
and the seven—day Eurodollar deposit rates. Based on our analysis, we
suggested the use of the bandwidth h = 1—10 x T~5 for both sets of data.
We then demonstrated how the bandwidth choice can have a dramatic
effect on the drift and diffusion estimates. We rejected linearity in the
drift despite theoretic economic justification, both empirically and more
formally with the specification test L*. Overall, we would suggest using
the pair (fiz(r),53(r)) for the two sets of data.

In summary, the nonparametric specification of the diffusion function
of Method 1 is seen to differ significantly from the diffusion function
estimates of Methods 2 and 3. We thus conclude that restrictions on the
drift have a greater effect on the volatility than what is suggested in the
literature. Our empirical comparisons suggest that o2 (-) is misspecified
primarily as a result of the assumptions imposed on it. That is, the
assumption of a linear mean—reverting drift has a substantial effect on
the final form of the diffusion. We suggest relaxing the drift assumption.
The unrestricted drift estimates indicate that the fitting of a second—
order polynomial may be more appropriate. It would be interesting to
regenerate these estimators but with a quadratic restriction on the drift.
The results could then be compared with the diffusion function estimates
generated by Methods 2 and 3. Such an exercise is deferred to future
research.

Extended research in this area should include a comparison of the non-
parametric density, drift and diffusion estimators with those implied by
some of the popular parametric models (see Ait-Sahalia 1999). In partic-
ular, to consider our nonparametrically estimated marginal density with,
say, the Gamma density of CIR (1985) applied to the Eurodollar data, or
to review how the unrestricted diffusion estimators actually compare to
the diffusion specifications of CIR (1985), Brennan and Schwartz (1980)
and Chan et al. (1992). Additionally, it would be useful to apply both
the popular existing parametric models and our nonparametric estim-
ates to price derivatives (e.g., bond options) in an attempt to determine
the accuracy of the prices computed.
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5.5 Technical notes

This section provides some necessary conditions for the establishment of
the theorems as well as their proofs.

5.5.1 Assumptions

Assumption 5.1. (i) Assume that the process {r;} is strictly stationary
and a-mixing with the mixing coefficient a(t) < Cpat, where 0 < C,, <
oo and 0 < a < 1 are constants.

(ii) The bandwidth parameter h satisfies that
lim h=0 and lim Th® = oo.
T—o0

T—o0

Assumption 5.2. (i) The marginal density function 7(r) is three times
continuously differentiable in r € R™ = (0, 00). In addition, 7(0) = 0.

(ii) The drift and the diffusion functions () and o2(r) are three times
continuously differentiable in r € R™ = (0,00), and o(r) > 0 on R™.

(iii) The integral of fi(v) = U%(v) exp (7 fvv 252(&)) d:c) converges at both

boundaries of R", where 7 is fixed in R*.

(iv) The integral of s(v) = exp (f 2 44(2) d:v) diverges at both bound-

o2(z)
aries of RT.

Assumption 5.3. (i) The second derivative of «(r), «”(r), is square
integrable over R™.

(ii) The following functions are integrable over R for i = 1,2:

(rw'(r))? and ( /0 ' w"(u)du)

(iii) The following functions are integrable over R

p (), o (), (alum])

(j[ <r>w<r>])2, ( e <r>w(r>}>2

for i =1,2,3, and
T d2 2
([ mbni)
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Assumption 5.4. (i) For ¢(r) = o%(r) or o*(r), ¥(r) satisfies the
Lipschitz type condition: |¢(r +v) —¢(r)] < ¥(r)|v| for v € S (any
compact subset of R'), where ¥(r) is a measurable function such that
E[¥2(r)] < .

(ii) Assume that the set Hy has the structure of (5.48) with
Cmax (10810gT) ™" = hpax > Bin > T77

for some constant v such that 0 < v < %

Assumptions 5.1-5.4 are natural in this kind of problem. Assumption
5.1(1) assumes the a—mixing condition, which is weaker than the (-
mixing condition. Assumption 5.1(ii) ensures that the theoretically op-
timum value of h = ¢- T~'/% can be used. Assumption 5.2 is equivalent
to Assumption Al of Ait-Sahalia (1996a), requiring the existence and
uniqueness of a strong solution to model (5.1). Assumption 5.3 basically
requires that all the integrals involved in Theorems 5.1-5.6 do exist. As-
sumption 5.4 is used only for the establishment and proof of Theorems
5.6 and 5.7. Similar conditions have been assumed in Assumptions 2 and
6 of Horowitz and Spokoiny (2001).

5.5.2 Proof of Equation (5.11)

Keeping in mind that K (%) = \/% exp{—%} and

we now derive our estimator, 53 (). Recall that Equation (5.9) implies

Now, evaluating the integral on the right of this identity,

/Oru(u;a)%(u)du /Tﬁ(au);hif( <“ Xt) du
(5o

/ a—Xt—FXt—U)K(u_hXt)dU

B
Th
B
Th

>
DI
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</0T(a—Xt)K<u_hXt>du)
> () e (257 ) )
i((axt) K(“ hXt)du)
([ s (7))

r—X¢
h

where ®(z) = \/% I exp{—%}du and

*Xt

02
I = ve —— s dv.
1t = TW/ xp{ 2 }

Observe that

7 /T’LXt v v? J 1 = d v
vo= ep{ -2} v:_i/ (e {-21)
~Xe /2m 2 V2r S X 2

oo { - A e { - 25}
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Therefore,

This gives

0 = i R Bl [p(5) -0 (50)

5.5.8 Proofs of Theorems 5.2-5.5

As there are some similarities among the proofs of Theorems 5.2-5.5,
we provide only an outline for the proof of Theorems 5.4 and 5.5 in
some detail. However, the details of the other proofs are available upon
request.

Recall that Y; = W and observe that YV; = u(X;) + o(Xy)es,

B _B
where X; = rya and ¢, = =22 We now have

T-1
) = sl = 2TAh2 > (Xth_ = (_(Xth_r)> Y7
A T—1 (Xe—7) (X¢ —1)

X [20(X0)o(Xe) + 1P (Xy) + 0% (Xy)ef ]
A T—1(Xt7,)K<_(Xtr)

)Xo X

Th? &~ h h
A (X —7) (X =)\ 2 2w a
+ 37 K () [P (X)) + 0 (X))
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Thus, a Taylor expansion implies that as h — 0

] = g [ K () ) + o eatin(s)ds
_ 2hA oK (@) [13(r — ah) + 0*(r — ha)o?] n(r — ha)dz
= (e [ ke o)
_ %p'(r) + %p(?’)(r)hQ + o(h?), (5.50)

where o = Ele?] = A7L, p(r) = p2(r) + o%(r)od, and £ lies between
7 —hz and r.
This implies
_ Ad o,
Effm] = m()+ 5 ()]

n %p@) (r)h2 + o(h?). (5.51)
Let Z, = (%) K (—%) w(Xe)o(Xt)er and
W, = (Xth_r> K (Xth_r> [12(X1) + 02 (Xy)e?] .

Observe that

A T2 A Tl
ma(r) = Blma(r)] = 75 t_zl Zt+ 5 t—zl (Wi — E[W4])
= Lt + I, (5.52)
where the symbol “ =" denotes that the terms of the left—hand side are

correspondingly identical to those of the right—hand side.
Analogously to (5.50), we obtain that as h — 0

AQ T-1 T-1
Ellf] = opp(1+o(1) ZE 2+3 Y Elz.2)
t=1 s=1,#t
’0 §—r rT—38
- ATh‘lo/( h ) K2< W >M2(8)02(8)w(s)d8
x (L+o(1))
252 2,2
B ATh:ioq( )/xQKz(x)dx‘F AThO (J”(T)/x"‘KQ(x)dx
x (1+o(1)), (5.53)
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where q(r) = p?(r)o?(r)m(r). Similarly, we can show that as h — 0

Blir) = fors(0+o(1) [1(r) + 30" (r)od + 24%(r)o*(r)o3)]
x/ﬁWmm. (5.54)

Equations (5.50)—(5.54) then imply Theorem 5.4. Observe that
~ 2 r u — Xt
E[%uﬂ hELAXQA K( . >d4
2 [7 u—v
= E/o [/K( o >u(v)7r(v)dv} du

2
- / mm@m+m0(%[@ﬂwm

_ 2 [" 2
= V()+h j/ T lplwm(u)du+o(h?)  (5.55)
using a Taylor expansion.

Let U(X,) = ® (=5X) — & (=X). Similarly to (5.53) and (5.54), we
obtain that for sufficiently large T’

B (V) - B [130)])

H \

o T-1 2
{ (VU (Xy) — [Yt‘I’(Xt)])}

t=

= 7/ 12 (s) + A7 0% (s)] U (s)m(s)ds

+ <T>. (5.56)

Theorem 5.5 then follows from (5.55), (5.56) and

(0 -vn) =B (%) - B[B0)])) + (B[Bw)] -ven).

5.5.4 Technical lemmas

This section lists the key lemmas but provides only an outline of the
proof of each lemma, as the detailed proofs of the lemmas are extremely
technical and therefore omitted here. However, they are available from
the authors upon request. The proof of Lemma 5.1 below follows sim-
ilarly from that of Theorem 3.1(i) of Li (1999). The proofs of Lemmas
5.2-5.6 below follow similarly from those of Lemmas 8, 10, 12 and 13 of
Horowitz and Spokoiny (HS) (2001), respectively. Note that Assumption
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1 of HS (2001) holds automatically since u(r,8) of this paper is a linear
function of 6. Also note that Assumption 2 of HS (2001) holds immedi-
ately as 0 is the least—squares estimator. In addition, we need not assume
the compactness condition on K as in Assumption 4 of HS (2001). This
is because there is no denominator involved in the numerator part of the
form of Ls3(h) as can be seen from the proof of Lemma 5.1 below.

Lemma 5.1. Suppose that Assumptions 5.1(i), 5.2 and 5.4(ii) hold.
Then under Hoss
Ls3(h) —p N(0,1)

as T — oo and for every given h € Hr.

PRrOOF: Let ¢, = o(X;)er. Recall X; = ra and observe that for any
feo

~ ~

& = Yi—u(Xy;0) = e + p(Xe;0) — p(Xe;0)
= &+ u(Xy;0) — u(Xe;00) + p(Xe;00) — (X3 0)
= € + /\t(€> + (5t7 (557)

-~

where A\ (0) = u(Xy; 0) — 1u(Xy; 0p) and 6; = p(Xy; 6p) — p(Xe;0).

Let S2, = 22321 ZZ;I € K2 (X5%) €. It then follows from the
definition of Ls3(h) that for sufficiently large T

T T ~ _ ~
PR Zt:l,t;ﬁs € K (XshXt) €t

L53(h) B T T X.—X
Verlie vl e (S g
T T
1 Xs Xt>
= —Z Z €s K( €
S53 £ t=1,t£s h
T T
1 Xs - Xt
+ e S e E (T ae
553 s=11t=1,t#s h
T T
1 Xs - Xt
D DD DI K( N ) 0r + op(Lr(h))
s=11t=1,t#s
T T
1 X, - X,
= —Z Z esK( )et
S53 £ t=1,t£s h
T T
1 Xs - Xt
—_— A(VK | ———— | X\ (0
* Ss3 215_;#8 ©) ( h ) +(6)
+ OP(L53(]’L)) (558)

using the fact that 0 is a v/T—consistent estimator of 0.
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Similarly, we may have for sufficiently large T,

oy ()

s=1t=1

T T
— 2y Y e K2 (X;X> &

s=1t=1

T T
sy S k2 () o)

2
5%3

s=1t=1
T T
Xs— X
+ 2> > K <h*> 5t +op(SF)
s=11t=1
Xs— X
- oy y e (XX g
s=11t=1

+ 2 ) N0 K? (X;Xt) A2(0) + op(S2). (5.59)

s=1t=1

Analogously to the proof of Theorem 3.1(i) of Li (1999), we may show
that under Hgs3
2

Sz,
lim =3 =1 in probability, (5.60)
T—o0 Uh

B|yy (B o

s=1t=1
200 T(T — 1)k (14 0(1))

/O:O K*(u)du /04(1;)772(@)@7 (5.61)

where

Q
&>
Il

X

in which 02 = E[e?].

Since A(6p) = 0 under Hos3, Equations (5.58) and (5.59) imply that
under Hos3

Zstl EtT:Lt;és € IC (XS;Xt) €t
VXl s e K2 (X g
Z?:l Z?:l,t;ﬁs us 0(Xs)K (%) o(X¢) uy
VeX L SL 2 (XK (X550 02(X,) o

Lss(h) +op(1) (5.62)

+ Op(l)
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for sufficiently large T, where u; = VA e; ~ N(0,1) is independent of
A.

Let pst = 0(Xs) K (%) o(X;) and ¢st = us pst ug. Equations (5.57)—
(5.62) imply that under Hos3

T ;I
Ls3(h) = Ses Z Z €s Pst € = o Z Z ost +op(1)  (5.63)
t=1 s=1,#t t=1 s=1,#t

for sufficiently large T', where

o = Z—g =2T(T —1)h (1+0(1)) /_OO K?(u)du /04(v)7r2(v)dv

is independent of A. Note that Theorem A.1 of the appendix is applicable
to such ¢4;. The proof of our Lemma 5.1 then follows similarly from that
of Theorem A.l of the appendix. The detail is similar to the proof of
Theorem 2.1 of Gao and King (2004).

Before establishing some other lemmas, we need to introduce some ad-
ditional symbols and notation. Define

Nor(h) = 3 _i es K(X;Xt) e

s=1t=1,t#s
T T
Xs_Xt
Qrd) = Z Z AS(G)K(h) (),
s=1t=1t#s
T T
Xs — X,
_ 2 o2 [ As t\ 2
Dor(h,0) = 2;;esK <h> €
T T
X - X
+ 2) ) N0 K2< - t) 22 (0)
s=11t=1
Let N (h) be the version of Nop(h) with {e;} replaced by {e; }. Define
Loy = Ny = M) )
Oh Oh
~ ~ N
Lon) = Lofh.g) = Trl=Qr®) (5.65)
Dor(h,0)

where 0 € ©.

In addition, as proposed in the simulation procedure below (5.48), let
L*(h) be the version of Ls3(h) with Y; and 6 replaced by Y;* and 6* on
the right—hand side of (5.47).
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Lemma 5.2. Suppose that Assumptions 5.1(i), 5.2 and 5.4 hold. Then

L = L = L 1 .
jmax Lys(h) = max Lo(h,6) + 0,(1), (5.66)
L = max L*(h) = max Ly(h) + 0p(1). (5.67)

PROOF: The proof of (5.66) and (5.67) follows from (5.57)—(5.61). The
detail is similar to that of Lemma A.2 of Arapis and Gao (2006).

Lemma 5.3. Let Assumptions 5.1-5.2 and 5.4 hold. Then the asymp-
totic distributions of maxpegr, Lo(h) and maxpem, Li(h) are identical
under Hoss.

PROOF: The proof follows easily from Lemma 5.2 and the fact that both

{e:} and {e}} are mutually independent and identically distributed as
N (0,A71).

Lemma 5.4. Suppose that Assumptions 5.1(i), 5.2 and 5.4(ii) hold.
Then for any x > 0, h € Hp and all sufficiently large T

P(Li(h) > z) < exp (-ff) .

PRrROOF: The proof follows from the fact that L{(h) is asymptotically

normal. The detailed proof is similar to that of Lemma A.4 of Arapis
and Gao (2006).

For 0 < o < 1, define I, to be the 1 — a quantile of maxye s, Lj(h).

Lemma 5.5. Suppose that Assumptions 5.1(i), 5.2 and 5.4(ii) hold.
Then for large enough T

lo < 2y/log(Jr) — log(a).

PROOF: The proof is trivial.

Lemma 5.6. Suppose that Assumptions 5.1(i), 5.2 and 5.4(ii) hold.
Suppose that

lim P (QT(Ql) > 2?;) ~1 (5.68)
T— o0 Oh

for some 61 € © and h € Hyp, where

7 = max (l:l, \/2 log(Jr) + 210g(JT)> . (5.69)
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Then
lim P(L* >1})=1.

T—o00

PROOF: The proof is similar to that of Lemma A.6 of Arapis and Gao
(2006), in view of the proof of Lemma 13 of Horowitz and Spokoiny
(2001).

5.5.5 Proofs of Theorems 5.6 and 5.7
Proof of Theorem 5.6: The proof follows from Lemmas 5.2 and 5.3.

Proof of Theorem 5.7: Let A(61) = (A1(01),---, Ar(61))7. In view of
the definition of Qr(6), we have that for sufficiently large T
Qr(61) = (1+o0p(1)) Th AX(61)"A(61)

(1+o0p(1)) C, T?h > Cy ThY?\/loglog(T) (5.70)

hold in probability, where C; > 0 and Cy > 0 are constants. Equation
(5.70), together with Assumption 5.4(ii) and (5.69), implies (5.68). This
therefore completes the proof of Theorem 5.7.

5.6 Bibliographical notes

On nonparametric model specification of continuous—time diffusion mod-
els, recent developments include Ait-Sahalia (1996b), Jiang and Knight
(1997), Stanton (1997), Jiang (1998), Pritsker (1998), Corradi and White
(1999), Chapman and Pearson (2000), Gao (2000), Engle (2001), Bandi
and Phillips (2003), Dette and Von Lieres und Wilkau (2003), Fan and
Zhang (2003), Durham (2004), Gao and King (2004), Chen and Gao
(2005), Corradi and Swanson (2005), Fan (2005), Hong and Li (2005),
Jones (2005), and Li, Pearson and Poteshman (2005).

Other closely related studies about nonparametric and semiparametric
estimation and testing in continuous-time diffusion models include Ait-
Sahalia and Lo (1998, 2000), Ait-Sahalia (1999), Sundaresan (2001), Cai
and Hong (2003), Fan and Zhang (2003), Fan et al. (2003), Kristensen
(2004), Fan (2005), and others.
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CHAPTER 6

Long—Range Dependent Time Series

6.1 Introductory results

There is a long history of studying long-range dependent models for
strictly stationary time series. Hurst (1951), Mandelbrot and Van Ness
(1968), Granger and Joyeux (1980), and Geweke and Porter-Hudak
(1983) were among the first to study time series models with long-range
dependence through using the spectral density approach. Attention has
recently been given to two single-parameter models in which the spec-
tral density function is proportional to w™7, 1 < v < 2, for w near zero,
and the asymptotic decay of the autocorrelation function is proportional
to 7771, Because the spectral density function is unbounded at w = 0—
equivalently, the autocorrelation function is not summable, these are
long-range dependent (LRD) (long memory; strong dependent) models.
A recently published survey of long-range dependence literature up to
about 1994 is Beran (1994). See also Robinson (1994), Baillie and King
(1996), Anh and Heyde (1999) and Robinson (2003) for recent develop-
ments of long-range dependence in econometrics and statistics.

We now state two definitions and a theorem, which are the same as
Definitions 2.1 and 2.2 as well as Theorem 2.1 of Beran (1994).

If {Z,;} is a zero mean, real-valued, and stationary process, it has an
autocovariance function

T'(T) = E[ZtZt+7—]
and the spectral representation of the form (see Theorem 4.3.2 of Brock-

well and Davis 1990)

T

7‘(7’):/ e“TdF (W), (6.1)

—T

where F'(w) is nondecreasing and bounded. If F(w) is absolutely continu-
ous, its density f(w) is called the spectrum of Z;. There is an inversion

157
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158 LONG-RANGE DEPENDENT TIME SERIES

formula
o0

f(w):% > r(n)e (6.2)

n=—oo
provided that r(7) is absolutely summable. For this case, {Z;} is called
a stationary process with short-range dependence.

We now state the following definitions for the case where r(7) is not

_ r(n)
r(0) "

absolutely summable. Let p(7)

Definition 6.1. Let {Z;} be a stationary process for which the following
holds. There exists a real number o € (0,1) and a constant C, > 0 such
that

lim p(T)
700 Cp7—0

=1. (6.3)
Then {Z;} is called a stationary process with long-range dependence.
Equation (6.3) can be written as
1
p(T) =~ CpT—a as T — 00,
where the symbol “a~” indicates that the ratio tends to one as 7 — oo.

Knowing the autocorrelations is equivalent to knowing f(w). Therefore,
long-range dependence can also be defined by imposing a condition on
the spectral density.

Definition 6.2. Let {Z;} be a stationary process for which the following
holds. There exists a real number 8 € (0,1) and a constant Cy > 0 such

that
lim M 1.

= 04
A2 C ] P (6.4)

Then {Z;} is called a stationary process with long-range dependence.
Equation (6.4) can be written as

1
fw) =~ CfW as w— 0.

These two definitions are equivalent in the following sense.

Theorem 6.1. (i) Suppose (6.3) holds with 0 < o« =2 — 2H < 1. Then
the spectral density f exists and

. flw)
b i =

where

Cp=o’n 'C,I'(2H — 1)sin(r — mH) with o = var(Z;).
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(i) Suppose (6.4) holds with 0 < 3 =2H —1 < 1. Then

lim p(7)

_PJ
ro0 C,r2H~2 ’

where
C, =20T(2—2H)sin(rH — 0.57)0 2.

The proof of Theorem 6.1 is straightforward. It is important to note that
the definition of long-range dependence by (6.3) (or Equation (6.4)) is
an asymptotic definition and that the relation a4+ 8 = 1 is always true.
The parameter H is called a self-similarity parameter.

6.2 Gaussian semiparametric estimation

Let {Z;} be a stationary long-range dependent process with zero mean.
Denote by r(7) the lag—7 autocovariance of {Z;} and by fy(w) the spec-
tral density of {Z;} such that

(1) = E[Z1Z11+] = /Tr cos(Tw) fo(w) dw.

—T

It is assumed that
folw) ~ G '™ as w— 0+, (6.5)

where G € (0,00), H € (3,1) and 0 = (G,H) € © = (0,00) x (%,1).
The parameter H is sometimes called the self-similarity parameter. The
estimation of G and H has been popular in recent years. There are
a number of different approaches to the estimation of G and H. See,
for example, Geweke and Porter—Hudak (1983), Fox and Taqqu (1986),
Dahlhaus (1989), Heyde and Gay (1993), and Robinson (1995a). This
section suggests using the Gaussian semiparametric estimation method
proposed by Robinson (1995b) as this estimation procedure is more ef-
ficient and its asymptotic properties can be established in a broader
context.

The periodogram of {Z;} is defined at the Fourier frequencies w; = 2% €
(_7(7 7T], by

2

1

Ir(w) = 21T

T
E Ztefitw
t=1

The following objective function has been used in the literature:

Wr(0) = ﬁ /_ ! {log( fo(w)) + ZEZ’)) } duw. (6.6)
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160 LONG-RANGE DEPENDENT TIME SERIES
By minimizing (6.6) with respect to 6 € ©, we have

Or = arg min Wr(0).

Under suitable conditions, §T is asymptotically normal. See Dahlhaus
(1989) for more details.

This section considers using a discretized version of (6.6) of the form

m

R )

where 1 <m < L. Let Q = [Ay, Ay] with 3 < A; < Ay < 1. Clearly,
we may estimate 6 by

~ —

= 2 ﬁ p— 1 .
0=(G H) argO<GI<nolor’1H€QWT(0)

j=1

Before we state the main results of this section in Theorems 6.1 and 6.2
below, we need to introduce the following conditions.

Assumption 6.1. As w — 0+
f(OJ) ~ GO o,)l_QHO,

where Gy € (0,00) and Hy € [A1, As].

Assumption 6.2. In a neighourhood (0, §) of the origin, f(w) is differ-
entiable and

- log(f(w)) =0O(w™) asw — 0 4.

Assumption 6.3. We have

(oo} (oo}
Zy = E as€i_ s with E az < 00,
s=0 s=0

where
Ele/|Fi_1] =0, E[e?|F;_1] =1, a.s., t =0,%1,...,

in which {F;} is a sequence of o-fields generated by {es, s < t}, and
there exists a random variable € such that E[e?] < oo and for all > 0
and some C > 0, P(|e;| > n) < CP(|e] > 7).
Assumption 6.4. As T — oo

1 m

—+ = —0.
erTH

Robinson (1995b) established the following theorem.
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Theorem 6.2. Let Assumptions 6.1-6.4 hold. Then as T — oo

ﬁ —p Ho.
The proof is the same as that of Theorem 1 of Robinson (1995b). In order

to establish the asymptotic normality, we need to modify Assumptions
6.1-6.4.

Assumption 6.5. For some § € (0, 2
f(w) ~ Gy w'™2Ho (1 + O(W%)) as w— 0+,
where G € (0,00) and Hy € [A1, As].

Assumption 6.6. In a neighbourhood (0, §) of the origin, a(w) is dif-

ferentiable and
da(w) =0 (|a£}w)|) as w — 0+,

dw
where a(w) = > oo, ase™“.
Assumption 6.7. Assumption 6.3 holds and also
E[e}|F;_1] = p3 a.s. and Ele}] = g, t =0,£1, ...
for finite constants ps and pug.

Assumption 6.8. As T — oo

1| m"*%(log(m))”

Robinson (1995b) also established the following theorem.

Theorem 6.3. Under Assumptions 6.5-6.8, we have as T — oo

Vm(H — Hy) — N (O,i) .

The proof is the same as that of Theorem 2 of Robinson (1995b).

6.3 Simultaneous semiparametric estimation

As assumed in model (6.5), the above section looks only at the Gaus-
sian semiparametric estimation of the parameters (G, H). This section
proposes using a simultaneous semiparametric estimation procedure for
a vector of unknown parameters involved in a class of continuous—time
Gaussian models. Similarly to Theorems 6.2 and 6.3, both asymptotic
consistency and asymptotic normality results are established.
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6.3.1 Gaussian models with LRD and intermittency

As an extension to model (6.5), Gao (2004) considered the case where
the spectral density function of Gaussian processes is of the form

Y(w) = YP(w,0) = M%((L(:ZH—)FOP) w € (—00,00), (6.7)

where 6 = (o, 8, 0,7) € © with
1
0= {0<a<oo 0<p<= O<U<oo()<'y<ooﬂ+’y>2}

« is normally involved in the drift function of the process involved, 3
is the LRD parameter, ¢ is involved in the diffusion function of the
process considered, v is normally called the intermittency parameter of
the process considered, and 7(w, ) is a continuous and positive function
satisfying 0 < limy, 0 or w40 T(w,0) < oo for each 6 € O.

When 7(w,8) =1 and a = 1 in (6.7), the existence of such a process has
been justified in Anh, Angulo and Ruiz—Medina (1999). For this case,
model (6.7) corresponds to the fractional Riesz—Bessel motion (fRBm)
case. The significance of fRBm is in its behaviour when |w| — oo. It
is noted that when a = 1, ¥(w) of (6.7) is well defined as |w| — oo
due to the presence of the component (1 + w?)~7, v > 0, which is the
Fourier transform of the Bessel potential. As a result, the covariances
R(t) of the increments of fRBm are strong for small |¢|. That is, large
(resp. small) values of the increments tend to be followed by large (resp.
small) values with probability sufficiently close to one. This is the cluster-
ing phenomenon observed in stochastic finance (see Shiryaev 1999, page
365). This phenomenon is referred to as (second-order) intermittency in
the turbulence literature (see Frisch 1995).

When 7(w, ) = and v = 1, model (6.7) reduces to

1
T2(1+7)
o? 1 1
T2(1+ ) [P w? + a2’

which is just the spectral density of processes that are solutions of
continuous—time fractional stochastic differential equations of the form

P(w) = p(w,0) = (6.8)

dZ(t) = —aZ(t)dt + odBs(t), Z(0) =0, t € (0,00),  (6.9)

where B@( ) is general fractional Brownian motion given by Bg(t) =
ot 1(“]‘14?[3) dB(s), B(t) is standard Brownian motion, and I'(z) is the usual
I function. Obviously, model (6.9) is a fractional stochastic differential
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equation. It is noted that the solution of (6.9) is given by

Z(t)

/t A(t — s)dB(t) with t € [0,00) and
0

Alx) = ﬁ (:cﬁ - a/ow e_a(””_“)uﬁdu> . (6.10)

Model (6.8) corresponds to the spectral density of an Ornstein—Ulhenbeck
process of the form (6.9) driven by fractional Brownian motion with
Hurst index H = 3+ 3. Obviously, the process Z(t) of (6.10) is Gaus-
sian.

It is noted that the ¥ (w) of (6.7) is well defined for both |w| — 0 and
lw| — oo due to the presence of the component (a? + w?)~7, which
provides some additional information for the identification and estima-
tion of av and «y. For model (6.8), when |w| — 0, ¢(w) ~ ﬁ (%)2 =7
For this case, if only information for LRD is used, it is easy to estimate
the whole component (%)2 but difficult to estimate both ¢ and « indi-
vidually. Thus, the use of information for LRD only can cause a model
misspecification problem. This suggests using some additional informa-
tion for the high frequency area (i.e., |w| — oo) for the identification and
estimation of both a and v involved in model (6.7).

It should be pointed out that the processes having a spectral density of
the form (6.7) can be nonstationary. As can be seen from (6.10), Z(¢t) of
(6.10) is a nonstationary Gaussian process, but the spectral density 1 (w)
is a special case of from (6.7). It is worthwhile to point out that model
(6.7) extends and covers many important cases, including the important
case where 0 < f < % and v > % For this case, f + v > % holds
automatically. Recently, Gao et al. (2001) considered the special case
where m(w,0) =1, a=1,0< 8 <1/2and v > 1/2in (6.7). The authors
were able to establish asymptotic results for estimators of § based on
discretization. See, for example, Theorem 2.2 of Gao et al. (2001). As a
special case of model (6.7), another important case where 7m(w,0) = 1,
a=1,0<0< %, 0<y< % but g4y > % that was discussed in detail
by Gao (2004). There are two reasons to explain why the latter case is
quite important. The first reason is that it is theoretically much more
difficult to estimate both § and « when they relate each other in the
form of 5+~ > % As can be seen from the next section, a constrained
estimation procedure is needed for this case. The second reason is that
one needs to consider the case where both the long-range dependence
and intermittency are moderate but the collective impact of the two is
quite significant.

In the following section, we propose using a semiparametric estima-
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tion procedure for the parameters involved in (6.7) through using a
continuous—time version of the Gauss—Whittle objective function. Both
the consistency and the asymptotic normality of the estimators of the
parameters are established.

6.3.2 Semiparametric spectral density estimation

Since the process Z(t) of (6.10) is not stationary, we denote by Y (¢) the
stationary version of Z(t),

t
Y(t) = / A(t — s)dB(s), t € [0, 00). (6.11)
Define the autocovariance function of Y by vy (k) = cov[Y (¢),Y (¢ + h)]
for any h € (—o0,00). In the frequency domain, as the spectral density
of Y () is idential to that of the process Z(t) (see Proposition 6 of Comte
and Renault 1996) the spectral density of Z(t) defined by the Fourier
transform of vy (h f_ ~wTyy (7)dT, is given by

1 o?
I2(1+B) jw?P(w? + a2)7’
where 6 = («, 8,0,7) is the same as in (6.7). Thus, we may interpret
that the spectral density of the form (6.12) corresponds to Z(t) of (6.8).

Note that when v = 1, the spectral density of (6.12) reduces to form
(6.8).

We assume without loss of generality that both Z(¢) and Y (¢) are defined

n [0,00). It is easily seen that the proposed estimation procedure re-
mains true when both Z(¢t) and Y (¢) are defined on (—o0, c0). This sec-
tion considers only the case of 0 < 3 < % For any given w € (—o0, 00),
we define the following estimator of ¥ (w) = ¥ (w, ) by

N .
/ e Y (t)dt
0

where N > 0 is the upper bound of the interval [0, N], on which each Y (¢)
is observed. Throughout this chapter, the stochastic integrals are limits
in mean square of appropriate Riemann sums. It is noted that form (6.13)
for the continuous—time case is an extension of the usual periodogram
for the discrete case (see Brockwell and Davis 1990). For discrete time
processes, some asymptotic results have already been established for
periodogram estimators (see §10 of Brockwell and Davis 1990).

Y(w) =Y (w,d) = w € (—o0,00), (6.12)

2

! , (6.13)

InWw) = 5—

Before establishing the main results of this section, we need to introduce
the following assumption.
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Assumption 6.9. (i) Assume that each Gaussian process having a spec-
tral density of the form (6.7) has a stationary Gaussian version.

(ii) Assume that 7(w, 6) is a positive and continuous function in both w
and 6, bounded away from zero and chosen to satisfy

0 o dw
/ P(w, 0) dw<ooand80(/ log(w(w,e))HwZ):O for 6 € ©.

In addition, 7(w,#) is a symmetric function in w satisfying
0 < lim m(w,0") < oo and 0 < lim 7(w,0%) < o
w—0 w—+oo
for each given §* € ©.

(iii) Let 6p be the true value of 6, and 6y be in the interior of Qg, a
compact subset of ©. For any small e > 0, if € < [|0 — || < % then

6) 1
/ ¢w 0 2dw<c>o,

where || - || denotes the Euclidean norm.

Assumption 6.9(i) assumes only that the processes having a spectral
density of the form (6.7) are Gaussian processes, which can be solutions
of fractional stochastic differential equations. For example, the process
Z(t) given in (6.10) is the solution of equation (6.9), and the spectral
density of the solution is given by (6.8). Assumption 6.9(ii) assumes that
Y(w, 0) is also normalized so that

55 ([ estww o) 1525 ) =0

This extends similar conditions introduced by Fox and Taqqu (1986) and
then generalized by Heyde and Gay (1993).

Assumption 6.9 allows a lot of flexibility in choosing the form of 7(w, ),
which includes not only the LRD parameter 3, but also the parameters—
of-interest, o and o. The last two parameters, as can be seen from models
(6.8) and (6.9), have some financial interpretations: « represents the
speed of the fluctuations of an interest rate data set while o is a measure
for the order of the magnitude of the fluctuations of an interest rate data
set around zero, for example. In general, 7(w,#) represents some kind
of magnitude of the process involved. Assumption 6.1 holds in many
cases. For example, when m(w, ) = W—hﬁ) and v = 1 or 7(w,0) = 1,
Assumption 6.9 holds automatically.

We propose using a simultaneous Gaussian semiparametric estimation
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procedure based on the following objective function:

I 1Y (w) dw
Ly(0) = /m {log(w(w,ﬂ)) + J(L,e)} T (6.14)

The weight function ﬁ involved is to ensure that LY, (6) is well defined.

log((w,0)) _
e =0

This is mainly because lim,, 4~

Due to the form of

1 1
92{9:0<a<oo,0<ﬂ<2,O<U<oo,0<’y<oo,ﬁ+’y>2},

we need to consider the following two different cases:

e Case I:
1 1
@1:{9: I<a<oo, 0<o<oo, 0<ﬁ<§, 2§7<oo};
e Case II:
1 1
62={9: l<a<oo, 0<o<oo, 0<5,’y<§, ﬂ+7>2}.
Obviously, ©; C © and O, C ©.
For Case I, the minimum contrast estimator of  is defined by
On = in L) (0 6.15
v gl LR (O) o

where O1¢ is a compact subset of ©;.
For Case II, we introduce the following Lagrangian function
M (0) = LY (0) — Ag(0),
where A is the multiplier and g() = ﬂ+7,%. The minimisation problem:
Minimising L) (), subject to 6 € O,

can now be transferred to the following minimisation problem:

Oy = in MY (0), 6.16

n = arg min My (6) (6.16)

where G99 is a compact subset of ©s. It should be noted that Case I
corresponds to A = 0 and that Case II corresponds to A # 0. To avoid

abusing the notation of 6y, we denote the true value of € ©1 by 61,
and the true value of 8 € ©4 by 659 throughout the rest of this section.

To state the following results, we also need to introduce the following
conditions.
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Assumption 6.10. (i) For any real function p(-,-) € L?(—o0, c0),

[ () (P

where 00 = 010 or 920.
(ii) For 6 € ©,

_ %/(’O (8log(ge(w,0))> <6log(g9(w,0))>T 5 +1w2)

) |9:90 dw < o0,

%(6)

i 5 dw < oo
(iii) The inverse matrix, X 71(6p), of X(6p) exists, where 6y = 019 or fag.

Assumption 6.11. Assume that K(6,6p) is convex in 6 on an open set
C(0y) containing 6y, where 6y = 019 or 659 and

o - [~ S (3

Assumption 6.10(i) is required for an application of a continuous—time
central limit theorem to the proof of the asymptotic normality. Assump-
tion 6.10(ii)(iii) is similar to those for the discrete case. See, for example,
Condition (A2) of Heyde and Gay (1993). Assumptions 6.10 and 6.11
simplify some existing conditions for continuous—time models. See, for
example, Conditions 2.1 and 2.2 of Gao, Anh and Heyde (2002).

Assumption 6.10 holds in many cases. For example, when n(w,f) =
m and v =1 or m(w, ) = 1, Assumption 6.10 holds automatically.
It should be pointed out that Assumption 6.11 holds automatically for
the case where m(w,0) = 1, as the matrix K(0) = {kij(a)}{lgi,j§4} is
positive semidefinite for every 6 € C(6y), an open convex set containing
6o, where k;;(6) = #;%K(G,GO), in which 0, = o, 0y = 83, 03 = &
and 64 = ~. For the detailed verification, we need to use Theorem 4.5
of Rockafeller (1970). This suggests that Assumption 6.11 is a natural
condition.

In general, in order to ensure the existence and uniqueness (at least
asymptotically) of §N, the convexity imposed in Assumption 6.11 is ne-
cessary. Previously, this type of condition has not been mentioned in
detail, mainly because the convexity condition holds automatically in
some special cases. For our model (6.7), as the form of ¢ (w, 0) is very
general, Assumption 6.11 is needed for rigorousness consideration.

We now state the following results for Case I and Case II in Theorems
6.4 and 6.5, respectively.
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Theorem 6.4 (Case I). (i) Assume that Assumptions 6.9-6.11 with 6y =
010 hold. Then

N—o0

(ii) In addition, if the true value 019 of 0 is in the interior of ©19, then
as N — oo

VN @y — 610) —p N (0,57 (610))
where ¥ ~Y(010) is as defined above.

Theorem 6.5 (Case II). (i) Assume that Assumptions 6.9-6.10 with

0o = 03¢ hold. In addition, let O converge to O3y with probability one
and the true value O2q of 8 be in the interior of ©sy. Then as N — oo

VN (Ox — 020) —p N (0, AS " (620)A) ,

where the 4 X 4 matriz A is given by

1 0 0 0
_foos 0
A=10o 0 1 o
0o -1 0 3

(ii) Assume that Assumptions 6.9-6.11 with 0y = 029 hold. Then

P( lim Oy :920) — 1.

N—o00

The proofs of Theorems 6.4 and 6.5 are available from Gao (2004).

Theorem 6.4 extends and complements some existing results for both the
discrete and continuous time cases. See, for example, Comte and Renault
(1996, 1998), Gao et al. (2001), and Gao, Anh and Heyde (2002). As
can be seen, strong consistency and asymptotic normality results of the
estimators of the parameters involved in (6.7) do not depend on the
use of discretised values of the process under consideration. It should
also be pointed out that the use of continuous-time models can avoid
the problem of misspecification for parameters. Moreover, the estima-
tion procedure fully makes the best use of all the information available
and therefore can clearly identify and estimate all the four parameters
involved.

Theorem 6.5 establishes the asymptotic consistency results for the case
where 6 € 5. The corresponding estimation procedure for the important
class of models is now applicable to the case where the LRD parameter
(3 satisfies 0 < G < %, the intermittency parameter y satisfies 0 < v < %,

but the pair (3,7) satisfies the condition: 8 + v > % Some practical
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problems that have not solved previously can now be dealt with. We
need to point out that the strong consistency of 6y is necessary for
the establishment of the asymptotic normality and that Assumption
6.11 may only be one of the few necessary conditions for the strong
consistency. Due to this reason, we impose the strong consistency directly
for the establishment of the asymptotic normality.

In the following section, we have a detailed look at an application of the
proposed estimation procedure to a class of continuous—time long-range
dependent stochastic volatility models exactly as discussed in Casas and
Gao (2005).

6.4 LRD stochastic volatility models
6.4.1 Introduction

More than thirty years ago, Black and Scholes (1973) assumed a constant
volatility to derive their famous option pricing equation. The implied
volatility values obtained from this equation show skewness, suggesting
that the assumption of constant volatility is not feasible. In fact, the
volatility shows an intermittent behaviour with periods of high values
and periods of low values. In addition, the asset volatility cannot be
directly observed. Stochastic volatility (SV) models deal with these two
facts. Hull and White (1987) were amongst the first to study the log-
arithm of the stochastic volatility as an Ornstein—Uhlenbeck process. A
review and comparative study about modeling SV up to 1994 has been
given by Taylor (1994). Andersen and Sgrensen (1996) examined gen-
eralized moments of method for estimating stochastic volatility model.
Andersen and Lund (1997) extended the CIR model to associate the
spot interest rate with stochastic volatility process through estimating
the parameters with the efficient method of moments. The main assump-
tion of the SV model is that the volatility is a lognormal process. The
probabilistic and statistical properties of a lognormal are well known.
However, the parametric estimation has not been uncomplicated due to
the difficulty finding the maximum likelihood (ML) function. Since 1994,
estimation procedures have been proposed. A comprehensive survey on
several different estimation procedures developed for the SV model has
been given in Broto and Ruiz (2004).

Recent studies show that some data may display long-range dependence
(LRD) (see the detailed review by Beran 1994; Baillie and King 1996;
Anh and Heyde 1999; and Robinson 2003). Since about ten years ago,
there has been some work on studying stochastic volatility with LRD.
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Breidt, Crato and de Lima (1998), Comte and Renault (1998), and Har-
vey (1998) were among the first to consider long—memory stochastic
volatility (LMSV) models. Breidt, Crato and de Lima (1998) also con-
sidered an LMSV case where the log—volatility is modelled as an AR-
FIMA process. Comte and Renault (1998) consider a continuous—time
fractionally stochastic volatility (FSV) model of the form

dY (t) =v(t)dB1(t) and dx(t) = —ax(t)dt + odBg(t), (6.17)

where z(t) = In(v(t)), Y (t) = In(S(¢)) with S(¢) being the return pro-
cess, Bi(t) is a standard Brownian motion, « is the drift parameter,
o > 0 is the volatility parameter, and Bg(t) is a fractionally Brownian

motion process of the form: Bg(t) fot 1(“t(1+6) dB(s), in which B(t) is

a standard Brownian motion and I'(x) is the usual I' function. It is
assumed that Bj(t) and Bg(t) are independent for all —3 < 8 < 1.

In Comte and Renault (1998), a discretization procedure was first pro-
posed to approximate the solution of their continuous—time FSV model.
An estimation procedure for 0 < 38 < % is developed for a discretized
version of the solution Y (¢) based on the so—called log-periodogram re-
gression. Deo and Hurvich (2001) further studied such an estimation
procedure based on the log—periodogram regression method. The au-
thors systematically established the mean—squared error properties as
well as asymptotic consistency results for an estimator of 3. Section 4 of
Broto and Ruiz (2004) provides a good survey about existing estimation
methods in discrete-time LMSV models. Gao (2004) pointed out that it
is possible to estimate all the parameters involved in model (6.17) us-
ing the so—called continuous—time version of the Gauss—Whittle contrast
function method proposed in Gao et al. (2001) and Gao, Anh and Heyde

(2002).

The paper by Casas and Gao (2006) has considered a general class of
stochastic volatility models of the form

dY (t) = V(t)dB(t) (6.18)
with V(t) being given by V(t) = eX® | where
X(t) = /75 A(t — s)dB(s), (6.19)

in which Bj(t) and B(t) are two standard Brownian motion processes,
A(+) is a deterministic function such that X (t) is stationary, and the
explicit expression of A(-) is determined by the spectral density of X (¢).
In addition, the authors assumed that the spectral density function is
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given by

7(w, 0)o?
|w[?# (w2 + a2)

Yx (W) =vx(w,0) = , wE (—00,00), (6.20)

where

1 1
9:(a,ﬁ,a)€®:{0<o<<oo,—2<ﬁ<2,0<0<oo}7

m(w, d) is a either a parametric function of # or a semiparametric func-
tion of # and an unknown function, continuous and positive function
satisfying 0 < limy,—0 or w—+oo (w,d) < oo for each given 6 € O, « is
normally involved in the drift function of the stochastic volatility pro-
cess, ( is the LRD parameter and o is a kind of volatility of the stochastic
volatility process.

Unlike most existing studies assuming a particular form for the volatility
process V(t), Casas and Gao (2006) have implicitly imposed certain con-
ditions on the distributional structure of the volatility process. First, the
volatility is a lognormal process with a vector of parameters involved.
Second, the vector of parameters is specified through a corresponding
spectral density function. Third, the parameters involved in the spec-
tral density function may be explicitly interpreted and fully estimated.
Fourth, the generality of the spectral density function of the form (6.20)
implicitly implies that the class of lognormal volatility processes can
be quite general. As a matter of the fact, the class of models (6.18)—
(6.20) is quite general to cover some existing models. For example, when
m(w,0) = %, model (6.20) reduces to
o? 1 1

Vx (W) = ¥x(w,0) = I2(1+ B) |w]?P w? + a?’ (6.21)
which is just the spectral density of the solutions of the second equation
of (6.17) given by

a(t) = /OtA(ts)dB(t) with

Alz) = ﬁ (xﬁ - a/om e_o‘(’”_“)uﬁdu> . (6.22)

Its stationary version is defined as X (¢) = fioo A(t — s)dB(t). Existence
of some other models corresponding to (6.19) has been established by
Anh and Inoue (2005) and Anh, Inoue and Kasahara (2005). Instead
of further discussing such existence, Casas and Gao (2006) have con-
centrated on the parametric estimation of the volatility process (6.19)
by estimating the parameters involved in the spectral density function
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(6.20). The authors then demonstrated how to implement the proposed
estimation procedure in practice by using both simulated and real sets
of data.

The main structure of Section 6.4 can be summarized as follows: (i)
it considers a general class of stochastic volatility models with either
LRD, intermediate range dependence (IRD), or short-range dependence
(SRD); (ii) it proposes an estimation procedure to deal with cases where
a class of non-Gaussian processes may display LRD, IRD or SRD; (iii)
some comprehensive simulation studies show that the proposed estima-
tion procedure works well numerically not only for the LRD parameter
3, but also for both the drift parameter o and the variance o%; and (iv)
the methodology is also applied to the estimation of the volatility of
several well-known stock market indexes.

6.4.2 Simultaneous semiparametric estimation

Casas and Gao (2006) have proposed an estimation procedure based on
discrete observations of Y'(¢) in (6.18). This is mainly because observa-
tions on Y'(¢) are made at discrete intervals of time in many practical
circumstances, even though the underlying process may be continuous.

Consider a discretized version of model (6.18) of the form
Yia = Yie-1)a = Vie-na(Bia = B-1)a), t=1,2,---, T, (6.23)

where A is the time between successive observations and T is the size
of observations. In theory, we may study asymptotic properties for our
estimation procedure for either the case where A is small but fixed or
the case where A is varied according to T. We focus on the case where A
is small but fixed throughout the rest of this section, since this section is
mainly interested in estimating stochastic volatility process V(t) using
either monthly, weekly, daily, or higher frequency returns.

Let W, = 2223008 7, — W, )5 and ¢ = VA~ (Ba — By_1)a)-
Then model (6.23) may be rewritten as

Wt:Ut VA-1 €, t:1,2,---,T, (624)

where {¢; } is a sequence of independent and identically distributed (i.i.d.)
normal errors drawn from N(0,1), and {e} and {U,} are mutually
independent for all s,t > 1. Letting Z; = log(W?), X; = log(Us),
e; =log (€7) — E [log (€7)] and p = E [log (¢7)] — log(A), model (6.24)
implies that

Zi=pu+2X;tep, t=1,2,---,T, (6.25)
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where {X,} is a stationary Gaussian time series with LRD, and {e;} is
a sequence of i.i.d. random errors with a known distributional structure.

Such a simple linear model has been shown to be pivotal for establishing
various consistent estimation procedures (Deo and Hurvich 2001). Our
estimation procedure is also based on model (6.25). Since both Z; and
X; are stationary, their corresponding spectral density functions fz(-,-)
and fx(-,-) satisfy the following relationship:

0’2 s
fz(w, 9) = 4fx(w,9) + i = 4fx(w, 9) + Z, (626)

where 02 = %2 is used in (6.26).

Since {X}} is a sequence of discrete observations of the continuous-time
process X (t), existing results (Bloomfield 1976, §2.5) imply that the
spectral density function fx(w,#) is expressed as

Fx( k;oo bx (%”e) , (6.27)

which, together with (6.26), implies that the spectral density function
of Z, is given by

fzl Z Ux ( —2km 9) + %. (6.28)
k——oo

The spectral density f(w, ) is estimated by the following periodogram

Ir(w) = T4 (w) = — —ty, (6.29)

The following Whittle contrast function is then employed

Wi () = %[ {1og(fz(w,9)) + %} d (6.30)
and 0 is estimated by

Or = arg soin Wr(6), (6.31)

where O is a compact subset of the parameter space ©.

Equations (6.29)—(6.31) have been working well both in theory and prac-
tice for the case where the underlying process {Z;} is Gaussian. Our
theory and simulation results below show that such an estimation pro-
cedure also works well both theoretically and practically for the case
where {Z;} is stationary but non-Gaussian.
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To state the main theoretical results of this section, the following as-
sumptions are needed. For simplicity, denote 8 = («, 5,0)" = (01, 602,03)".

Assumption 6.12. (i) Consider the general model structure given by
(6.18)—(6.20). Suppose that the two standard Brownian motion processes
B (t) and B(s) are mutually independent for all —oo < s,t < o0.

(ii) Assume that 7(w, 0) is a positive and continuous function in both w
and 0, bounded away from zero and chosen to satisfy

T ™

fx(w,0) dw < oo and / log (fx(w,8))dw > —oco for 6 € 0B.

—r —7
In addition, 7(w, ) is a symmetric function in w satisfying

0< lirr})w(w,ﬂ*) < oo and 0 < lirf m(w,0") < o0

for each given 6* € ©.

(iii) Assume that L(6,6y) is convex in 6 on an open set C(fp) containing
0o, where

-1
Assumption 6.13. The functions fx(w,#) and g;x (w,0) = *W

for 1 <14 < 3 satisfy the following properties:

(1) / log(fx(w,0)) dw is twice differentiable in § under the integral
sign;_7r

(i) fx(w,0) is continuous at all w # 0 and 6 € O, fi ' (w, ) is continuous
at all (w, 6);

(iil) the inverse function fgl (w,0),w € (—m,7], 0 € O, is twice differenti-
able with respect to 6 and the functions %f;(l (w, ) and %;ekfgl (w,0)
are continuous at all (w, ), w #0, for 1 <4, j,k < 3;

(iv) the functions g;x (w,0) for 1 < i < 3 are symmetric about w = 0 for
w € (—m,7] and 6 € ©;

(v) gix(w,0) € Li((—m,7]) for all 6 € © and i = 1,2, 3;

(vi) fx(w,0)gix(w,0) for 1 < i < 3 arein Li((—m, 7)) and Lo((—m, 7))
for all § € ©;

(vii) there exists a constant 0 < k < 1 such that |w|* fx (w, @) is bounded
and w for 1 <i<3arein Lo((—m,n]) for all § € ©; and

Jw
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(viii) the matrix {-Z log(fx (w,0))}Z log(fx (w,0))}™ isin Ly ((—m, 7])x
@1, where ©1 € ©.

Assumption 6.12 imposes some conditions to ensure the identifiability
and existence of the spectral density function fx(w,d) and thus the
Gaussian time series {X;}.

Assumption 6.13 requires that the spectral density function fx(w,6)
needs to satisfy certain smoothness and differentiability conditions in
order to verify conditions (A2) and (A3) of Heyde and Gay (1993).

Both Assumptions 6.12 and 6.13 are necessary for us to establish the
following asymptotic consistency results. The assumptions are justifi-
able when the form of m(w, @) is specified. For example, when 7(w, §) =
m and A = 1, Assumptions 6.4 and 6.13 hold automatically. In
this case, it is obvious

™ Fx(w,0) dw 4/_” ( Z wX(w—Zkﬂ,9)> dw

- k=—o00

4/00 Px(w,0) dw < 0.

For the second part of Assumption 6.12(i), using the following decom-
position

- m(w, 7(2kT — w,0)0?
Ix(w,0) = w25 ( w2+oz2 +4 Z|2]c7rfw| ((2km —w)? + a?)

7(2kT + w,0)0?
12k + w|2P ((2k7 + w)2 + a2)’
fl(wv 9) + f2(wa 9) + f3(w79)7

+

we have

/ log(fx(w,0)) dw > /7r log(fi(w,0)) dw > —o0

—T

when 7(w, 0) is specified as w(w, ) = and A = 1.

1
2(1+p)

For the case of w(w,8) = Assumption 6.13 may be justified

1
I2(1+8)’
similarly as in the proof of Lemma B.1 of Gao et al. (2001). Instead of
giving such detailed verification, we establish the following theorem.

Theorem 6.6. Suppose that Assumptions 6.12 and 6.13 hold. Then

(i) Or is a strongly consistent estimator of 6.
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(ii) Furthermore, if the true value Oy is in the interior of ©q, then as
T — o0 R
VT (67 — 6y) — N(0,57(6p)),

where

20) = = [ (gyioetrzte.0) (gplostizeno) a.

Similarly to some existing results (Heyde and Gay 1993; Robinson 1995a;
Deo and Hurvich 2001; and others), Theorem 6.6 shows that @\T is still

T—consistent estimator of y even when {Z,} is non-Gaussian. The
proof is based on an application of Theorem 1(ii) of Heyde and Gay
(1993) and relegated to Section 6.5 of this chapter.

It should be mentioned that as T — oo, \/X(6p) T (§T — 60) converges

in distribution to N (0, I) regardless of whether A is fixed or varied ac-
cording to T'. This implies that in theory the applicability of the proposed
estimation procedure does not depend on the choice of A. In practice,
{Z;} is sampled using monthly, weekly, daily, or higher frequency data.
In the following section, we apply our theory and estimation procedure
to model (6.7). Our simulation results show that the proposed theory
and estimation procedure works quite well numerically.

6.4.3 Simulation results

Consider a simple model of the form
t

Ay (1) = eXOdB, () with XXQ::/‘ At — 5)dB(s),  (6.32)

where A(z) = %5 (= ( —a [ e=*@=WyPdu). Note that X (t) is the
stationary version of x(t fo (t — s)dB(s), which is the solution of

mm:fmmﬁ+mam) (6.33)

In order to implement the proposed estimation procedure, we need to
generate { X;} from such a Gaussian process with LRD. A closely related
simulation procedure is given in Comte (1996), who proposed a discrete
approximation to the solution of the continuous-time process X (t). A
simulation procedure based on the simulation of the covariance function
of X (t) has been proposed in Casas and Gao (2006) and summarized as
follows:

e generate Cp, a T xT auto—covariance matrix, using the auto—covariance
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0 200 400 600 800 1000

Figure 6.1 Sample path for data generated with 0 = («,3,0) = (0.1,0.1,0.1)
and A =1.

function given by yx (1) = 2 fooo fx(w,0)cos(wr) dw with A = 1. Cp
is then a symmetric nonnegative definite matrix with spectral decom-
position Cp = VAV, where A = diag {\1,..., 7} is the diagonal
matrix of the eigenvalues and V' is the orthogonal matrix of the ei-
genvectors such that V7V = I with V7 being the matrix transpose
of V;

e generate a sample G = (g1,92,...,97)" of independent realisations
of a multivariate Gaussian random vector with the zero vector as the
mean and the identity matrix as the covariance matrix; and

e generate (X1,..., X7) = VAY2V7G as the realisation of a multivari-
ate Gaussian random vector with the zero vector as the mean and Cp
as the covariance matrix.

The sample path for {X;} generated with the initial parameter values
6o = (o, 8,0) = (0.1,0.1,0.1) is illustrated in Figure 6.1. The periodo-
gram and the spectral density of the simulated data set are illustrated
in Figure 6.2.

{Z;} is then generated from (6.25) with A = 1. To consider all pos-
sible cases, the proposed estimation procedure has been applied to the
LRD case of 0 < 8 < %, the IRD case of f% < B < 0 and the case of
[ = 0. Sample sizes of T' = 512 and 1024 were considered. The number of
100 replications was used for each case. Simulation results are displayed
in Tables 6.1-6.4 below. The results in Tables 6.1-6.4 show the empir-
ical means, the empirical standard deviations and the empirical mean
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3.0

400 600 800 1000

Figure 6.2 The periodogram and the spectral density for 0 = (a,8,0) =
(0.1,0.1,0.1) and A = 1.

squared errors (MSEs) of the estimators. The empirical mean of the ab-
solute value of the corresponding estimated bias is given in each bracket
beneath the corresponding estimator. Each of the MSEs is computed as
the sum of two terms: the square of the estimated bias and variance.
The following tables are taken from Casas and Gao (2006).

Table 6.1 provides the corresponding results for the case where 6y =
(0.8,0,0.5). These results show that the estimation procedure works well
for the SRD case where the initial parameter value for g is zero. For the
estimates of both o and oy, the empirical mean squared errors (MSEs)
decrease when T increases from 512 to 1024. Table 6.2 also considers the
case of By = 0 but with smaller o9 and much smaller . For the case of
6o = (0.001,0,0.01), the results in the second section show that there is
some distortion in the MSEs for the sample sizes of T' = 512 and 1024.
The MSEs become stable and relative smaller than these for the case
of T'=1024. This supports empirical financial evidence that sufficiently
large sample sizes are needed to make precise estimation for very small
drift parameters.

From the third section of Table 6.1 to Tables 6.2-6.4, several different
pairs of positive and negative 3 values are considered. The corresponding
results show that the MSEs for both ag and o remain stable when 3y
changes from a positive value to its negative counterpart.

Individually, both relatively large and relatively small values of 3 have
been used to assess whether the estimation procedure is sensitive to the
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T =512 T = 1024
0o = (0.8,0,0.5) @ B - a il A
Empirical mean 0.7776 0.0132 0.5226 0.7923 0.0095 0.5163
(0.0885) (0.0623) (0.0805) (0.0707) (0.0453) (0.0514)
Empirical std.dev. 0.1512 0.0925 0.1130 0.1198 0.0587 0.0690
. (0.1243) (0.0694) (0.0821) (0.0967) (0.0383) (0.0487)
Empirical MSE 0.0234 0.0087 0.0133 0.0144 0.0035 0.0050
(0.0198) (0.0072) (0.0100) (0.0133) (0.0027)  ( 0.0036)
0o = (0.001,0,0.01) - B s o g -
Empirical mean 0.019 -0.0055 0.0147 0.0331 -0.0004 0.017
(0.0183)  (0.0063) (0.0089) (0.0325) (0.0106) (0.0096 )
Empirical std.dev. 0.0849 0.0339 0.033 0.1589 0.059 0.0389
(0.0849) (0.0337) (0.0321) (0.1588 ) (0.0581) (0.0383)
Empirical MSE 0.0075 0.0012 0.0011 0.0263 0.0035 0.0016
(0.0072) (0.0011)  (0.0010) (0.0252) (0.0035) (0.0015)
0o = (0.1,0.1,0.1) a B T a B G
Empirical mean 0.1008 0.1011 0.1222 0.0961 0.1024 0.1159
. (0.0211) (0.0151)  ( 0.0268) (0.0146 )  (0.0095) (0.0204)
Empirical std.dev. 0.0520 0.0417 0.0430 0.0275 0.0283 0.0350
(0.0475) (0.0389) (0.0402) (0.0235) (0.0268) (0.0325)
Empirical MSE 0.0027 0.0017 0.0023 0.0008 0.00081 0.0015
(0.0027) (0.0017) (0.0016) (0.0007 ) (0.0008) (0.0011)
0o = (0.1,-0.1,0.1) a B - a B A
Empirical mean 0.1116 -0.1205 0.165 0.1002 -0.1106 0.1355
(0.0433) (0.0488) (0.0741) (0.0321) (0.0377) (0.0476 )
Empirical std.dev. 0.0807 0.0867 0.1109 0.0441 0.0650 0.0697
(0.0690 ) (0.0744) (0.1050) (0.0301) (0.0540 ) ( 0.0620)
Empirical MSE 0.0066 0.0079 0.0165 0.0019 0.0043 0.0061
(0.0058 ) (0.0063) (0.0111) (0.0019) (0.0036) (0.0040 )
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of the estimated biases (in the brackets).
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T =512 T = 1024
fo = (0.3,0.01,0.1) a 8 s a 3 B
Empirical mean 0.3167 -0.0136 0.1713 0.3022 0.0021 0.1326
(0.0806 ) (0.0707) (0.0808) (0.0487) (0.0587) (0.0434)
Empirical std.dev. 0.1272 0.1220 0.1343 0.0816 0.1018 0.0786
) (0.0995) (0.1020) (0.1287) (0.0653) (0.0834) (0.0732)
Empirical MSE 0.0164 0.0154 0.0231 0.0067 0.0104 0.0072
(0.0140) (0.0126) (0.0166 ) (0.0064 ) (0.0095) (0.0055)
6o = (0.3, —0.01,0.1) ~ 3 - o g -
Empirical mean 0.3191 -0.0444 0.1767 0.296 -0.0174 0.1412
(0.0685) (0.0658) (0.0837) (0.0574) (0.0687) (0.0551)
Empirical std.dev. 0.1186 0.1220 0.1297 0.0876 0.1167 0.0909
(0.0984) (0.1083) (0.1252) (0.0660 ) (0.0944) (0.0831)
Empirical MSE 0.0144 0.0161 0.0227 0.0077 0.0137 0.0100
(0.0121) (0.0127) (0.0157) (0.0072) (0.0127) (0.0071)
8o = (0.5,0.45,0.1) 3 3 A a B3 G
Empirical mean 0.5349 0.4217 0.1475 0.4982 0.442 0.1210
B (0.0628) (0.0462) (0.0535) (0.0185) (0.0283) (0.0267)
Empirical std.dev. 0.1473 0.0896 0.1036 0.0489 0.0467 0.0442
(01376 ) (0.0817) (0.1006 ) (0.0453 )  (0.0379)  ( 0.0409 )
Empirical MSE 0.0229 0.0088 0.0130 0.0024 0.0022 0.0024
(0.0197) (0.0070) (0.0101) (0.0023) (0.0018) (0.0017)
6o = (0.5, —0.45,0.1) ™~ B - ~ ) ~
Empirical mean 0.4922 -0.4432 0.1647 0.4901 -0.4465 0.1619
(0.0483) (0.0604) (0.1038) (0.0491) (0.0623) ( 0.0857 )
Empirical std.dev. 0.0644 0.0915 0.1329 0.0615 0.0873 0.1002
(0.0430) (0.0687) (0.1050) (0.0380) (0.0610) (0.0805)
Empirical MSE 0.0042 0.0084 0.0218 0.0039 0.0076 0.0139
(0.0035) (0.0076 ) (0.0125) (0.0030)  (0.0072)  (0.0070 )
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Table 6.2 Estimates and the empirical means of the absolute values of the estimated biases (in the brackets).

08T

SHIYHS HNIL INHANHdHA HONVE-DNO'T



T =512 T = 1024
6o = (0.2,0.3,1) ~ B > ™ B >
Empirical mean 0.2042 0.2992 1.0136 0.2000 0.2906 1.0179
(0.0506 ) (0.0640 ) (0.0683) (0.0458 )  (0.0619) ( 0.0502)
Empirical std.dev. 0.0702 0.0926 0.0873 0.0648 0.0831 0.0651
B (0.0486 ) (0.0666 ) (0.0557) (0.0456 ) (0.0559)  (0.045)
Empirical MSE 0.0049 0.0086 0.0078 0.0042 0.0700 0.0044
(0.0045) (0.0084) (0.0061) (0.0042) (0.0058) (0.0031)
0o = (0.2, -0.3,1) a B s o g -
Empirical mean 0.191 -0.2717 1.0171 0.181 -0.2759 1.0363
(0.0663) (0.0643) (0.0672) (0.0616 ) (0.0474) ( 0.0689 )
Empirical std.dev. 0.1025 0.0799 0.0871 0.0709 0.0577 0.0836
(0.0784) (0.0549) (0.0576) (0.0396 ) (0.0406 ) (0.0593)
Empirical MSE 0.0106 0.0072 0.0079 0.0054 0.0039 0.0083
(0.0094) (0.0043)  ( 0.0058) (0.0034) (0.0022)  (0.0046)
90 = (0.4,0.2, 10) 3 ) A a B G
Empirical mean 0.4083 0.1812 9.9999 0.3962 0.1927 10.0025
B (0.0401) (0.0438)  (0.0449) (0.0305) (0.0263) (0.0315)
Empirical std.dev. 0.0681 0.0587 0.0901 0.0405 0.0332 0.0479
(0.0555) (0.0431) (0.0779) (0.0267) (0.0215) (0.0361)
Empirical MSE 0.0047 0.0038 0.0081 0.0016 0.0012 0.002
(0.0041) (0.0025) (0.0081) (0.0014) (0.0008) (0.0021)
00 = (0.4, 0.2, 10) a B - @ B A
Empirical mean 0.4008 -0.2142 10.0095 0.3893 -0.2134 10.0276
(0.0586) (0.0381) (0.0789) (0.0513) (0.0344) (0.0785)
Empirical std.dev. 0.0812 0.0474 0.1232 0.0630 0.0404 0.1083
(0.0559 ) (0.0314) (0.0948 ) (0.0377) (0.0249) (0.0793)
Empirical MSE 0.0066 0.0024 0.0153 0.0041 0.0018 0.0125
(0.0065) (0.0016) (0.0138) (0.0031) (0.0011) (0.0089)
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Table 6.3 Estimates and the empirical means of the absolute values

of the estimated biases (in the brackets).
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T =512 T = 1024
0o = (0.1,0.2,0.01) a 8 - a ) A
Empirical mean 0.2674 0.1718 0.3007 0.2937 0.1907 0.5467
(01764 )  (0.046)  (0.2936) (0.2018)  (0.046)  (0.5402)
Empirical std.dev. 0.7007 0.1100 1.8803 0.6492 0.0965 2.3606
) (0.6984) (0.1038) (1.8798) (0.6467) (0.0852) (2.3598)
Empirical MSE 0.5190 0.0129 3.6200 0.4590 0.0094 5.8605
(04878 ) (0.0111) (3.5336) (0.4183)  (0.0086 ) ( 5.5687 )
6o = (0.1, —0.2,0.01) o B > ~ B ~
Empirical mean 0.1487 -0.2183 0.1012 0.1247 -0.2226 0.0772
(0.0612) (0.0537) (0.0947) (0.0496 ) (0.0411) (0.0712)
Empirical std.dev. 0.1152 0.0981 0.1513 0.0901 0.0760 0.1173
(0.109)  (0.0839) (0.1491) (0.0790)  (0.0677) (0.1149)
Empirical MSE 0.0156 0.0098 0.0312 0.0087 0.0063 0.0183
(0.0120) (0.0083) (0.0222) (0.0068) (0.0049 ) (0.0132)
0o = (1,0.2,0.01) a 8 G o B A
Empirical mean 0.9971 0.1532 0.1219 0.9967 0.1762 0.0937
B (0.0375)  (0.0955)  (0.113) (0.0258) (0.0758) (0.0851)
Empirical std.dev. 0.0573 0.1676 0.1804 0.0353 0.1360 0.1319
(0.0433) (0.1452) (0.1797) (0.0242) (0.1152) (0.1309 )
Empirical MSE 0.0033 0.0302 0.0451 0.0012 0.0191 0.0244
(0.0031) (0.0234) (0.0323) (0.0011) (0.0160)  (0.017)
6o = (1,—0.2,0.01) ™~ B - ~ ) ~
Empirical mean 0.9899 -0.1978 0.1223 0.9947 -0.2086 0.1052
(0.0339) (0.0498) (0.1162) (0.0266) (0.0425)  (0.097)
Empirical std.dev. 0.0512 0.0878 0.1811 0.0368 0.0788 0.1409
(0.0395) (0.0721) (0.1786) (0.0259) (0.0668) (0.1396 )
Empirical MSE 0.0027 0.0077 0.0454 0.0014 0.0063 0.0289
(0.0021) (0.0075) (0.0319) (0.0011) (0.0056) (0.0195)

Table 6.4 Estimates and the empirical means of the absolute values of the estimated biases (in the brackets).
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choice of 3 values. These results in Table 6.2 show that there is some
MSE distortion in the case of T' = 512 for 3y when [ is as small as either
0.01 or —0.01. When T increases to 1024, the MSEs become stable. For
the case of By = 0.45 or —0.45, the MSEs look quite stable and very
small.

In Tables 6.3 and 6.4, both relatively large and relatively small values for
op have also been considered. When the volatility oy of the FSV model
is as small as 0.1, Table 6.2 shows that the MSEs are both stable and
quite small. For the case of g = 10 in the second section of Table 6.3,
the MSEs for the estimates of all the components of 8y are quite stable
and very small, particularly when 7" = 1024.

Since empirical financial evidence also suggests that very small volatility
parameter values make precise estimation quite difficult, we consider
four cases in Table 6.4 that the volatility parameter value is as small as
oo = 0.01. These results show that the MSEs become quite reasonable
when the sample size is as medium as T' = 1024. It is also observed from
Table 6.4 that the change of the drift parameter value from oy = 0.1 to
ap = 1 does not affect the MSEs significantly.

In summary, the MSEs in Tables 6.1-6.4 demonstrate that both the pro-
posed estimation procedure and the asymptotic convergence established
in Theorem 6.4 work well numerically. In addition, both the proposed
theory and estimation procedure have been applied to several market
indexes in the following section.

6.4.4 Applications to market indexes

Market indexes are a guideline of investor confidence and are inter—
related to the performance of local and global economies. Investments
on market indexes such as the Dow Jones, S&P 500, FTSE 100, etc, are
common practice. In this section, we apply model (6.32) to model the
stochastic volatility and then the estimation procedure to assess both
the memory and volatility properties of such indexes. The first part of
this section provides the explicit expressions of both the mean and the
variance functions of stochastic volatility process V' (¢). The second part
of this section describes briefly these indexes. Some empirical results are
given in the last part of this section. The discussion of this section is
based on the paper by Casas and Gao (2006).
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Estimation of mean and variance

In addition to estimating the three parameters «, 8 and o involved in
model (6.32), it is also interesting to estimate both the mean py and
the standard deviation oy of the stochastic volatility process V (¢).

Since the stationary version V(t) = eX(® in model (6.32) is considered,

it can be shown that both the mean and variance functions of V'(¢) may
be expressed as follows:

ny = uv(9) ex <X/2> and
o7 = oo(0) = (exp 1)) exp(o%), (6.34)
where )

0% = 0%(0) = 1x(0) =

2(1 + B)al+28 cos(fBrm) (6.35)

The mean py (0) and the standard deviation oy () are then estimated
by

//L\V = ,lj,v(eT) and av = Uv(eT) (636)
with §T being defined before. For the market indexes, the corresponding
estimates are given in Tables 6.5 and 6.6 below. Some detailed descrip-
tions about the real data are first given below.

Real data

The data sets chosen for our empirical study are: a) two major Amer-
ican indexes: Dow Jones Industrial Average and S&P 500; b) three of
the major European indexes: CAC 40, DAX 30 and FTSE 100; and c)
the major Asian index, the NIKKEI 225. A vast amount of information
about market indexes is available on the Internet. Wikipedia and In-
vestorWords.com give easy access to informative glossaries of the stock
market indexes.

Dow Jones Industrial Average: The DJIA started in July 1884 with the
main railway companies of the time. Today the Dow is calculated as the
price-weighted average of 30 blue chip stocks from each important stock
sector in the market (except transportation and utilities): chemical, steel,
tobacco, sugar, electrics, motors, retail, etc. The section under study in
this section is from October 1, 1928 to July 29, 2005 and can be seen in
Figure 6.3. More information can be found at the Dow Jones, Dow Jones
Indexes corporate sites and the Wall Street Journal amongst others.

S&P 500: Standard & Poor’s 500 is a market—value weighted price of
500 stocks: some from the New York Stock Exchange and, since 1973,
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Figure 6.3 Dow Jones Industrial Average.
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Figure 6.4 S&P 500.

some from the NASDAQ stock market. The choice of stock prices aim
to achieve a common distribution between the grouping price and the
distribution of the total New York Stock Exchange. The S&P 500 Index
Committee establishes the guidelines for addition and deletion of prices
into the index. It was created in 1957, but its values have already been
extrapolated since the beginning of 1928. It represents 70% of the U.S.
equity market. The values in Figure 6.4 are from January 2, 1958 to July
29, 2005.
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Figure 6.5 French CAC 40.

CAC 40: The CAC 40 is the French Stock Market Index which was set
up on December 30, 1987. It is a market—weighted average of the 40
most significant values out of the top 100 market capitalisations on the
Paris Bourse. An interesting feature of this market is that the 45% of
the shares belong to foreign investors, therefore fluctuations of the CAC

40 can be an indicator of international economy performance. Figure 6.5
plots the values from December 30, 1987 to July 29, 2005.

DAX 30: Trading on the Frankfurt Stock Exchange, the DAX 30 is a
price—weighted index of the 30 top German companies in terms of book
volume and market capitalisation. Figure 6.6 shows the index from its
beginning on December 31, 1964 to July 29, 2005. More information can
be found in the web page of Gruppe Deutsche Borse.

FTSE 100: The Financial Times Stock Exchange 100 is a guideline of
the performance of the British economy and one of the most important
indexes in Europe. It is a market—weighted index of the largest 100 stocks
in the London Stock Exchange. The index from January 31, 1978 to July
29, 2005 is shown in Figure 6.7. The FTSE homepage contains more
detailed information.

NIKKEI 225 Average: This is a price-weighted average of 225 stocks of
the Tokyo Stock Exchange from industry and technology. It has been
calculated daily since 1971. The performance of this index is different
from the American indexes. The NIKKEI increased fiercely from the
70’s until the end of the 80’s, experiencing a drop of over 30,000 within
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Figure 6.6 German DAX 30.
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Figure 6.7 Financial Times Stock Ezchange 100.

months and the descending trend has continued until today. Figure 6.8
shows the index values since January 4, 1984 to July 29, 2005.

Empirical results
We have applied the proposed estimation procedure to real financial

data. The results in Table 6.5 contain the estimates of «, 3, o, uy, and
ay.
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Figure 6.8 Japanese NIKKEI 225 Average.

It is not surprising that the parameter estimates of the DJIA and S&P
500 are comparable as Table 6.5 shows. A quick look at Figures 6.3 and
6.4 shows that the two American indexes behave similarly. In both cases
B is about 1%, meaning that the volatility of these indexes displays
a certain degree of LRD. This is expected from the studies of Ding,
Granger and Engle (1993) who showed that the square of the returns
of the S&P 500 displays LRD. The two indexes have ¢ of 1% but differ
from each other in the value of @. We believe that this is due to the
difference in periods of the data sets, as the DJIA was studied from 1928
and the S&P 500 from 1958. This difference results in a greater standard
deviation of the volatility process for the DJIA, 56%, in comparison with
a standard deviation of 44% for the S&P 500.

Results of Table 6.5 for the European indexes suggest that the volatility
of the French CAC 40 and the British FTSE 100 display IRD or anti-
persistence. In contrast, the German DAX 30 does not seem to have any
memory of the past. The mean jiy is 1.06 for the DAX 30 and 1.07 for
the CAC 40 and FTSE 100. Thus, the expected value of the volatility
is roughly the same for the three European indexes. In addition, the
German index is less risky because the standard deviation of the volat-
ility process is 37% in comparison with 43% in the other two European
indexes.

The estimates of a and o for the NIKKEI 225 are larger than those of
the American and European indexes. In fact, @ of the NIKKEI is three
times larger than @ of the Dow Jones, and & of the NIKKEI is nine
times larger than ¢ of the Dow Jones. Thus, for the same value of 3,
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oy of the NIKKEI is expected to be roughly 50 times larger than oy of
the Dow Jones. However, as we can see in Table 6.5, the NIKKEI has a
standard deviation of 53% and the Dow Jones has a dispersion of 56%.
This shows that the LRD parameter influences the standard deviation of
the volatility greatly. A series with a positive 8 will tend to have a larger
standard deviation in the volatility than a series with antipersistence.

In an attempt to understand the evolution of the volatility through time
and in particular the behaviour of the LRD parameter, three sections of
the DJIA are considered separately. The results are given in Table 6.6.
The § parameter does not change through time but o and o do. The
first section of the data from 1928 to 1968 registers the larger values
for the mean and standard deviation of the volatility process. This is a
consequence of the Great Depression of 1929 and the following economic
recession that severely hit the U.S. economy. It was not until well after
World War II that indicators of industrial production such as the GDP
and share prices reached the values they had prior to 1929. Sections from
1928 to 1988 and from 1928 to 2005 have experienced a decrease of the
mean and standard deviation of the volatility process. The last 35 years
have not passed without financial shocks such as the consequence of the
oil crisis of 1973, the Black Monday of 1987 and two Gulf Wars. However,
the impacts of these events have not affected the DJIA as strongly as
the Great Depression whose effects are easing off with time. We may say
that nowadays the DJITA is experiencing a time of stability.

In summary, the volatility of each of the seven major worldwide stock
indexes has been estimated. The DJIA and the S&P 500 display LRD,
so statistical patterns may be repeated at different time scales producing
arbitrage opportunities. The volatility of the DJTA and the NIKKEI 225
have the largest dispersion, making them riskier than the other indexes.
The European indexes have the lowest standard deviation in the volatil-
ity process, in particular the German index. The three European indexes
and the Japanese index display IRD.

6.5 Technical notes
6.5.1 Proof of Theorem 6.6

This appendix provides only an outline of the proof of Theorem 6.6,
since some technical details are quite standard but tedious in this kind
of proof and therefore omitted here. To prove Theorem 6.6, we need to
introduce the following lemmas.
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Lemma 6.1. Suppose that Assumptions 6.12 and 6.13 hold. Then as
T — oo

Wr(0) — W () = i/_ﬂ {1og(fz(w,9)) + M} dw.  (6.37)

PROOF: In order to prove (6.37), it suffices to show that for every con-
tinuous function w(w, 6)

/Tr It (w)w(w, ) dw — ! fz(w,0p)w(w,0) dw (6.38)

—T —T

with probability one as T' — oo.

In view of the expression of Z; = u+2X;+e; in (6.25) as well as Lemma
1 of Hannan (1973), the proof of Fox and Taqqu (1986) remains valid
for the case where {Z,} is non—Gaussian. This is mainly because of the
following three reasons.

The first reason is that Lemma 1 of Hannan (1973) is applicable to non—
Gaussian time series and thus to our time series {Z; }. The second reason
is that the proof of Lemma 1 of Fox and Tagqu (1986) remains valid for
Zy = i+ 2X;t + e, in which {X;} is the Gaussian time series with LRD
but {e;:} is a sequence i.i.d. random errors. The third reason is that
Assumption 6.12(ii) guarantees that {X;} admits a backward expansion
of the form (see Fox and Taqqu 1986, p. 520)

Xt = Z bsut—sa (639)
s=0

where {bs} is a sequence of suitable real numbers such that {X;} is
a Gaussian process with its spectral density function being given by
fx(w,0), and {us} is a sequence of independent and Normally distrib-
uted random variables with E[us] = 0 and E[u?] = 1.

Lemma 6.2. Suppose that Assumptions 6.12 and 6.13 hold. Then as

T — oo
Or — 0o — 0 with probability one. (6.40)

PROOF: Lemma 6.1 implies that the following holds with probability one
for 6 # 6y,

W (0) — W (8o) — L(0,600) (6.41)

as T — oo, where
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o~

Index a ﬁ /0\ //Zv 6\'\/

DJIA 0.0029 0.0109 0.0127 1.1181 0.5592
S&P 500 0.0047 0.0108 0.0143 1.0808 0.4432
CAC 40 0.0047 -0.2778 0.0667 1.0764 0.4288
DAX 30 0.00564 0.0059 0.0137 1.0602 0.3734

FTSE 100 0.0013 -0.3112 0.0606 1.0760 0.4274
NIKKEI 225 0.0094 -0.2752 0.0912 1.1088 0.5312

Table 6.5 Estimates of market indezes volatility parameters.

Dow Jones Industrial Average o E - ﬁv EV

1 Oct. 1928 — 23 Sep. 1968 0.0035 0.0108 0.0160 1.1405 0.6255
1 Oct. 1928 — 27 Jul. 1988 0.0033 0.0109 0.0138 1.1096 0.5336
1 Oct. 1928 — 29 Jul. 2005 0.0029 0.0109 0.0127 1.1056 0.5214

Table 6.6 Evolution of the volatility through time.

Thus, for any given € > 0

lim inf inf  (Wr(0) — Wr (6 0 6.42

lngooHGJgUHZE( () 7(60)) > ( )
with probability one. The proof of §T — g with probability one follows
from Assumption 6.12(iii). Thus, the proof of Lemma 6.2 is finished.

PROOF OF THEOREM 6.6(i). The first part of Theorem 6.6 has already
been proved in Lemma 6.2.

PROOF OF THEOREM 6.6(ii): The proof of the second part of Theorem
6.6 is standard. Note that Assumption 6.12 implies that Condition (A1)
of Heyde and Gay (1993) is satisfied because of (6.39) and the expression
of Zy = u+ 4X: + e;. Assumption 6.13 implies that conditions (A2)
and (A3) of Heyde and Gay (1993) are satisfied for fx(w,6) and then
fz(w, 8). Thus, by applying the mean—value theorem and Theorem 1(ii)
of Heyde and Gay (1993), the proof is completed.

6.6 Bibliographical notes

In the field of time series with long-range dependence (long memory),
the literature is huge. Recent survey papers and monographs include Be-
ran (1994), Robinson (1994), Baillie and King (1996), Anh and Heyde
(1999), and Robinson (2003) for general developments on long-range

© 2007 by Taylor & Francis Group, LLC



192 LONG-RANGE DEPENDENT TIME SERIES

dependence in econometrics and statistics. Other related references on
parameter estimation include Mandelbrot and Van Ness (1968), Geweke
and Porter-Hudak (1983), Fox and Taqqu (1986), Kiinsch (1986), Dahl-
haus (1989), Heyde and Gay (1993), Hurvich and Beltrao (1993), Viano,
Deniau and Oppenheim (1994, 1995), Ding and Granger (1996), Hur-
vich, Deo and Brodsky (1998), Gao et al. (2001), Gao, Anh and Heyde
(2002), Sun and Phillips (2003), Gao (2004), Lieberman and Phillips
(2004, 2005), Robinson (2005), and Shimotsu and Phillips (2005, 2006).
Meanwhile, existing studies in the field of stochastic volatility with long—
range dependence include Taylor (1986, 1994), Robinson and Zaffaroni
(1998), Robinson (2001), Broto and Ruiz (2004), Berkes et al. (2006),
and Casas and Gao (2006).

In the statistics literature, there are a number of papers discussing non-
parametric and semiparametric estimation of time series regression with
long-range dependence. Existing studies include Hall and Hart (1990),
Cheng and Robinson (1994), Hall, Lahiri and Polzehl (1995), Robinson
(1997), Beran and Ghosh (1998), Koul and Stute (1998), Anh et al.
(1999), Gao and Anh (1999), Beran and Feng (2002), and Beran, Ghosh
and Sibbertsen (2003). By contrast, there is little research about model
specification of nonlinear time series with long-range dependence. To
the best of our knowledge, the only paper available is Gao and Wang
(2006).
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CHAPTER 7

Appendix

The following lemmas and theorems are of general interest and can be
used for other nonlinear estimation and testing problems associated with
the a—mixing condition. Lemma A.2 and Theorem A.1 below extend
some corresponding results of Hjellvik, Yao and Tjgstheim (1998) and
Fan and Li (1999) for the S—mixing case.

Theorem A.1 improves existing results in the field, such as Gao and
Anh (2000), and Lemma A.1 of Gao and King (2004). Theorem A.2 is
a novel result of this kind for the a—mixing time series case and has
some useful applications in deriving asymptotic Edgeworth expansions
for kernel-based test statistics.

7.1 Technical lemmas

Lemma A.1. Suppose that M} are the o-fields generated by a stationary
a-mizing process & with the mizing coefficient «(i). For some positive
integers m let n; € Mﬁ; where 51 < t1 < 89 <ty < -+ < t,, and suppose
t; — s; > 7 for all i. Assume further that

[nill; = Elni|"* < oo,

for some p; > 1 for which Q = Z < 1. Then

llp
l

l
E Hni] HE 771
=1

< 10(1 — Do(r) ¥ H 17l lp. -

1=1

PROOF: See Roussas and Ionnides (1987).

Lemma A.2. (i) Let ¢(-,-,-) be a symmetric Borel function defined on
R" x R" x R". Let the process &; be a r-dimensional strictly stationary
and strong mizing (a-mizing) stochastic process. Assume that for any

193
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fixed z,y € R", E[(&1,2,y)] =0. Then

B Z Y&, &5, &) < CT3M T,

1<i<j<k<T

where 0 < & < 1 is a small constant, C > 0 is a constant independent of
T and the function v, M = max{M;, My, M3, M4}, and

M, = max maX{E|¢(§17§z fg)|2(1+6)}

1<i<j<T

My = max max{ / 9 ( 51,gz,£]>|2<1+“>dp<£1)dp<a,@)}

1<i<j<T

Mz = max ma"{/ Iw(«sl,fi,@)P““’dP(fj)dP(&,&)},

1<i<i<T

1<i<j<T

Mi— max max{ / w}(»:l,av,@«)|2<1+5>dp<§1)dP(@«)dP(sj)}.

(ii) Let ¢(-,-) be a symmetric Borel function defined on R" x R". Let
the process &; be defined as in (i). Assume that for any fized x € R",

E[¢(&1,2)] = 0. Then

ES Y e6ng)y < OTAMET,

1<i<j<T

where § > 0 is a constant, C' > 0 is a constant independent of T and the
function ¢, and

Ms = mameax{E|¢<f &)[20+o), / (&1, &) PP (& )dP(@)}-

1<i<

PROOF: As the proof of (ii) is similar to that of (i), one proves only (i).
Let ¢1,...,96 be distinct integers and 1 < i; < T, let 1 <k < --- <
ke < T be the permutation of i1,...,4s in ascending order and let d. be
the c-th largest difference among kj 1 —k;, j =1,---,5. Let

H(ky, - ke) = ¥(&irs Einy §ia)V (Eins i Cig)-

By Lemma A.1 (with n = ¥(&i,,8i,,8i)s M2 = V(&iar &issis)s | = 2,
pi=2(1+0) and Q = 115),
10M T o1+ (kg — k if k¢ — ks =d
\E[H(ky, - ke)]| < rrat (ks — k) ik —ks = dy
M ol 5(]627]{51) if ko — k1 =d;.
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Thus,
> |E[H (1, -+, k)]
1<k < - <k¢<T
ko — k1 =dy
T-5 T-3 T
<> > > X
k1=1 ka=ki+max;>3{kj—k;j_1} ka=ko+1 ke=ks+1
x {10Mﬁa%(k2 - kl)}

T-5 T—-4

<10M™F 3 N (ky — k)27 (ks — ki)

k1=1ko=ki+1

T
< 10TM75 Y kla ™ (k) < OTM ™.
k=1
Similarly,
> |E[H (ks ko)]| < CTM 5.
1<k <---<ks<T
ky — ki =dy

Analogously, it can be shown in a similar way that

2 (BlH (k- ko)l| < CT* M,
1§k1<...<k6§T
ke — ks =dg or kg — k1 = ds

> \E[H (K1, k)| < CTMTH.
1<k <--<ke<T
ke — ks = d3z or ko — k1 = d3

On the other hand, if {kg — k5, ko — k1} = {d4, d5}, by using Lemma A.1
three times we have the inequality

3
\BH (b1, ke)]| < 10MT5 Y o™ (dy).
=1

Hence,

5 E{H (K, ko))
1<k <---<kg<T
{ke — ks, ko — k1} = {d4, ds}
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>

1<k < - <k<T
max{k6 — k5, kg — kl}
< mina<j<a{kj1 — k;}
x {10Mﬁ [a%(kg — k) + a7 (kg — kg) + ot (ks — k4)] }
< 30M T > 5 (ds) < 30CT3M T+ .

1<k < - <k¢e<T
max{kﬁ—k5,k2—k1}§d3

IN

Thus, we have

> B(&, &), &) £, &)]] < CTPMT.
1<4,9,kr,5,t <T
1,4, k,r,s,t different

Similarly, we can show that

> B[ (&, €5, )&, €6, 6] < CTPM T
1<id,5,k,r,s,t<T
1,7, k, s, t different

> Bl (€ &, €00 (6, &5, )] < CTAM T,
1<i,j,k1<T
1,7, k, different
Finally, it is easy to see that
> Bl &)Y < T° max Blu(é,&.6)°)
1<i<j<k<T
The conclusion of Lemma A.2(i) follows, and therefore the proof of

Lemma A.2 is completed.

Gotze, Tikhomirov and Yurchenko (2004) considered a quadratic sum of
the form

Qr = Za” - E[X?]) + Z ajiX; X, (A1)

1<j#k<T

where Xy, --- ,XT are independent and identically distributed random
variables with E[X;] = 0, E[X}] < oo and E[X{] < oo. Here {a;;}
is a sequence of real numbers possibly depending on 7. They actually
considered a more general setup than this, but for simplicity we briefly
present this simplified form.

The following notational symbols are needed.
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A= (ajk)grkzl : T x T matrix containing all coefficients a;
T
Al = Zj,k:l a?k?
TrA = Z};l a;;: the trace of the matrix A;
Vv2=S"" a2 and £2=%7 a2, j=1,---,T;
= 2uj=1%j § = 2uk=1%k J = Lo d

d” = (a11,a2, -,arr) € R”: T-dimensional column vector con-
taining all diagonal elements of the matrix A;

Ao denotes the T' x T matrix with elements a;;, if 7 # k and equal to
0,if j = k;

pr = E [XF] and B, = E [| Xy|F] for k=1,---,6;
A1 the maximal in absolute value, eigenvalue of the matrix A;

1
M = max ( A ? (Zle L?)2>,

[A27 A2

07 = (pa = 13)V> + 23| Ao|* and £ = 0,® (43d" Aod + 33 TrAg).

In the above symbols the superscript 7 denotes the transposition of a
vector or matrix. Note that the matrix Ag is obtained from the matrix
A by replacing all diagonal elements by 0.

The coefficients in the quadratic form (A.1) should satisfy some condi-
tions:

Q(i): |A]| < co;  Q(ii): there exists some absolute positive constant
b? > 0 such that
2

- —— >
A2

2.
Lemma A.3. Under conditions Q(i) and Q (i), we have

sup ]P (QT < x) B (a) + RO (2)| < OB (824 VIALT o) 3 M,
T Ox

where C is an absolute positive constant and where ®"(-) denotes the
third derivative of the cumulative distribution function of the standard
normal.

PROOF: The proof is the same as that of Theorem 1.1 in Gotze, Tik-
homirov and Yurchenko (2004).
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7.2 Asymptotic normality and expansions

Theorem A.l. Let & be a r-dimensional strictly stationary and o—
mizing stochastic process with the mizing coefficient a(t) < Cyat for
some 0 < Cp, < 00 and 0 < « < 1. Let 0(-,-) be a symmetric Borel
function defined on R" x R". Assume that for any fized x,y € R',
E0(&,y)] = Elf(x,£)] =0. Let

O =0(¢s,&) and 0% = Z var[fs:].

1<s<t<T
For some small constant 0 < § < 1, let
MTll = max max {E\é)ikﬁjdl”} ,
1<i<j<k<T
_ 0., |10 . .
Mri2 = 1<ir<r;,ag§€<TmaX{/|ezk9gk| dp(ﬁz)dp(ﬁpfk)},
Mgy, = max maX{E|9ik9jk\2(l+5)},
1<i<j<k<T
Mryy = 1§ig§3£§€STmaX{/|9ik9jk|2(1+6)dp(§i)dp(€jagk)}7
_ 0., |2(1+0) £
Mraz = lgi%aéngaX{/wzk@H dp(ﬁz,fg)dp(fk)},
_ g 120148) 1 pye. _
M4 1<if<nja<>§€<TmaX{/|9m9gk| dp(fz)dp(fg)dp(fk)},
Mps = max E|9ik9jk|2,
1<i<j<k<T
My, = max {max/|01i0jk|2(1+5)dp},
l<ijk<or UP

1,7, k different

where the mazimization over P in the equation for My, is taken over
the probability measures P(&1,&:,&;, k),

P(&)P(&,&5, &), P(&)P (&, )P (&, &iy), and P(&1)P(&)P(&5)P (&),

where (i1,12,13) s the permutation of (i,7,k) in ascending order;

2(1+5)}

Mrs1

1<i<j<k<T

max max {E ’/GiijkGiijde(&)

2(1+6)
MT52 = lgiga%);STmax{/ ‘/01k93k61k9]kdp(§z) dP(é.J)dP(fk)},
2
MTG = max E ‘/Omajde(&) 5 MT7 = max FE [|9ij|2(1+5)} .
1<i<j<k<T 1<i<j<T
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Let

Mr = 1955 {Mrii}t, Mr2 = max, {Mrai}, Mrs = e {Mrs;}.

Assume that all the My; are finite. Let

Mr = max {TQM;;‘S,WM“W’ T2M;6,T2MT“7L”} :
Ny = max {Tsz*‘” TZM:,%?),TgM;Efl*‘”}.
If limp_, o %%TNT} =0, then
> 0(6.&4) —=p N(0,1) as T — oc.
T 1 csci<T

PROOF: For a given constant 0 < py < 7, choose ¢gr = [T7°] > 2 as the

47
largest integer part of 7. Obviously, Y 77, e~ %97 < co for any given
do > 0. Recall the notation of 6, and define

¢St = est —F [estlltfq] and ¢st =F [Qst\It,q] . (A2)
Observe that
t—1 T t—q T t—q
Ly = Zest Z Ost + Z st
=q+1 s=1 t=q+1 s=1

1 1

T _
St Y. Y. Yu=> Lir. (A3

t=2 s=t+1—q t=2 s=t+1—q j=1

T
t=2 s=1 t
T t—

To establish the asymptotic distribution of Ly, it suffices to show that
as T — oo

L L;
2T N(0,1) and =L 0 for j=2,34. (A.4)
or ar

Let V; = 3.'"% ¢ Then E[V;|I,_,] = 0. This implies that {V}} is a
sequence of martingale differences with respect to I;_,. We now start
proving the first part of (A.4). Applying a central limit theorem for

martingale sequences (see Theorem 1 of Chapter VIII of Pollard 1984),
in order to prove the first part of (A.4), it suffices to show that

Z V2 —,1 and Z B[V} — (A.5)

o2
T t=q+1 Tt q+1
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To verify (A.5), we first need to calculate some useful quantities. Recall
the definition of V; and observe that

—-q t—q s1—1
‘/;‘/2 = Z b5t +2 Z Z Ps1tPsst
s=1 S1= =2 So= 1
T T t—q t—q s1—1
d.EWV = )0 ) Bled]+2 Z Y. D Elbnidu]
t=q+1 t=q+1 s=1 t=q+2s1=2s2=1
= oy + A (A.6)
We now show that as T" — oo
oir =07 (14+0(1)) and Air =o(0}). (A7)

By Lemma A.1 (with 71 = ¢4, 712 = Psyt5 L = 2, p; = 2(1 + ) and
Q= 133):

1 s

K |¢slt¢32t| S 10Mﬁﬂm(81 - 82).

Therefore,

1 T 1
A <10T2ME7 Y ot (i) < OT2M? (A8)
i=1

using > o0« B (7) < oco. This, together with the conditions of Theorem

Al implies that A =o (or%) as T — oo.

We now start to verify the first part of (A.7). Let 02, = E[¢2,]. Observe
that

T 2
E( Z ‘/tQ_U%T>

t=q+1

AN
r—"\
S
iR
w o~
N
&
»
——
N

t—q s1—1 2
. {z 3 z%%}

t=q+2s1=2s2=1

Q11 + Q2r. (A.9)

In the following, we first show that as T — oo
Qar =0 (o7) . (A.10)

Using Lemma A.1 again, we can show that as T' — oo

t—q s1—1 2
Qor = {2 5 quma:m}

t=q+2s51=2s2=1
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Z Z Z |E[¢51t1¢52t1¢7‘1t2¢r2t2”

t1#£ts s17#52 T1#£7T2
< 8max {M%7 N%} =0 (J%)
under the conditions of Theorem A.1.

Let C¢ = f¢%2¢§4dpl(gl)dpl(gg)dpl(fg)dpl(&), where Pl(gz) denotes
the probability measure of &;.

Using Lemma A.1 repeatedly, we have that for different i, j, k, [
. S
B [650%] = Co| < 10{a(A(i, 4.k, 1)} Mgp?

= 10M7 {a(AG 3. kD), (A1)

where A(i, j, k, 1) is the minimum increment in the sequence which is the
permutation of 4, j, k, [ in ascending order.

Similarly to (A.11), we can have for all different 4, j, k, [
0202, — Co| < 10MF {a(A, .k, 1)} . (A.12)

Therefore, using (A.11) and (A.12),

2w 3 51 }

Qir =
t=q+2 s=1
< 2(X ¥ Ielset - i
t1,t2 51,82
< (Z > 1B [¢he0] C¢’+|C¢—0?j0§z|>
t1,t2 s1,82
< {O (T3M1+é) +0 (TSMT3)} = o(o—%), (A.13)

It now follows from (A.9)—(A.13) that for any € > 0

{ Zv2—1 >e} ZV—JlT] — 0.

oty t=q+1 t=q+1 ( )
A.14

Thus, the first part of (A.5) is proved. Note that for g+ 1 < k < T,

k—q 2
E{Z 2 + 2 Z dh'kd)jk}
i=1

1<i<j<k—gq
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k—q k—q
= FE {Z bix +6 Z bindin + 42 Z ¢12k¢ik¢jk}
i—1

1<i<j<k—q 1=1 1<i<j<k—q

+ 4FE Z GikPjkPsk ek

q<i<j<k,1<s<t<k—q,(i,j)#(s,t)

k—q
= 4Y D E[dhdud]

1=1 1<i<j<k—q

+ 4 Z E [¢ikdjrdskdix]

1<i<j<k—q, 1<s<t<k—q,(i,5)#(s,t)

+ O(T°Mrs). (A.15)

It is easy to see that

/|¢ik¢jk¢sk¢tk|1+6 arP < \//|¢ik¢jk|2(1+6) dP/|¢sk¢tk|2(1+6) dP

< Mrpy.

Similarly to (A.11), we can have for any (4, j) # (s,t),

4 5
|E[pirdjnsrdn]] < 10Mpp° {a(A(i, j,s,))} 5 (A.16)
where A(+) is as defined before.
Consequently,
) 1
Y EW]=0 <T3MT115> = o(o%). (A.17)
k=q+1

This finishes the proof of the first part of (A.5) and therefore the proof
of (A.5).

Applying Lemmas A.1 and A.2 implies that as T' — oo

T t—q
ElLy| < > Y E[E[0ull)]

t=q+1s=1
T t—g s 1 1
< 0> Y am(t—q-s) MV <C (TM;<;+“>>
t=q+1 s=1
— olor) (A.18)

using the conditions of Theorem A.1.
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The second part of (A.4) for Lyr follows from the conditions of Theorem
A.1 and

T _
ElLyr| < Y5 Y E(E[0ullli-q)

T — 1

< CY atH (t—1—s) MT2<;+<‘> e (TM;;W)
t=2 s=t+1—q

= o(or). (A.19)

We finally prove the second part of (A.4) for Lgp. Similarly, using Lemma
A.1, we can show that as T — oo

t—1

Z i Z E [¢51t¢82t]

t=2 s1=t+1—q so#s1,59=t+1—q

T t—1 t—1

t=2 sy =t+1—q so#s1,s2=t+1—¢q
X E¢si1¢syt]]
< o(T%q Mrs), (A.20)

N

t1—1 t1—1 to—1

Z oo Y Y Elbanden)

t1=3ta=t1+1—qgs1=t1+1—q sa=t2+1—q

S o (T2q2 MTS) .

(A.21)
Using (A.20) and (A.21) implies that as T — oo
t—1
E[Lir] = Z Z [6%] +Z Z Y b
t=2 s=t+l—q t=2 s1=t+1—q sa#s1,52=t+1—q
t1—q t1—1 to—1
S S D S S
t1=q+2ty=2s1=t1+1—qgsa=to+1—¢q
T t1—1 t1—1 to—1
+ 2 Z Z Z Z E [¢51t1 ¢52t2]
t1=2t3=t1+1—qs1=t1+1-gsa=ta+1—q
T t—1 T t—1 t—1
= > > B+ X S Bl
t=2 s=t+l—q t=2 s1=t+1—q sa#s1,52=t+1—q
t1—-1 t1—1 to—1
+ 2 Z Z Z Z E [¢51t1 ¢52t2]
t1=3to=t1+1—qs1=t1+1—qso=to+1—q
3 1 9 1 5

in view of the fact that the third term of (A.22) is zero because of
E[d)b"ztz ¢81t1 |It1—q] =0.
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This completes the proof of Theorem A.1.

In order to establish some useful lemmas without including non—essential
technicality, we introduce the following simplified notation:

T T
1 X, — X, Z j :
= K =
st TVhio ( h ) - @r(h) fercech

t=1 s=1,#t

p(h) = V2K®(0 <\//7r2 )du /K2 ) Vhe,

where 02 = 243 vy fK2 Ydv with vy = E[r?(X1)] and ps = E[e?], and
K®)(.) denotes the three-time convolution of K (-) with itself. We now
have the following theorem.

Theorem A.2. Suppose that the conditions of Theorem 3.1 hold. Then
for any h

s;lgl |P Qr(h) < x) — ®(x) + p(h) (2* —1) ¢(x)‘ =0 (hd) . (A.23)

PRrROOF: The proof is based on a nontrivial application of Lemma A.3. As
the proof itself is extremely technical, we provide only an outline below.

In view of Q7 (h), we need to follow the proofs of Theorems 1.1 and 3.1
as well as Lemmas 3.2-3.5 of Gétze, Tikhomirov and Yurchenko (2004)
step-by-step to finish the proof of Theorem A.2. Note that the proofs of
their Theorems 1.1 and 3.1 remain true. The proofs of their Lemmas 3.2—
3.5 also remain true by successive conditioning arguments when needed.

Alternatively, we may apply Lemma A.3 to the conditional probabil-
ity P (Qr(h) < z|X7) and then use the dominated convergence theorem
to deduce (A.23) unconditionally. To avoid repeating the conditioning
argument (given Xr) for each case in the following derivations, the cor-
responding conditioning arguments are all understood to be held in prob-
ability with respect to the joint distribution of X7 = (Xy,---, X7).

In any case, in order to apply Lemma A.3, we need to verify certain
conditions of Lemma A.3.

aj; =T h= 42K (0), d” = T"'h=42K(0) (1,---,1)"
TrA = h~%¥2K(0), V2 (Th*) ' K*(0)

X, - X
|Ao|? =T 2n4 Z K’ (h t)

s,t=1
s#£t

d"Aod =T 3h 32 K2(0 Z K ( — f”t) (A.24)
s,t=1
s#t
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Obviously,
T T T T T T
3 —17—d/2
Tr(Ap) = E E E AqkUkjAjq *( h=4 ) E E E
g=1 k=1 j=1 g=1 k=1 j=1
k#q j#k k#q j#k
J#aq i#a

X

X, — Xk X — X, X, — X
K 2 K A 1],
() e (B (55)
Using the stationary ergodic theorem, the sums involving the kernel
function K in (A.24) can be approximated as follows:

% ZT: K2 (XZXJ) //K2 (“’;’) (2, y)dedy

. h? / / K?(u)m(y + uh, y)dudy
B / / K2(u)r2(y)dudy
e / / K2(u)m2(v)dudv,  (A.25)

where 7(z,y) denotes the joint density function of (X7, X14,) for any
7 > 1, and m(x) is the marginal density function of X;.

Q

Q

Q

%

Similarly, for the second sum in expression (A.24)

T2Z <X Xt) hd/K du/ 2(v)dv. (A.26)

s,t=1
st

PRE S (ST (H) ()
~ ///f:( y) K (y ; Z) K <Z ; m) m(x,y, 2)dzdydz
~ h2d / / / K (= (u+ 0)) K (0) K ()7 (2)duduvdz

= p2d / / K(u+v)K (v)K (u)dudv

For the triple sum in expression (A.25) we find
ktq j#k
~ h2? ///K(—(u +v)) K (v)K (u)7(z — uh, z + vh, z)dudvdz
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] (f ot )

:h2d/K*K dv [ 7 (u)du
= h* (K « K * K)(0) / 3(u)du (A.27)

where 7(x,y, z) denotes the joint density of (X1, X14+,, X14+,) for any
71,72 Z 1.

Combining (A.24)—(A.27) we obtain the following behaviours
TrA ~ h~¥2K(0), V2~T 'h ?K?(0)
| Aol ~ /KQ(u)du /7T2(U)d1}
d"Aed ~ T’lh’d/QKQ(O)/K(u)du /ﬁ@)dv
Tr(Ad) ~ h¥/2 K®)(0) / 73 (u)du, (A.28)

where K3 () = (K % K * K)(-) is the three times convolution of K with
itself.

From this we get approximations for the quantities 02 and & involved in
Lemma A.3:

o2 = T W™y — pd)K(0) + 243 /K2(u)du /wz(v)dv

u2K2(0) au3 f7r3(u)du (3)
+ KY0) —
K~ Thd 033 ( ) hd
JIK® -
2K
~ #«)) ( /K2(u)du> c(m) vhe = p(h),
773 T )ax
where ¢(7) = @

(1 /fﬂZ(m)dx> ’

In order to apply Lemma A.3 to finish the proof, we need to show that
the upperbound of Lemma A.3 tends to 0 as T'— oo. Observe that

T
1Ao|* + ) a3
j=1

/KQ(u)du /WQ(v)dv+ (nh®)71K2(0).  (A.29)

A

%
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Similarly to (A.27), we may show that

e - zwtéia@

s=1 s=1t=1

FYY Y — g [ K@i [ 7@

s=1t1=1ty=1,#t1

TS //K2 K?( +h”> 7 (u, v)dwdudy

- / K*u)du / 2 (v)dv
1

+ EKP0) / 22 (v)dv, (A.30)

where Kéz) (0) is the two-time convolution of K?(-) with itself.

Similarly, we may show that as T — oo

max Z|%| < Vhi /K )du / 2(v)dv. (A.31)

1<]<T

Consequently, using that h — 0 and Th? — oo, we find that
|A1 ]2 ~ h (fwz(v)dv)Z

~ A.32
A~ TR wdu [ (o) 3
From (A.27)—(A.30) we then find that
1/2
(Zthl ['?) \/KQ(Q)(O) J m2(v)dv

5 ~ . (A.33)

Al vT
Thus, (A.32) and (A.33) imply that there is some constant C, such that
M ~ Cyoh, (A.34)

which shows that the upperbound in Lemma A.3 tends to 0 at a rate
proportional to h%. This completes the proof of Theorem A.2.
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