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Introduction

A wide range of financial and economic time series are likely to be nonstationary.
Examples are return and volatility series as well as macroeconomic data such
as GDP and interest rates. Moreover, it is often very restrictive to stipulate a
parametric structure on the time series data at hand. Thus, in many financial
and economic applications, we are faced with a non- or semiparametric estimation
problem in a nonstationary time series setting.

To model the nonstationary behaviour of financial and economic time series,
so-called locally stationary models have been proposed in recent years (see e.g.
Dahlhaus & Subba Rao [8], Fryzlewicz et al. [15] or Linton & Hafner [28]). Local
stationarity is a special kind of nonstationarity which was introduced in a series of
papers by Dahlhaus (cf. [4], [5], and [6]). Intuitively speaking, a process is locally
stationary if over short time spans, i.e. locally in time, it behaves approximately
stationary. This intuitive concept can be turned into a rigorous definition in
various different but related ways: A locally stationary process may be defined in
terms of a time-varying spectral representation (cf. Dahlhaus [6]) or in terms of
an MA (oo)-representation with time-varying coefficients (cf. Dahlhaus & Polonik
[9]). Yet another way is to require that locally around each time point, the
process can be approximated by a stationary process in a stochastic sense (cf.
Dahlhaus & Subba Rao [8]).

Most of the locally stationary models suggested so far in the literature are of a
parametric nature. Usually, parametric models are analyzed in which the coeffi-
cients are allowed to vary smoothly over time. The parametric form stipulated in
these models is often ad hoc and not justified at all by a structural economic theory
in the background. To avoid misleading conclusions under misspecification and to
select an appropriate parametric model, non- and semiparametric approaches are

required.



2 Introduction

In this thesis, we study various non- and semiparametric estimation problems in a
locally stationary time series setting. In particular, we provide asymptotic theory
for a collection of non- and semiparametric models which have not been analyzed
yet in the literature. The thesis consists of three chapters that are self-contained
and can be read separately. Each chapter ends with an appendix that collects the
proofs and technical details.

In Chapter 1, we introduce a nonparametric framework which is a natural extension
of time series models with time-varying coefficients. Letting Y;7 and X;r be

random variables of dimension 1 and d, respectively, the model is given by

t
Y;T:m(T,Xt,T) +€t,T fOI'tIL...,T (1)
with Ele, 7| X;r] = 0. Here, the model variables are locally stationary and the

regression function is allowed to change smoothly over time. As usual in the
literature on locally stationary processes, the function m depends on rescaled time
% rather than on real time ¢ and the model variables form a triangular array
rather than a sequence.! We introduce a kernel-based method to estimate the
time-varying function and provide asymptotic theory for our estimates. Moreover,
we show that the main conditions of the theory are satisfied for a large class of
nonlinear autoregressive processes with a time-varying regression function. Finally,
we examine structured models where the regression function splits up into time-
varying additive components. As will be seen, estimation in these models does not
suffer from the curse of dimensionality. The technical analysis is complemented
by an application to index return data.

Chapter 2 studies a testing problem within the general framework (1). We are
interested in the question whether the time-varying regression function m has the
same shape at two different time points. This testing issue is not only interesting
from a theoretical perspective but also from an applied point of view. In many
applications, we want to find out whether the relationship between two variables is
the same in two different economic situations, e.g. at a time point before a crisis and
one during it. To tackle this kind of question, we propose a kernel-based Lo-test
statistic. We derive the asymptotic distribution of the statistic both under the null
and under local and fixed alternatives. To improve the small sample behaviour of
the test, we set up a wild bootstrap procedure and derive the asymptotic properties

thereof.

'Some remarks on the concept of rescaled time can be found in Section 3.2 of Chapter 3. A

detailed discussion of the concept is given in Dahlhaus [5].



In Chapter 3, which is based on a joint paper with Christopher Walsh, we analyze
a semiparametric multiplicative volatility model which splits up into a nonpara-
metric part and a parametric GARCH component. The model is given by the
equation

Y;VT:T<%,X,5>€75 fort=1,...,T. (2)

Here, Y; r are financial log-returns, X; = (X},..., X?) is a vector of strictly sta-
tionary covariates, and 7 is a nonparametric function of rescaled time and the
variables X;. Moreover, {g;} is a strictly stationary GARCH process. Model (2)
generalizes the simpler model

t
Yt,T = T(T)Qa

where the function 7 only depends on rescaled time. This simpler framework has
for example been considered in Feng [13], a multivariate version has been analyzed
in Linton & Hafner [28]. To avoid the curse of dimensionality, we impose some
structural constraints on the nonparametric function 7 in (2). In particular, the

function is assumed to split up into multiplicative components according to

(L) =) [T

We propose a two-step procedure to estimate the model. To estimate the multi-
plicative components of the 7-function, we extend the standard smooth backfitting
procedure of Mammen et al. [29]. The GARCH parameters are estimated in a sec-
ond step via a quasi-maximum likelihood based approach. Finally, the model is

applied to S&P 500 return data using various interest rate spreads as covariates.






Chapter 1

Nonparametric Regression For

Locally Stationary Time Series

1.1 Introduction

(Classical time series analysis is based on the assumption of stationarity. However,
many time series exhibit a nonstationary behaviour. Examples come from fields
as diverse as finance, sound analysis and neuroscience.

One way to model nonstationary behaviour is provided by the theory of locally
stationary processes developed in a series of papers by Dahlhaus (cf. [4], [5], and
[6]). Intuitively speaking, a process is locally stationary if over short periods of
time (i.e. locally in time) it behaves approximately stationary. So far, locally sta-
tionary models have been mainly considered within a parametric context. Usually,
generalizations of classical parametric time series models are analyzed that allow
the parameters to change smoothly over time.

There is a large amount of papers that deal with time series models with time-
varying parameters. Dahlhaus et al. [7], for example, study wavelet estimation
in autoregressive models with time-dependent coefficients. Chandler & Polonik
[2] consider autoregressive processes with a time-varying variance and test for
unimodality of the variance function. Dahlhaus & Subba Rao [8] analyze a class of
ARCH models with time-varying parameters. They propose a kernel-based quasi-
maximum likelihood method to estimate the parameter functions; a kernel-based
normalized-least-squares method is suggested by Fryzlewicz et al. [15]. Linton
& Hafner [28] provide estimation theory for a multivariate GARCH model with
a time-varying unconditional variance. Finally, a diffusion process with a time-

dependent drift and diffusion function is investigated in Koo & Linton [21].
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In this chapter, we introduce a nonparametric framework which can be regarded
as a natural extension of time series models with time-varying coefficients. In its

most general form, the model is given by

t
YnT:m(T,Xt,T> tep fort=1,...,T (1.1)
with E[e; 7| X:r] = 0, where Y; 7 and X, are random variables of dimension 1

and d, respectively. The model variables are assumed to be locally stationary and
the regression function as a whole is allowed to change smoothly over time. As
usual in the literature on locally stationary processes, the function m does not
depend on real time ¢ but rather on rescaled time % This goes along with the
model variables forming a triangular array instead of a sequence. Throughout the
introduction, we stick to an intuitive concept of local stationarity. A technically
rigorous definition is given in Section 1.2.

There is a wide range of interesting nonlinear time series models that fit into the
general framework (1.1). An important example are nonparametric autoregressive
models of the form

t
T
with E[e; 7| Xi—17, ..., Xi—ar| = 0, which are analyzed in Section 1.3. As will be

Xt,T = m( 7Xt—1,T7 ce 7Xt—d,T> + €T for t = 1, ce ,T (12)

seen there, under certain conditions on the function m and the error terms e; 7, the
process defined in (1.2) is locally stationary and strongly mixing. Independently to
the present work, Kristensen [24] has developed results on local stationarity of the
process given in (1.2) when the residuals €, are i.i.d. In contrast to Kristensen,
we do not restrict the residual process to be i.i.d. and also provide results on the
mixing behaviour of the process.

In Section 1.4, we develop estimation theory for the nonparametric regression func-
tion in the general framework (1.1). As described there, the regression function is
estimated by nonparametric kernel methods. We provide a complete asymptotic
theory for our estimates. In particular, we derive uniform convergence rates and
an asymptotic normality result. To do so, we split up the estimates into a vari-
ance part and a bias part. In order to control the variance part, we generalize
results of Hansen [17] on uniform convergence rates for kernel estimates to our
locally stationary setting. The locally stationary behaviour of the model variables
also changes the asymptotic analysis of the bias part. In particular, it produces
an additional bias term which can be regarded as measuring the deviation from

stationarity.
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Even though model (1.1) is theoretically interesting, it has an important drawback.
Estimating the time-varying regression function in (1.1) suffers from an even more
severe curse of dimensionality problem than in the standard strictly stationary
setting with a time-invariant regression function. The reason is that in model
(1.1), we fit a fully nonparametric function m(u,-) locally around each rescaled
time point u. Compared to the standard case, this means that we additionally
smooth in time direction and thus increase the dimensionality of the estimation
problem by one. This makes the procedure even more data consuming than in the
standard setting and thus infeasible in many applications.

In order to countervail this severe curse of dimensionality, we impose some struc-
tural constraints on the regression function in (1.1). In particular, we consider

additive models of the form
d ; A
Yt,TZJZ:;mj<f,XiT> +ep fort=1,...,T (1.3)

with Ele; 7| X 7] = 0. In Section 1.5, we will show that the components of this
model can be estimated with two-dimensional nonparametric convergence rates,
no matter how large the dimension d. In order to do so, we extend the smooth
backfitting approach of Mammen et al. [29] to our locally stationary setting.

To show the practical usefulness of our theory, we apply an additive volatility
model with time-varying component functions to a sample of financial data in
Section 1.6. The analysis makes visible how the component functions estimated

at time points before and during the recent financial crisis differ from each other.

1.2 Local Stationarity

Heuristically speaking, the process {X;r:t=1,..., T}, is locally stationary if
it behaves approximately stationary locally in time. The next definition ensures
this behaviour by requiring that for each rescaled time point u, there is a stationary
process {X;(u) : t € Z} which approximates {X; r} locally around u. This means

that if % is close to u, then X7 is close to X;(u) at least in a stochastic sense.

Definition 1.1. The process { X1} is locally stationary if for each time point u €

[0, 1] there exists an associated process {X;(u)} with the following two properties:

(i) {Xi(w)} is strictly stationary with density fx, (),
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(i) it holds that

t 1
HXt,T_Xt<u)H < (‘T _U‘ +?>Ut7T(u) a.s.,

where {U,r(u)} is a process of positive variables satisfying E[(Uyr(u))?] < C
for some p > 0 and C < oo independent of u, t, and T. || - || denotes an

arbitrary norm on RY.

Since the p-th moments of the variables U; r(u) are uniformly bounded by some
C < o0, it holds that Upr(u) = O,(1). As a consequence,

t ‘+1)
= —u|l+ =]
T T

The constant p can be regarded as a measure of how well X, 1 is approximated by

|Xir = Xew)|| = O

Xi(u): The larger p can be chosen, the less mass is contained in the tails of the
distribution of Uy r(u). Thus, if p is large, then the bound (|4 — u| + £)Upr(u)
will take rather moderate values for most of the time. In this sense, the bound

and thus the approximation of X;r by X;(u) is getting better for larger p.

1.3 Locally Stationary Nonlinear AR Processes

In this section, we examine a large class of nonlinear autoregressive processes with
a time-varying regression function that fit into the general framework (1.1). We
show that these processes are locally stationary and strongly mixing under suitable

conditions on the model components.

1.3.1 The tvNAR Process

We call an array {X;r : t € Z}3_, a time-varying nonlinear autoregressive (tv-

NAR) process if X;r behaves according to

t
T

t

X = m( T

athl,T7 s 7thd,T> + J( 7Xt71,T7 ce 7thd,T> Et. (14)

A tvNAR process is thus an autoregressive process of the form (1.2) with errors
eir = 0(%, Xic1,r, - Xe—qr)er. In the above definition, m(u, z) and o(u, ) are
smooth functions of rescaled time u and = € R% We stipulate that for u < 0,
m(u,x) = m(0,z) and o(u,z) = o(0,x). Analogously, we set m(u,z) = m(1,z)

and o(u,z) = o(1,z) for u > 1. Furthermore, the variables ¢; are assumed to
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be i.i.d. with mean zero. For each u € R, we additionally define the associated
process {X;(u) : t € Z} by

Xi(u) =m(u, Xeo1(u), ..., Xi—q(uw) + o (u, Xeo1(w), ..., Xi—alu))er, (1.5)

where the rescaled time argument of the functions m and o is fixed at u.
As stipulated above, the conditional mean function m and the volatility function

o do not change over time for ¢ < 0. Put differently,
Xor =m(0, X 17,..., Xe—ar) +0(0, Xeoar, ..., Xe—ar)er for all ¢ < 0.

We can thus assume that X, r = X;(0) for t < 0. Consequently, if there exists a
process {X;(0)} that satisfies the system of difference equations (1.5) for u = 0,
then this immediately implies the existence of a tvNAR process {X; r} satisfying
(1.4). As will turn out, under appropriate conditions there exists a strictly station-
ary solution {X;(u)} to the system of equations (1.5) for each u € R, in particular
for u = 0. We can thus take for granted that the tvNAR process {X;r} defined
by (1.4) exists.

1.3.2 Assumptions

We now list some conditions under which the tvNAR process is locally stationary
and strongly mixing. To start with, the function m is supposed to satisfy the

following conditions.

(M1) m is absolutely bounded by some constant M < oo.

(M2) m is Lipschitz continuous with respect to rescaled time u, i.e. there exists a

constant L < oo such that |m(u,z) — m(u',2)| < Llu — /| for all z € R%.

(M3) m is continuously differentiable with respect to x. The partial derivatives

oym(u,x) == %m(u,aj) have the property that for some K; < oo,

sup  |9ym(u,z)| <6 < 1.
uER,[[z]loo > K1

An exact formula for the bound ¢ is given in (1.37) in Appendix A.
The function o is required to fulfill analogous assumptions.

(X1) o is bounded by some constant > < oo from above and it is bounded away
from zero by some constant ¥ > 0, i.e. 0 < X < o(u,7) < ¥ < oo for all
u € R and z € RY.



10 1. Locally Stationary Nonparametric Regression

(32) o is Lipschitz continuous with respect to rescaled time u, i.e. |o(u,z) —
o(u',x)| < L|lu — /| for some L < oo and all z € R%

(X3) o is continuously differentiable with respect to x. The partial derivatives

Ojo(u, ) = ﬁa(u,x) have the property that for some K; < oo,
J

sup  |0jo(u,x)] <6 <1
UER, ||z|| 0o > K1

Finally, the error terms are required to have the following properties.

(E1) The variables &; are i.i.d. with E[g;] = 0 and E|e;|'* < oo for some 1 > 0.

Moreover, they have an everywhere positive and continuous density f..

(E2) The density f. is bounded and Lipschitz.

To show that the tvINAR process is strongly mixing, we additionally need the

following condition on the densities of the error terms:

(E3) Let dy, dy be any constants with 0 < dy < Dy < oo and |dy| < D; < o0.
The density f. fulfills the condition

/ (L4 dolz + dy) — fo()]dz < Cpy p, (do + )
R

with Cp,.p, < oo depending on the bounds Dy and D;.
We shortly give some remarks on the above assumptions:

e Conditions (M1) and (M3) together with (¥1) and (X3) restrict the tvNAR
process above all outside a large bounded set {z : ||z|| < Ki}. There, the
functions m and o are required to remain bounded and to be sufficiently flat.
In a wide range of cases, the approximating processes {X;(u)} will exhibit a
stable behaviour and will remain within a large bounded set for most of the
time. The same will then also hold true for the process {X;r}. Therefore, the
above conditions are not very severe. They only restrict the dynamics of the

tvNAR process in a region to which it wanders very rarely.

e Our set of assumptions can be regarded as a strengthening of the assumptions
needed to show geometric ergodicity of autoregressive processes of the form
Xy = m(Xpq,. .. ... s Xi—a) + 0( Xy, ..., Xi_q)er.  In particular, (M3) and
(333) are very close in spirit to assumptions from this context which require
the mean and volatility functions m and ¢ not to grow too fast outside a large
bounded set.
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e Condition (M3) implies that the derivatives 0;m(u, x) are absolutely bounded.
Hence, there exists a constant A < oo such that |0;m(u,z)| < A for all u € R
and z € R Similarly, (33) implies that the derivatives 9,0 (u, ) are absolutely

bounded by some constant A < oo.

e As already noted, (E3) is only needed to prove that the tvNAR process is
strongly mixing. It is for example fulfilled for the class of bounded densities f.
whose first derivative f! is bounded, satisfies [ |z f!(x)|dz < oo, and declines
monotonically to zero for values |z| > C for some constant C' > 0. A proof
for this can be found in the first subsection of Appendix A. (See also Section 3

in Fryzlewicz & Subba Rao [25] who work with assumptions closely related to
(E3).)

1.3.3 Properties of the tvINAR Process

We now show that the tvNAR process is locally stationary and strongly mixing
under the assumptions listed above. In addition, we show that the auxiliary pro-
cesses {X;(u)} have densities that vary smoothly over rescaled time u. As will
turn out, these three properties are central for the estimation theory developed
in Sections 1.4 and 1.5. To formulate and prove the results, we repeatedly make
use of the following notation: For any sequence of processes {Y;r,t € Z} with
T=12,...,
V5* =Yg, ..., Yar) for k> 0.

In particular, we let X;’Tk = (Xepr, -, Xor) and X *(uw) = (X p(u),...
..., X¢(u)) for uw € R. The first theorem shows that the auxiliary process { X;(u)}

is strictly stationary for each rescaled time point w.
Theorem 1.1. Assume that (M1)-(M3), (¥1)-(X3), and (E1) are fulfilled. Then

(i) for each u € R, the process {Xi(u),t € Z} has a strictly stationary solution
with &, independent of X;_r(u) for k <0,

(ii) the variables X!~%(u) have a density fxi=aq) w.r.t. Lebesgue measure,
i) the variables X'=%,. have densities fye—a w.r.t. Lebesque measure.
t—1,T xizd

The second result states that {X;(u)} locally approximates { X, r} in the sense of
Definition 1.1.



12 1. Locally Stationary Nonparametric Regression

Theorem 1.2. Assume that (M1)-(M3), (31)-(%3), and (E1) are fulfilled. Then

Xor — X,(u)| < (‘% —ul+ %)UH(U), (1.6)

where the variables Uy r(u) satisfy the condition that E[(Uyr(u))?] < C for some
p >0 and C < oo independent of u, t, and T

Taken together, Theorems 1.1 and 1.2 show that the tvNAR process {X;7} is
locally stationary in the sense of Definition 1.1. As can be seen from the next

result, the densities f X! (u) change smoothly over time.

Theorem 1.3. Let f(u,z) := tht:f(u)(x) be the density of X/=!(u) at v € R. If
(M1)-(M3), (£1)-(X3), and (E1)-(E2) are fulfilled, then

|f(u> '7:) - f(U,l’)’ < CCI?’u - vlp
with some constant 0 < p < 1 and C, < 0o continuously depending on x.

We finally characterize the mixing behaviour of the tvINAR process. We first give a
quick reminder of the definitions of an a-mixing and S-mixing array. Let (2, A, P)
be a probability space and let B and € be subfields of A. Define
a(B,C)= sup |P(BNC)—P(B)PC)|
BeB,Cee

B(B,€) =Esup |P(C) — P(C|B)].
cee

Moreover, for an array {Y;r : 1 <t < T}, define the coefficients

alk) = sup a(U(YS,T, 1<s<t),o(Ysr,t+k<s< T))
,T:1<t<T—k

Bk)=sup  Blo(Yir,1 <s<t),0(Var,t+k<s<T)),
tT:1<t<T—k

where o(Z) is the o-field generated by Z. The array {Y;r} is said to be a-
mixing (or strongly mixing) if a(k) — 0 as & — oo. Similarly, it is called (-
mixing if S(k) — 0. Note that S-mixing implies a-mixing. The final result of this
section shows that the tvINAR process is f-mixing with coefficients that converge

exponentially fast to zero.

Theorem 1.4. If (M1)-(M3), (£1)-(X3), and (E1)-(ES3) are fulfilled, then the
toNAR process { X; 1} is geometrically 5-mizing, i.e. there ezists a positive constant
v < 1 such that B(k) < ",

The proofs of the above theorems can be found in Appendix A.
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1.3.4 The Additive tvINAR Process

An interesting special case of the tvNAR process arises, when the functions m and
o split up into additive components. In this case, the process is defined by the
difference equation
d
" 1/2
0, <f>Xt—j,T>) Et. (17)

1

J

d
t
Xir = E m; (T?Xt—j,T) + (
=1

In this setting, we can replace the conditions (M1)-(M3) and (X1)—-(33) on the
functions m and ¢ by analogous conditions on the additive component functions.

Most importantly, (M3) (and analogously (¥3)) can be replaced by

(Maaa3) ma,...,mg are continuously differentiable with respect to x. The partial
derivatives dm;(u, ;) := 52-m;(u, z;) have the property that for some
J
K < o0,

sup  |Om;j(u, x;)| < daga < 1.
UER,|IJ'|>K1

Here, daqq is given by a similar expression as ¢ in (M3).

Inspecting the proofs of Theorems 1.1-1.4, it is straightforward to see that the

theorems still hold true under these modified conditions.

1.4 Kernel Estimation in Locally Stationary

Nonparametric Models

In this section, we consider kernel estimation in the general model (1.1),

t

Y;S,T = m<T

,Xt,T> +ep fort=1,...,T,

where Ele, 0| Xy 7] = 0 and the covariates Xy 7 = (X/,..., X{}) are locally sta-
tionary. The next subsection introduces kernel estimates for the function m. In
the subsequent subsections we provide asymptotic theory for these estimates. In
particular, we derive results on uniform convergence rates in Subsections 1.4.3—
1.4.5. The last subsection is devoted to results on asymptotic normality. The

proofs are given in Appendix B.
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1.4.1 Estimation Procedure

We restrict attention to local constant estimation. It is straightforward to extend
the theory to local linear (or more generally local polynomial) estimation. The
Nadaraya-Watson (NW) estimator for model (1.1) is given by

in(u, ) = Zthl Ky (u - %) H?:l Ky (ﬂ - XZT)YLT
’ Zthl K (u - %) H;‘lzl K (xj - Xt],T)

Here, K denotes a one-dimensional kernel function and we use the no-

(1.8)

tation Kj(v) = K(3). For convenience, we work with a product kernel
K*(u,z) = K(u) szl K(27) and assume that the bandwidth h is the same
in each direction. Our results can be easily modified to allow for non-product
kernels and different bandwidths. Note that the above estimate differs from the
NW estimator in the standard strictly stationary setting only in that there is an

additional kernel in time direction.

1.4.2 Assumptions
The following three assumptions are central for our results:

(C1) The process {X;r} is locally stationary in the sense of Definition 1.1. Thus,
for each time point u € [0,1], there exists a strictly stationary process
{X;(u)} with density f(u,z) := fx,(z) such that || X, 7 — X;(u)]| < (|5 —
ul + 7)Upr(u) with E[(Uyr(u))?] < C for some p > 0.

(C2) The densities fx,) are smooth in u, ie. f(u,z) = fx,@(x) is a smooth
function of u for each x € R?. In particular, f(u,x) is differentiable w.r.t. u

for each z € R? and the derivative 9y f (u, z) := % (u, z) is continuous.
(C3) The array {X;r, e} is a-mixing.

In Section 1.3, we have seen that these three conditions are essentially fulfilled for
the tvNAR process. Note that we do not necessarily need the densities fx, () to
be differentiable in time direction as assumed in (C2). We could also do with a
lower degree of smoothness, e.g. continuity as shown for the tvNAR process, at
the cost of having slower convergence rates for the bias part of the NW estimate.
Furthermore, for the tvNAR process, (C3) is equivalent to {Xf’_Td} being a-mixing.
The latter condition is clearly fulfilled, as it is a direct consequence of Theorem
1.4.
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In addition to the above three assumptions, we impose the following technical

conditions on the model components:

(C4) f(u,x) is partially differentiable w.r.t. « for each u € [0, 1]. The derivatives
9; f(u,x) == 5% f(u, ) are continuous for j =1,...,d.

(C5) m(u,z) is twice continuously partially differentiable with first derivatives
dym(u, z) and second derivatives 07m(u, ) for i,5 =0,...,d.

The kernel K is assumed to satisfy the following condition:

(C6) K is symmetric about zero, bounded and has compact support, i.e. K(v) =0
for all |v| > C) with some C} < oco. Further, K is Lipschitz, i.e. |K(v) —
K@")| < L|jv — | for some L < oo and all v,v" € R.

Finally, note that throughout the chapter the bandwidth h is assumed to converge
to zero at least at polynomial rate, i.e. there exists a small & > 0 such that
h < CT~¢ for some constant C' > 0.

1.4.3 Uniform Convergence Rates for Kernel Averages

As a first step in the asymptotic analysis of the NW estimate in model (1.1), we

examine kernel averages of the general form
T P A
b2) = s > K (u - ?> ] Kule? — X)Wz (1.9)
t=1 j=1

and derive the uniform convergence rate of ¢(u, z) — E(u, ). Later on we will
make use of this result with Wy = 1 and W, = ¢, 1 to calculate the uniform
rate of the NW estimate.

We make the following assumptions on the components in (1.9):
(KA1) The array {X: 7, Wi r} is a-mixing with mixing coefficients « that satisfy
alk) < Ak™

with A < oo, where for some s > 2,

2s — 2

EWr|*<C and > 5
S_
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(KA2) The variables X, have densities fx,, with the following properties: For
any compact set S C R? there exist constants By = By(S), By = B;(95),
and By = By(S) such that

supsup fx, »(z) < By < o0
t,T zeS ’

squsugEUWt’T\S’Xt,T = a:} Ix,r(x) < By < o0,
t, " xe

In addition,

sSup sup sup E[‘Wt,THWt—s-Z,T”Xt,T =z, Xepr = xl]
tT 1>1 za2'eS

Xth,T7Xt+Z,T (‘777 x/> < By < o0,
where fx, ;. x,,,, is the joint density of (Xi 1, Xii17).

The following theorem generalizes results of Hansen [17] for the strictly stationary

case to our locally stationary setting. For related results, see Kristensen [23].

Theorem 1.5. Let (KA1) and (KA2) be fulfilled and let the kernel K satisfy (C6).

Assume that

2+ s(14+(d+1))

1.1
B> ) (1.10)
1-2)—2-1—-(d+1
,_B=H-2-1-(@+1) oy
B+3—(d+1)
In addition, suppose that the bandwidth satisfies
¢rlog T

with ¢r slowly diverging to infinity (e.g. ¢pr = loglogT ). Then it holds that

~ ~ B log T
1)~ B )] = Oy )

The convergence rate in the above theorem is identical to the rate obtained for
a (d + 1)-dimensional nonparametric problem in the standard strictly stationary
setting. This reflects the fact that additionally smoothing in time direction, we

essentially have a (d + 1)-dimensional estimation problem in our case.
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1.4.4 Uniform Convergence Rates for Density Estimates

Before we consider the NW estimates of model (1), we examine the asymptotic

behaviour of density estimates in this model. Define

d
flua) = = ZKh (e-7) [T e" - i)

The following result shows that f (u, z) converges uniformly in (u, ) to the density
f(u, z) of Xy(u).

Theorem 1.6. Assume that (C1), (C2), (C4) and (C6) hold and that (KA1)-
(KA2) are fulfilled for Wy = 1. Let § > 1+ (d + 1) and suppose that the
bandwidth h satisfies

orlogT 1

W = O(].) and W = 0(1)

with 6 = 6+3 jﬁ) , o7 =loglog T, and r = min{p, 1}, where p has been introduced

in (C1). Defining I, = [C1h,1 — C1h], it then holds that

P log T’ 1
uei?,geS |flu,z) — f(u,z)| = Op<\/ W> + O(W) + o(h). (1.13)

To derive the above result, we split up the difference f (u, z)— f(u, x) into a stochas-
tic part and a bias part. The stochastic part is of the order O,(y/log T/Th1). As
already noted in the previous subsection, this mirrors the fact that we essentially
have to solve a (d+ 1)-dimensional estimation problem. The bias part converges at
the rate O(T~"h~(@+7)) + o(h). Thus, in contrast to the standard strictly station-
ary case, an additional bias component of order T-"h~(@*7) shows up. As can be
seen from the proof, this additional component results from replacing the variables
X1 by Xt(%) in the bias expression. It thus captures how far the variables X
are from their stationary approximation X;(%). Put differently, it measures the
deviation from stationarity.

Note that the additional bias term converges faster to zero for larger r = min{p, 1}.
This makes perfect sense if we recall from Section 1.2 that r measures how well
X, r is locally approximated by X,(%): The larger r, the smaller the deviation
of X, from its stationary approximation and thus the smaller the additional

nonstationarity bias.
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1.4.5 Uniform Convergence Rates for NW Estimates

Using the results from the previous subsections, we can derive the following theo-

rem on the uniform convergence behaviour of the NW estimator in model (1).

Theorem 1.7. Assume that (C1)-(C6) hold and that (KA1)-(KA2) are fulfilled
for both Wyr =1 and Wyp = e . Let B and 0 satisfy equations (1.10) and (1.11),
and suppose that inf,cpo1)2es f(u,x) > 0. Moreover, assume that the bandwidth h

satisfies
¢rlogT
W = O(].) and

with ¢r = loglogT and r = min{p, 1}. Defining I;, = [C1h,1 — C1h], it then holds

that
logT 1
S, ) — m(u, :O<\/ h2). 1.14
USEEGS ‘m(u z) —m(u x)‘ P\\/ Thart + Trhd + (1.14)

The convergence rate in (1.14) is composed of analogous terms as the rate of

1
Trperr = )

the kernel density estimator in Theorem 1.6. Note however that the additional
nonstationarity bias is of the slightly different order T-"h~¢. The reason is as
follows: As already noted, the additional bias component results from replacing
the variables X; 1 by Xt(%) in the bias expression. Its order partly depends on the
smoothness of the terms that show up in the bias. As will be seen in the proofs,

this accounts for the slightly different order.

1.4.6 Asymptotic Normality

We conclude the asymptotic analysis of the NW estimator in model (1) with a

result on asymptotic normality.

Theorem 1.8. Assume that (C1)-(C6) hold and that (KA1)-(KA2) are fulfilled
for both Wyr = 1 and Wyp = ;7. Let B > 4 and T"h%™? — oo with r =
min{p, 1}. Moreover, suppose that f(u,z) >0 and that 0*(%,x) := Ele} p| Xex =

x| is continuous. Finally, let v > %2 to ensure that the bandwidth h can be chosen

d+5
to satisfy Th™> — 0. Then
VThi+ ((u, ©) — m(u, 2)) —= N(0, Vi).
Here, V,, , = k3 0% (u,z)/ f(u, x) with ko = [ K2(p)dep.

The above theorem parallels the asymptotic normality result for the standard

strictly stationary setting. In particular, the variance expression V,, , is very similar
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to that for the standard case. By requiring that 7"h%*2? — oo, we make sure
that the additional bias term which results from the nonstationarity of the model

variables is asymptotically negligible.

1.5 Locally Stationary Additive Models

In this section, we put some structural constraints on the regression function m in
the model .
Yor =m(z

In particular, we assume that for all rescaled time points u € [0, 1] and all points z

,XmT) + Et,T with ]E[Et,T|Xt,T] =0.

in a compact subset of R say [0, 1], the regression function can be split up into
additive components according to

d

m(u, z) = mo(u) + ij(u,xj).

J=1

This means that for z € [0, 1]¢, we have the additive regression model

d
t t .
]E[Y;t,T|Xt,T = l'] =My <?> + ;m]’(f, :Il'j). (115)

To identify the component functions in model (1.15), we introduce the density

function

I(x € [0,1]%) f(u, )
P(Xo(u) € [0,1]%)

together with the marginals p;(u,z?) = [ p(u,x)dz™7, where as before f(u,-) is

p(uv l’) =

the density of the strictly stationary process {X;(u)}. With these definitions at

hand, we can impose the condition that
/mj(u,xj)pj(u, 2 )da? =0 (1.16)

for all j = 1,...,d and all rescaled time points u € [0, 1]%. Note that this normal-
ization of the component functions varies over time in the sense that for each time
point u, we integrate with respect to a different density.

For each rescaled time point u, the additive regression function m(u,-) = mg(u) +
Z;lzl m;(u,-) can be characterized as the solution to an Ls-projection problem.
To see this, let u be a fixed point in rescaled time and define G,44(p(u, -)) to be the

class of functions ¢g : R? — R that are square integrable with respect to p(u, -) and
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that have an additive structure g(z) = go + g1(z') + ... + ga(z?) for all z € [0, 1]
with [ g;(w?)p;(u, w’)dw’ = 0 for j =1,...,d. The regression function m(u,-) at

time point u can (p(u, -) almost surely) be characterized by the projection equation

m(u,-) =  min / (m(u, w) — g(w))Qp(u, w)dw. (1.17)

gegadd(p(uv'))

Note that m(u,-) trivially minimizes (1.17) as under the usual smoothness condi-
tions, it belongs itself to Gaqa(p(u,-)).
We now define the smooth backfitting estimate

m(u, -) = mo(u) + Zm (u, ")

for some fixed u € [0, 1] as the solution to an empirical version of the projection
problem (1.17) with m and p replaced by kernel estimates m and p. Choosing m as
a (d + 1)-dimensional NW estimate and p as a (d + 1)-dimensional kernel density,

the backfitting estimator m(u, ) of m(u,-) at time point u is given as

m(u,-) =  min / (m(u, w) — g(w))Qﬁ(u, w)dw, (1.18)

gegadd(ﬁ(uv'))

where the minimization is done under the constraints
/fnj(u, w)p; (u, w’)dw’ = 0 (1.19)

for all j = 1,...,d. Note that (1.18) is a d-dimensional projection problem. In
particular, rescaled time does not enter as an additional dimension. The projection
is rather done separately for each time point u € [0,1]. This means that we fit a
smooth backfitting estimate to the data separately around each time point u.

By differentiation, we can show that the minimizer of (1.18) is characterized by

the system of integral equations

pjk(u 29 ")

5, (0, 2) —————~dx” — mg(u) (1.20)

mj(u, z7) = 1m;(u, z7) /rmc u, oF
k#j
together with [ m;(u, w?)p;(u, w?)dw’ = 0 for j = 1...,d. Here, p; and p;;, are
kernel density estimates given by

T

1

[O’I}d t=1

o ; t ) .
pj(u, ) = I(X,r € 0,1 K, (u T)Kh(aﬂ,xgj) (1.21)
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Dik(u, 2, o) = T[Ol ZI (Xer €10,1] )Kh<u %)

x K (27, X] ) Kn(2*, Xfp). (1.22)
In these formulas,

T
t
Tio,1)e = ; Ky (U, T)I(Xt,T € [0, 1]d)

is the number of observations in the unit cube [0, 1]¢, where only time points close

to u are taken into account, and

_ Kp(v—w)
fol Kp(s —w)ds

Kp(v,w)

is a modified kernel weight. These weights have the property that fol Kp(v,w)dv =
1 for all v, which is needed to derive the asymptotic properties of the smooth

backfitting estimators. Moreover, m; is a Nadaraya-Watson smoother defined as

i (u, 27) = ! Z](Xt,T € [0, Hd)K"(u’ %)

[Ovl]d t=1

X Kh(xj,XgT)n,T/ﬁj(u, z7) (1.23)

and the estimate mg(u) of the model constant at time point u is given by

o (1) = T[o » ;1 (Xor € [0,1] )Kh< T)Y,:,T. (1.24)

We now summarize the assumptions needed to derive the asymptotic properties of
the smooth backfitting estimates. First of all, the conditions of Section 1.4 must
be satisfied for the kernel estimates (1.21)—(1.24). This is ensured by the following

assumption.

(Addl) (C1)—(C6) are fulfilled together with (KA1)-(KA2) for Wyr = 1 and
Wit = err. The parameters $ and 6 are such that

p—4 B —-)—%—3}
g’ B+1

243
B>max{4, + S}

and 0= min{

and infu€[0’1}7$€[0’1}d f(u, ZU) > 0.
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In addition, we need some restrictions on the admissible bandwidth. For conve-
nience, we stipulate somewhat stronger conditions than in Section 1.4 to get rid

of the additional nonstationarity bias from the very beginning.

(Add2) Let ¢ = loglogT and r = min{p, 1} with p given in (C1). The bandwidth

h satisfies Th® — co. Moreover,

logT )
% =o0(1) together with T"h3 s 0o and T7Th2 — oo,

¢ logT
T9h2

restrictions ensure that 7771 = o(h?) and T-"h~' = o(h?). As will be seen in

Appendix C, this implies that the additional nonstationarity bias is of smaller

The condition = o(1) is already known from Section 1.4. The latter two

order than O(h?) and can thus be asymptotically neglected.

Under these assumptions, we can establish the following asymptotic results.
Firstly, the smooth backfitting estimates uniformly converge to the true
component functions at the two-dimensional rates no matter how large the

dimension d of the full regression function.

Theorem 1.9. Under (Add1) and (Add2), it holds that

, . logT
sup |1 (u, 27) — m;(u,2’)| = Op< ;gh? - hz) (1.25)
u,xd €Iy,

Secondly, the estimates are asymptotically normal if rescaled appropriately.

Theorem 1.10. Suppose that (Add1) and (Add2) hold. In addition, let 6 > 3 and
r > %, which allows us to choose the bandwidth h such that 7—‘[071}dh6 — 0. Then
for any u, 2, ... 24 € (0,1),

ml(”? xl) - ml(uv xl)

v/ Tio,jeh? : L5 N(0, V),

ma(u, 29) — mq(u, )

diag(vy(u, 2Y), ..., vg(u,x?)) is a diagonal matriz with entries

where V,, =
7) = Kgoi(u,27) [pj(u, 27) and ko = [ K*(p)dep.

vj(u,

The proof of Theorems 1.9 and 1.10 can be found in Appendix C.
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1.6 Application

To illustrate our estimation theory, we apply it to a sample of NASDAQ Composite
index data from the beginning of 2000 to the middle of 2011. For each day, our
sample contains the return and the so-called high-low range. The latter is defined
as the difference between the highest and lowest logarithmic price of a day. The
range is a measure of daily volatility and has a long history in finance. It has been
employed for example in the studies of Rogers & Satchell [38], Yang & Zhang [41],
Alizadeh et al. [1], and Martens & van Dijk [31].
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Figure 1.1: High-low range and returns of the NASDAQ Composite series.

In what follows, v, 7 denotes the logarithm of the high-low range and r; 7 is the

daily return. With this notation, we define the model

t t t
Yo = My (T) +my (T’ yt—l,T) + mQ(T’ 7“zt—l,T) + e, (1.26)
where Ele;r|yi—1.1,7—1.7] = 0 and the functions m; and msy are normalized ac-

cording to (1.16). Here, volatility is treated as an observed variable. We thus
neglect the fact that the range only approximates the underlying true volatility.
(1.26) can be regarded as a localized version of the model studied in Wu & Xiao
[40].1 Tt is very similar in structure to the volatility equation of a time-varying
EGARCH(1,1) model. Clearly the conditional volatility in an EGARCH model is
not identical with the daily range. However, following the argumentation in Wu &
Xiao [40], if there is a relationship between daily range and conditional volatility,
then the nonparametric fits of m; and my may help in appropriately specifying

the parametric form of time-varying EGARCH models.

'Wu & Xiao consider a model in which the component functions m; and ms do not depend on
time and the first component m is restricted to be linear. Moreover, implied volatility instead

of the range is used as a daily volatility measure.
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We fit model (1.26) locally around three different time points in our sample, choos-
ing the bandwidth in time direction to span approximately one year and a half.
As a result, we estimate the model for three different time periods, each spanning
roughly three years. We include the period from 03/2000 to 03/2003 which cor-
responds to the aftermath of the technology bubble and the events of 9/11, the
period from 11/2007 to 11/2010 which spans a great deal of the recent financial
crisis, and an intermediate non-crisis period from 11,/2003 to 11,/2006.

The estimation results are shown in Figure 1.2. The solid, dashed and dotted lines
are the nonparametric fits for the three different periods and the grey shaded areas

are 95% pointwise confidence bands. The fits are normalized according to (1.19).
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Figure 1.2: Estimation results for the additive model (1.26).

We have made several robustness checks. The first one concerns the choice of band-
widths. The bandwidth in time direction is handpicked rather than automatically
selected. Given this, the bandwidths with respect to the two covariates are selected
via a mean-squared error criterion. To check whether the estimation results are
robust against different choices of bandwidth in time direction, we have gradually
reduced the bandwidth to span only one year. This has virtually no effect on the
fits. Moreover, we have smoothly varied the time points around which the model
is estimated. As expected, this results in smooth changes of the nonparametric
fits. In particular, shifting the time points only by a couple of months does not
have major effects on the fits and preserves their qualitative form.

We now have a closer look at the estimation results in Figure 1.2.

e The estimates of my are fairly linear. Interestingly, the fit for the financial
crisis period (and presumably also the one for the period from 2000 to 2003)

is much steeper than that for the intermediate non-crisis period from 2003 to
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2006. This suggests that in more tense economic situations or crisis periods,
today’s volatility reacts more strongly to changes in yesterday’s volatility. Put

differently, the market is more sensitive to changes in volatility.

e The my-component is the news impact curve of the model. It captures how
return shocks influence volatility. The estimates suggest that the overall form
of the news impact curve is rather robust over time. Moreover, one can clearly
see the asymmetric form of the curve which has been reported in numerous

other studies before.

In the next step of our empirical analysis, we use the nonparametric fits of (1.26)
as a guideline to set up a parametric model. We choose a specification with a linear
my-component and a quadratic mo-component that is flexible enough to allow for

asymmetries. The model is given by

t t t
Yt, 7 = Mo, par (T) + M1 par (T’ ytfl,T> + M2 par <?7 7atfl,T> + &t T (127)
with
t t
ml,par(?a yt—l,T) =ax (T)yt—l,T
t ty o ty o
M2, par <?771t71,T) = ay (T)Tt_l,T[(th,T <0)+ a3<f>7}_17TI(7’t71,T > 0),

where a1, as and a3 are time-varying parameters. We estimate (1.27) locally around
the same time points as the additive model (1.26) using the same bandwidth in time
direction. The estimation is done by minimizing a least-squares criterion localized
in time. Rather than reporting the estimates of the time-varying parameters in a

table, we plot the fits of my par and mg s, in Figure 1.3.
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Figure 1.3: Estimation results for the parametric model (1.27).
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The fits of my par give a very similar picture as their nonparametric counterparts.
The estimates of Mg par, however, do not. In particular, they suggest that the news
impact curve in the intermediate non-crisis period from 2003 to 2006 substantially
differs from the curves in the two crisis periods. Figure 1.4 makes visible the

differences between the parametric and nonparametric fits of the news impact

curve.
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Figure 1.4: Comparison of the parametric function ms par (dashed) and its nonparametric

counterpart mg (solid).

As can be seen from Figure 1.4, the parametric estimates roughly capture the
overall form of their nonparametric counterparts. However, they are not flexible
enough to reproduce all important characteristics. In particular, the parametric
estimate for the intermediate non-crisis period strongly exaggerates the slightly
concave form of the corresponding nonparametric fit. This gives the impression
that the news impact curve in the non-crisis period drastically differs from that in
the two crisis periods.

The above considerations make visible an important shortcoming of the parametric
analysis: If the parametric model is not flexible enough, then the fits may spuri-
ously generate time-varying effects. Thus, the news impact curve may after all be

much more robust over time than suggested by many parametric specifications.

1.7 Concluding Remarks

We have studied nonparametric regression models which are a natural extension of
parametric time series models with time-varying coefficients. In these models, the
regression function is allowed to vary smoothly over time and the model variables
are locally stationary. We have developed a complete asymptotic theory for this

framework. Moreover, we have shown that the main assumptions of the theory are
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satisfied for a large class of nonlinear autoregressive processes with time-varying
regression function. Finally, we have introduced structured models where the
regression function splits up into time-varying additive components. Importantly,
estimation in these models does not suffer from the curse of dimensionality. This
makes additive models a flexible option in many applications in which the fully

nonparametric model is infeasible.

Appendix A

In this appendix, we prove the results on the tvNAR process from Section 1.3.
Throughout the appendix, we use the symbol C to denote a universal real constant

which may take a different value on each occurrence.

Preliminaries

Before we come to the proofs of the theorems, we state some auxiliary results

needed for the arguments later on.

Linearization of the functions m and o

Consider the function m. By the mean value theorem, it holds that

m(u,x) —m(u,z') = Z AT (u, z,2") (2 — ;)

j=1
with X
A (u, x,2") = / oym(u, x + s(z' — x))ds.
0

This allows us to write

t _ -
(3 Xt ) =, XU )|

< L] = o]+ o Xtot) = o X(H0)|
¢ d
< L — o]+ YDA (0 X 0. X X~ Xy (129
j=1

The term AT(u, X u), Xf:ﬁT) has the property that

A for ||| < K-
| A (u, XE= (), X124 )| < let=illoe < > (1.29)
’ §  for ||efloe > K
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with Ky = (Ky + M)/X and A > sup,,, |0;m(u,z)|. This can be seen as follows:
Using the abbreviations m,; = m(u, X!7;~%(u)) and m, ) = m(%,Xf:,f:ﬁT)

together with o, = o(u, X; 7/ "{(u)) and oy 7 = o (75, X} "4 "1 ), we obtain

X1 () + s(X[7f = X7 () oo
= max_ | Xk (w) + $(Xi—pr — Xir(u))]

=1,...

= max Mg + s(Merre — Muk) + etk (Tur + S(Oerr — Oug))l

> kr:n%.).(,dzkt_k‘ — M, (1.30)
as |myg + sz — myr)] < M and |oyx + s(orre — our)| > £ > 0. Now as-
sume that [|£}~{||c > K. In this case, (1.30) implies that || X;~{(u) + s(X;—{; —
X7 (u))||oe > K, for all s € [0,1]. Hence, the region over which the integral in
AT (u, Xf:{l(u),Xf:ﬁT) runs completely lies outside the area [—K;, K;]?. There-
fore, the integrand 0;m is always smaller than ¢ in absolute value, which imme-
diately implies that [A7(u, X{7{(u), X;~{ ;)| < 6. Now let |lej"{[lc < Ki. As
sup, , [0ym(u, )| < A < oo, the term |AT (u, X ), Xtt:f’T)| is always bounded
by A, in particular for ||e=%|, < K.

From (1.29), it immediately follows that A;”(u,Xtt:{l(u),Xf:iT) is absolutely
bounded by

A7) = Al(llei 1o < K2) +0I(Jle 1l > Ko). (1.31)

As will turn out later on, this bound is particularly useful, as its stochastic be-
haviour is solely determined by the vector of residuals (g;_1,...,¢_q).

Finally, using analogous arguments for the function o, we arrive at
d
o(u, ) — o(u,a') = 3 A (u,a,2/)(x, — 1)
j=1

with A7 (u, z,7') = fol 0;jo(u, x + s(x’ — x))ds. As before, we can bound the term
|AF (u, Xy (), Xi 71 )| by A1)

Recursive formulas for X;; and X;(u)

For the proof of Theorem 1.4, we rewrite X, in a recursive fashion: Letting

t—ko t—ko t—ko t—ko . .
T and e~ ke be values of X~ S and ,~ ks respectively, we recursively define the
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functions mf)T and JS% by

0 i—
:m(%’<et 17m1(€ )zflT(xi i— é d)

(0) —1—d t—i—d
+o,- z—lT(xt o er—im1, v 2)

(+1) ( t—i—1 _t—i—1—d\ _ (i) ( t—i . (0) t—i—1—d
O (et—l » Ly 9 )—‘7 T(et 1y T( o ")
(0) t—i—1—d t—i—d
T 0 i 1T(37t o C)etii1, Ty 2)

With this definition, we can represent X, r as

XtT:m()(‘gt 17‘tht zlf )+ ()(gt 1’X: zlf )Et‘

Moreover, for ¢ > d we can write

(%) t—1 t—i—d\ __ l (i—=1) / t—i t—i—d (i—-1) / t—4 t—i—d
mtT(et 1) Ly z—l) =m T y Ty 1T(€t 2Ly )+Ot lT(et 5 T i 1)€t1; -

(i—d) t—1 t—i—d (i—d) / t—i t—i—d
<My dT(et G- T iy) o dT(et 41Ty 1)etd
@) (=i t—i-dy _ [t (1) (oti pt=i=d (i—1) [ t—i t—i—d
Ut,T(et 10 Ty 1—1) =0 _’mtfl,T<€t 2y Ty 1)+Ut T(e Ty Ty )€1y

T
(i—d) t—1i t—z (i—d) —1 t—i—d
STy dT(et d—1>Lt— 1)+Ut dT(e d—17xt—i—1)€t*d .

Formulas for conditional densities

Throughout the appendix, the symbol fyw is used to denote the density of V/

conditional on W. In particular, fX |XImTHL —s y—s—d 1S the density of X, con-
t—1,T *~t— r’ —s—1,T

ditional on the variables X}~ f}l, g, and X7 fT with 1 <r <dand s > 0. If

the residuals €; have a density f., then it can be shown that

1 Ty —m
t—r+1 _—s _ t t, T
th,T|X: IJ’E‘lvat TvX—ss ii (:L‘t‘xtil 7€tir7w> o O't7Tf€( O-t,T ) (132)
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with 2, /77!, e, and w being values of X,r, X/7IH &5, and X~7¢

respectively, and

_ t—r+1 (t—r+s)/ —s (t—r+s)/ —s
myr = m(—, L1 My (e, 1, w) + O—r,T (e 1, W)er, ...

(t—d+8) —8 (t—d+8) —8
e My g (e % 1 w) + Oi_aT (e 4 1, w)et—a

t
_ t—r+1  (t—r+s) —s (t=r+s)/ _—s
T = ‘7( STy (€70 w) F oy (€5 g w)e, -

T

(t—d+s)/ —s (t—d+s)/ —s
sy My_gp (e %y 1, w) + Ot arT (e w)era).

Comments on assumption (E3)

We now show that (E3) is fulfilled for the class of bounded densities f. whose first
derivative f!is bounded, satisfies [ |z f.(x)|dx < oo and declines monotonically to

zero for values |z| > R for some constant R.

Proof. W.l.o.g. assume that R > Dy, D, and let d; > 0. We write

I:= /00 | f-([1 + dolz + dy) — fo(z)|dz

—(R+d1) -R R o0
:/ +/ +/ +/
—0 —(R+d1) -R R

= Lh+L+13+1

and consider the terms I, ..., I, one after the other. First,

—(R+dy1)
I = / | f2(Z)(dow + dy)|d,

oo

where 7 is some intermediate point between x and (1 + dy)z + d;. Note that for
all z € (—oo, —(R +dy)), it holds that z < —R and & < x + d;. Therefore,

—(R+d1)
I < / \fé(x—i—dﬂ\(ddw[—&—dﬂdw

—(R+d) —(R+d1)
= do/ |$fs'($+d1)|d$+d1/ | fl(x 4 dy)|dx

with

—(R+dy) —-R
(/ k%@+%Ww§/ (y — ) f(y)|dy

o0 — 00

—R -R
g/:wmmw+m[ F@)ldy < C(1+dy)

o0
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and

—(R+dy) -R
/ e+ dy)lde < / F()ldy < C.

From this, it is straightforward to see that Iy < Cp, p, (dy+d;) with some constant
Cp,.p, only depending on D, and D;. Analogous arguments yield that I,
Cpo.0,(do + dy) as well. Furthermore, it trivially holds that I, < Cd; and I3
Cpy.py (do + dy). This completes the proof.

VAN VAN

In the proof of Theorem 1.4, we will apply assumption (E3) to the following situa-
tion. Let o, 0’,m, m’ be constants such that —M < m,m' < M and X < 0,0’ <%

and assume w.l.o.g. that o < ¢’. Then

[ 1)

:/_Z s<%y+m;m/)—f5(y)‘dy
:/Z ([1+ U}erm;m/)—fe(y)‘dy-

/

We can now apply (E3) with dy =

Proof of Theorem 1.1

(i) follows by standard arguments to be found for example in Chen & Chen [3]. (ii)
immediately follows with the help of (1.32). For (iii), recall that Xf:ﬁT = X!74(0)
for ¢ < 1. This allows us to write the density of X/~ dT as

t—d—1

Pxicta /th ot oxpnelew) [T feled fgon g (w) dedw,

=1

here ¢ = e} nd the conditional densi -
where e = e, _, ; and the conditional density fXLf,Tléi_d_p

in terms of the error density f. with the help of (1.32). O

X+ (g) Can be expressed

Proof of Theorem 1.2
We use the triangle inequality to get
|XtT_Xt ’XtT_Xt< )‘ )Xt< )—Xt(u)‘

and bound the terms |X,r — X;(5)| and |X,;(%) — X,(u)| separately. In what

follows, we give a detailed exposition for the term | X, (%) — X;(u)|. The arguments
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for | X7 — X(%)] are very similar and shortly summarized at the end of the proof.
To keep notation simple, we use the shorthands X, ;, = X/, X, (u) = X[~ (u)

and g, = e~ We proceed in several steps.

Backward Iteration

Using the smoothness conditions on m and o, we can write
%,(7) - Xutw)| < | (1 + 1)
t\ T t\U)| = T u €t
d
m g t
+ ; (A7 + A7lel) [ Xy () = Xegw)|  (1.33)

with AT = AT (u, X, 4 (u), Xy (7))] and AT = AT (u, X, (u), X, (5))] as
introduced in (1.28). Iterating (1.33) yields

() i< -

V;,T,n (u) + Rt,T,n (U)

d
Vira(u) =C ' Z (A;? + A?J’Etlek;lojkD (1 + |5t—ZZ:ojk|)

d n
m g t
Rera@) = > L)+ 2 lesin ) |[Ximsion () = Xiospa @),

where jo = 0, AT = |A}7(u’Xt*Zi;lojrlm)’Xt*ZL;Bjrl(%m and A? is defined
analogously. In what follows, we show that

(R) Rirn(u) =50 as n— oo

(V) Virn(u) < Vir(u) with E[V,r(u)?] < C for some p > 0.

These two claims imply that

t t
‘Xt<f) - Xt(u)‘ < ‘T —u|Vir(u) as.

with variables V; r(u) whose p-th moment is uniformly bounded by some constant

C. Deriving an analogous result for the term |X; 7 — X;(%)| completes the proof.

Proof of (R)
Define Aj, == Algy s ;) with Ag,_) = Al([lgp—slloe < Ks) + 01 ([lgp—slloo >

K3) as introduced in (1.31). As shown in the preliminaries section of the appendix,



Appendixz A 33

AT < Aj and analogously A7 < Aj. Using the boundedness of m and o, this

allows us to write

d n
Rirp(w) < Ripi=C Y [TA (L4 le s, D1+ lesy )
iyeensdn=1I=1

If the terms A;, were bounded by a sufficiently small constant, then it would be
casy to show that R, ,, is contracting and converges almost surely to zero as n — oo.
In our case, however, the terms A; may become rather large, depending on which
values the variables E1-5 1 jum1 take. If too many of the terms A;,..., A; are
large, then R;,, will explode rather than converge to zero.

In what follows, we show that this problematic case is asymptotically negligible
in the sense that it almost surely does not occur. To do so, we exploit the fact
that A;, < 4, whenever ||§t_22;10]'k_1”00 > K. Thus, the problematic case that
too many terms A, ..., A, are large can only arise if ||§t72§€;10jk71||00 < K, for
too many indices [ =1,...,n.

We now introduce indicator functions which allow us to distinguish formally be-
tween the problematic case with Hét—zi;lo ir_t1lleo < K for too many indices and
the complementary unproblematic case. This is done as follows: The term R,

depends on the residuals €;_1,...,&;_,q. These can be split up into n blocks of d

t—1d
t—(1—1)d—1

For each block [ =1,...,n, we define the indicator functions

successive variables, 1.e. into random vectors g,_;_1)y = € fori=1,...,n.

I <= ](|5t—(l—1)d—i| < K, for some i =1,... ,d)

5

Ilcé = [(lgt—(l—l)d—i’ > Ky for all 1 = 1,... ,d),

where evidently [; < + If. = 1. Additionally, let ny = [%] and define

ng nq
[n:I<ZIl,§>/md) and Iﬁz](ZIﬁSZ(l—n)nd),
=1 =1

where k is a constant with 0 < k < 1 to be specified later on. Note that again
I, + It =1 holds.

The two indicator functions /,, and I¢ allow us to discriminate between the prob-
lematic and the unproblematic case. In particular, I, = 1 represents the case in
which ||§t—2§;10jk—1||00 < K, for too many indices, whereas I = 1 indicates the
unproblematic case. More specifically, if I¢ = 1, then at least [(1 — k)ng| among
the n terms Erosit i1 have a supremum norm larger than K5. This can be seen

as follows:
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(1)

(2)

If I¢ equals one, then among the first n, blocks of residuals there are at least

[(1 — k)ng]| blocks in which all elements are larger than K, in absolute value.

Regardless of whether I, equals zero or one, each vector g, s , either

coincides with a block of residuals or it covers part of two Succeslsive blocks.
Moreover, for any tuple (ji, ..., j,) of indices, at least ny among the n vectors
Eryi1 41 have an element in common with one of the first ng blocks of
residuals. These vectors can be chosen such that a different block corresponds

to each vector.

Combining (1) and (2) yields that for any tuple (ji,...,J,) of indices, there
are at least [(1— k)ng| among the n terms &_yy-1 j,_y that have a supremum
norm larger than K, if IS = 1. Hence, at least [(1 — k)ng| terms among

Aj,...,A; are bounded by ¢ if IS =

We now use the indicators I,, and I, to decompose the variables R;,, into two

parts:

In order to handle the term R

Z HAJL 1_'_ ‘5 —>hh g D (1+ ‘Et—zzzojk‘)

+C[C Z HAﬂng -t s DU leesr )

t.ny We show that

iﬁb(ﬁ’,ﬁ}g > %) < o0, (1.34)
n=0

where {¢,} is any null sequence with ¢, > 0 for all n. By the Borel-Cantelli

lemma, this implies that Rglg 2% 0 as n — oo. To prove (1.34), we write

]P(Rglr)b > d)n) <P(I, > 0) (Z[K > md>

nd
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with ko := k — E[;<]. As the variables ¢; have an everywhere positive density
by assumption, the expectation E[]; <] is strictly smaller than one. We can thus
choose 0 < K < 1 slightly larger than E[, <] to get that 0 < kg < 1. As the
variables I; < — E[I, <] are independent for = 1,...,n, we can apply Hoeffding’s
inequality to get

nd

P(Z(Il,g —E[L<]) > /‘fond> < 2exp ( - H(%Qnd)

=1

Putting everything together, we obtain

/i%nd

2

PQ$3>@032@®<— )gcyl (1.35)

with some constant 7 < 1. This shows (1.34).

The term R () is easier to handle. It is unequal to zero only if I7 = 1. Recalling
(1)—(3) from above we thus have the following: Whenever R . # 0, for any tuple
(41, -, Jn) at least [(1—k)ng| of the n terms A;,, ..., A; are bounded by 6. Note
that there are (((ljfi)ncﬂ) possibilities to pick [(1— k)ng| out of n terms. Moreover,
by Stirling’s formula, it holds that

((U-—ﬁﬂnd1> < (n72> <o

These considerations yield that

d n
R(2 =C Z [ Z HAJZ L+ e,_ oy ‘)(1+ ‘Et_zzzojk‘)}
..... jn—l J1seein=11=1
<C Z 2n +E‘ 0,))[(1 K)ng] (A( +E|€0|))n [(1—r)ng]
..... ]n—l
< C[2d 5 AT (14 Eleg))]" <47, (1.36)

where the constant v can be chosen strictly smaller than one if

d

5<(MAP%ﬂ1+Emm)1*. (1.37)

Choosing ¢, = n~P with some p > 0, this implies that

]P(Rtn > ¢n) S
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with some constant v < 1. Thus, Y >, P(Rtn > ¢,,) < 0o and the Borel Cantelli
lemma yields Rizn) 2% 0 as n — oo. This completes the proof of (R).
Note that under our assumptions, an even stronger result than (R) holds. In

particular, there exists p > 0 with
E[(Rezrn(u))’] < CH" (1.38)

for some fixed 7 < 1 and C' < co. We show (1.38) for some 0 < p < 1. For the
proof, we again use the bound R;r,(u) < R;, and show that E[(R:,)"] < Cy™.

In (1.36), we have already seen that IE[R ] < Cv™ with v < 1. It thus remains to
show that E[(R( )?] < CH™ for some 0 < p < 1. Letting ¢,, = (dd)"™, we can write

B[R] = B[ROV IR < 6,)] + E[(RINI(RY) > ¢,)].

First note that E[(Rg,z)pl (Ril,z < ¢n)] =0, as Rt(l,z can become strictly smaller
than ¢, only if I,, = 0. Furthermore, applying the Cauchy-Schwarz inequality
together with (1.35) yields

E[(RI)PI(RY) > ¢,)] <

with some constant 4 < 1 if p > 0 is chosen sufficiently small. This shows (1.38).

Proof of (V)
We next turn to the variables V; 1, (u). First note that V; r,(u) < V. r(u) with

Vir(u cz Z H (AF + A7 e, s D (L ey al).

r=0 j1,....5r=11=1

Similar to before, we have that V; r(u) <V, with

Vi= OZ Z HAaz Lt ey s s ) (U leesygil) = D R
r=0

r= 0.71 ----- ]7711 1

Letting p < 1 and using the fact that E[(R;,)?] < Cv", we obtain that

EVf] <> E[(Rin)] <CY 7 < oo

As a result, B[V (u)] <E[V/] < C.
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Outline of the arguments for | X, 7 — X¢(%)|

Similary to before, we can derive the expansion

‘Xt,T_Xt<%>‘ %WtTn+RtTn
with
W =S 3 {z]ln A+ ATle, g ;)] (U ey )

r= 1]1, LJr=1 =1

m ag t
Rerp = Z H A + A7 e, >t dk ‘Xt—Zzzljva_Xt—ZZ:m (f) ’

J1ygn=1 =1
where now AT = AT (£, X, st g £),X, st ;1) and A7 is defined anal-

ogously. By the same arguments as above, we can show that

t C
‘XYZT - Xt <T> ‘ S TWt’T a.s.

with variables

WtT—Z Z [Z H Am+AU|€t El 1 |)](1+|5t—22:0jk|)7
=1 =1

r= 1]17 SJjr=1

whose p-th moments are uniformly bounded for some p > 0. O

Proof of Theorem 1.3

Throughout the proof, we use the following notation: z; and y; are values of
the variables X;_;(u) and X;_4_j(u) for j = 1,...,d. Moreover, we write z =

(x1,...,2q) together with y = (y1,...,yq) and define

F, : distribution function of Xtt:;fl(u)
F,,: joint distribution function of Xf:jfl(u) and Xtt:jfl(v)
fu(z) : density of X!=¢(u) at
fu(zly) :  density of X/~{(u) at z conditional on X3¢ (u) = y.

In addition, we let f,; = fu(z;|lzjs1,..., %4, %1,...,y;) denote the conditional
density of X;_;(u) given X~ jj (). Note that

IS

Qj‘y H $j|$j+1,.--,«Tdayla---ayj)'
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Moreover, the conditional densities f,; can be expressed in terms of the error

density according to

1 T — muj>
u,j — : s 1.39
fui = I (- (1.39)
where we have used the shorthands m,; = m(u,(xj41,...,24,y1,...,y;)) and
Ou; =0, (Tjr1,- - Tays Y1, - -+, Yj))-

With this notation at hand, we can now analyze the term |f,(x) — f,(z)|. Let-
ting z = (21,...,24) be some value taken by the random vector (X; 4 1(v),...
., Xi—24(v)), it holds that

) = 1) = | [ Flaln)bln) = [ flalo)db (o)
= | [ [ulal) = £lal2)] P2

L. (S Tl — o) T fuo] o0

k=1 j= Jj=k+1
d
<3 / Fur— FoaldFuns2) = 3" QE @)
p—1 /R k=1

where the third line is by a telescoping argument and the fourth line follows from

the boundedness of f.. Furthermore, using the boundedness of m, o, and f. yields

1 T — My 1 Tp — My,
o [ L (g
R v

Ou,k Ou,k Ok

<o [ () (o

u,k
+ C ‘Uu,k: - Uv,k‘dFu,'u<y; Z)
R2d

= Qu(2) + Qui(@).

Exploiting the Lipschitz continuity of f. together with the smoothness conditions

on m and o, we obtain

(3@) < Ot faul) [ (fu= ol + o = 1]+ e = ) a2

= C(1 + |zx]) <|u —v|+ ZE|Xt—d—j(u) - Xt—d—j(U)D

and analogously
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(@) < C<|u — vl + iE‘Xt—d—j(U) — Xt—d—j<v)|).

=1

As an intermediate result, we have thus shown that
Ful@) = fo@)| < CO+ el (Ju— o] + E[Xu(w) - X(0)]),  (1.40)

where C' < oo is some sufficiently large constant and || - ||; denotes the usual
l;-norm for R%valued vectors.

In the remainder of the proof, we derive a bound for the expression E|X;(u) —
X;(v)]. As shown in the proof of Theorem 1.2,

‘Xt(u) — Xt(v)‘ < |u —v|Us(u,v)

with random variables Uy (u, v) having the property that E[U;(u,v)?] < C for some
p > 0. Letting ¢ be a constant with 0 < ¢ < p, we arrive at

E‘Xt(u)_)(t(v)‘:E[‘Xt(u)—Xt(v)‘I<Ut(u,v)g C )}

u — vl

+ E[‘Xt(u) — Xt(v)‘]<Ut(U, v) > [ fv|q>]

=: E1(u,v) + Ea(u,v)

with

Ey(u,v) < |u— | E[Ut(u,v)I(Ut(u,v) <

~ Ju =l

) = Clu—ve

Moreover, since | X;(u) — Xy (v)| < C(1 + |g|) and

a1 (vt > 55 < Bl (e ) 10w > 555

S C|U - Ulqpa

we can apply Holder’s inequality to get
Es(u,v) < Clu—v|" (1.42)

for some r > 0. Plugging (1.41) and (1.42) into (1.40) completes the proof. O
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Proof of Theorem 1.4

To start with, note that the process {X;r} is d-Markovian. This implies that
Bk) = supsup B (o(X{Zy7""), 0(Xi1q 1 1))
TEZ tel

with

Blo(X{Tir™ ), 0(Xiaar)) =E sup [P(C) = P(Clo(X; 57" )]

CEU(Xf+d—1,T)

In the following, we bound the expression [P(C) —P(C|o(X}” ,’de+1)| for arbitrary
sets C' € 0(X{, 4 1) Aswill be seen, this provides us with a bound for the mixing
coeflicients B(k) of the process {X; r}.
We use the following notation: Throughout the proof, we let z;;, xt 41, € and
z be values of Xyyjr, X/, p, e, and X[Z7 ", respectively. Morcover, we
use the shorthand

d
fg(o:ty T( 2) = th+J r|X{

Finally, note that by (1.32), the above condltlonal density can be expressed in

k+1 t— k d+1 T T €,z
i 1T75t X ( tﬂ’ t+j—11 )

terms of the error density f. according to

1 Ty — My i(2)
feond f5< j — M, ) 1.43
o 5 LAk S o (1.43)
with
t+9
murg(2) = m (L b miE T 2) + o T e

(k—j+d—1) , t—k+1 (k—j4+d=1) / t—k+1
t+j—d,T ( t+j—d—172)+0t+j—d,T ( t+j—d—1> )et+j d

t+7
_ t (k=2) / _t—k+1 (k=2) / _t—k+1
orr(2) = 0<_T » Upgj—15 mt—l,T(et—Z ,2) + Ut—1,T(€t—2 s 2)et 1,

(k—j4+d=1) / t—k+1 (k—j+d—1), t—k+1
t+j—d, T (6t+jfd717 z) + Ottj—d,T (6t+jfd717 Z)eryj-d)-
(k=2) _(k—2) : : :
The recursively defined functions m;" 7, 0,~, 7, . .. were introduced in the prelim-

inaries section of the appendix. With this notation at hand, we can write

P(C) = /I(:v € C)ththlyT(x)dx

/ (1’ € C)th t—kt1 XI- k d+1 I‘|6 4 Hfa €1 th k d+1( )dedzdx

d—1

- /I(m e(C) ;’(OtflsT er et th 5 d+1< Ydedzdx

J=0

t+d— 1T‘€
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and similarly

P(Clo(X{57")
Xt k—d+1

=E[I(X{14-1r € O)X” k,T ]

= E[E[1(X{qr € O XIi7 ]| X1 }

/ (x € C)fye R T d+1(x\e X Hfg(et,l)dedx
=1

t+d—1 T
k—1
/ zeC) H £ (XY T fe(err)deda.
=1
Using the shorthand X = X/~ de“ we thus obtain

[P(C) — P(Clo(X ))!

- ‘/ red) [ gaicalT SEIET } Hfs er—1) fx(z)dedzdx
/ / ) ch?ﬁT H fCOtTJIT X)‘dﬁ} 1:[ fs(et—l)fi(z)dedz,
=1

We next consider (x) more closely. First note that by a telescoping argument

cond cond
Xt+]T Xt+JT
d—1 1—1
H cond cond ( ) cond Cond
- z : Xt+JT Xt-HT Xt-HT Xt+jT
1=0 j=0 j=i+1
Using this together with Fubini’s theorem, we obtain that
d—
cond Cond cond cond
SZ/[HfW p o) gt 0 TT st )]
1=0 J=t+1
d—1
cond
- / / / H Xt+7T 2)dTpia-1 - dt+i+1}
1=0 Jj=i+1
cond cond cond
Xt+l T Xt+ T |d:ct+z:| Xt+ T dajt+171 P dq:t
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d— i1
<> / [ [t 0 - st ol [T 520, ()i i
i=0 7=0
::(**)
(1.44)
where the last inequality uses the fact that [ H i +1 )C(‘ffjl A(2)driig . digig s

a conditional probability and thus almost surely bounded by one. Applying (1.43)
together with (E3), it is straightforward to see that

= [ ()L (e mnldOy,

Ot T Ot Tz(Z) Ot Ti\A Ut,T,z(X)

< C(}mt,T,i<Z) my (X ‘ + ‘Uth(Z) — Ut,T,i(K)‘)

< C@M +25) (|mera(2) = muga(X)] + onra() - oura(X)]) s (1.45)

where p is some constant with 0 < p < 1. Iterating backwards n < LEJ times in

the same way as in Theorem 1.2, we can further show that
‘mt,T,z’(2> mi 1, (X ‘+|0th Z)_UtTi(X)|

= CZ Z HAam L+ lesma; DA+ lesyp 5), (1.46)

J1=1j2,....jn=1m=1

where A; = A(gt_zmljl_l) as defined in (1.31). In particular, note that A;
only depends on the residual values e TR TERRI NS S PR Plugging (1.46)
into the bound (1.45) for (x) and inserting this into the bound (1.44) for (x), we

arrive at

() <c( Z T 200 (1 fepog D+ e a))

J1yejn=1m=1

As a consequence,
[P(C) — IP’(CIU(X))\

<C’/ Z HAJm 1+ e, Zm11j1|)(1+|6t s ) )pre er)de

J1ses Jnlml

:CE[( Z HAgerat sp D@+ ey, i)

77777
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Using the arguments from Theorem 1.2, we can show that for p > 0 sufficiently

small,

= > TT 800+ g+ s )] <7

with some positive constant 7 < 1. Choosing n = LQ—’ZJ for instance, we thus obtain
that

[P(C) - P(C|B)| < Crldal < 3+

for some constant 4 < 1. This immediately implies that 3(k) < 7. O]

Appendix B

In this appendix, we prove the results of Section 1.4. Asin Appendix A, C' denotes

a universal real constant which may take a different value on each occurrence.

Auxiliary Results

Before we come to the proofs of the main theorems, we state some auxiliary results
that are needed later on. The first two lemmas describe the asymptotic behaviour
of Riemann sums that frequently show up throughout the appendix. The proofs

are straightforward and thus omitted.

Lemma B1. Suppose the kernel K satisfies (C6) and let I, = [C1h,1 — Cyh].
Then for k =0,1,2,

ThZKh@_% 5 / (= <T¢>kd¢‘:O<TLh2>'

Lemma B2. Suppose K satisfies (C6) and let g : [0,1] xR = R, (u,z) — g(u, )

be continuously differentiable w.r.t. u. Then for any compact subset S C R?,

%;Kh(U— %)9(%7Q3> —g(u,x)‘ = <T22> +o(h).

The next lemma is needed for the proof of Theorem 1.5.

sup
u€ly,

sup
uEIh,IEES
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Lemma B3. Assume that (KA1) and (KA2) hold and that the kernel satisfies
(C6). Then for any compact set S C R?, there exists a constant © = O(S) < oo
such that for T sufficiently large,

Var(i(u, 7)) <
uniformly for u € [0,1] and x € S.

S}
Thi+1

Proof. Throughout the proof, let u € [0,1] and x € S. Moreover, define S® =
{x eR?: ||z — G| < C1} with ||z — 5| := mingeg |7 — y||oo and write

. . 1 &

1/}(U, I) - EW}(U?I)] = W Z (Zt,T(u7x) - E[Zt7T(u7 JZ)D

=1
with

d
Zt,T = Zt,T(U, l’) Ky (U - —> H tT WtT

With this notation,

-1
~ 1

Th* Var(v(u, 7)) = Tha+1 ZVar (Zer) + hd—f—l Z

=1

=: Vi(u,z) + Va(u, x).

T
Cov(Zir, Zivir)
1

t=

Following the arguments in Hansen [17], we first derive some preliminary bounds
using (KA2):

(1) For 1 <r <s,

B Worl"|Xor = alfx, () < BIWerl [ Xir = 2])* fx,.0(2)
< (E[|Worl’| Xer = 2] fx, . (2 ))EthT( )=

B1(8S)By(S).

IA

(%) For 1 <r <s,

d
Bl|Z,r ) = K} (1w~ 2 )E[T] K1 — XiBIWor ]| Xe]

j=1
d
t . .
=5 (u- 1) [ TR = 0 BIWorl 1 Xer =l ()
T R4

= h'G(u—2) [ KO EIWarl [Xir = o = byl fx, oz = o) dio
R N v

TV
<B1(S*)Bo(S*®) by (*1) for T sufficiently large
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(x3) Forl >1,

E[ZirZii7)

—Kh<u—T>Kh(u—t—+l> [HKh lj Xloir)

E[th,THmH,ﬂ\Xt,T,XHz,T]]

d
t t+l
:Kh<u—f)Kh u—— /Rld/RdHKh —’UJ HKh —w]

“WtTHWt—i-lTHXtT =0, Xerr = W] fx, . x000 (0, 0) dodw

<By(S*) for T sufﬁmently large

< CKh<u — %)Kh (u — tTH>h2d.

We now bound the covariances Cov(Z, 7, Zi1ir): Let 77 = [(logT)"*h~?] and
distinguish between two cases:

(%4) Let I < 7p. Then by (x2) and (x3),

|C0V(Zt,T7 Zt+l,T)} = |E[(Zt,:r’ - E[Zt,T])(Zt+z,T - E[Zt—i-l,T])] |
<E|\ZirZiur| +E|Zi7|E| Zit) 1]

< CK, (u _ ?>Kh (u _ %) B2

(¥5) Let I > 7p + 1. Then by Davydov’s inequality and (x3),

|Cov(Zur, Zipar)| < Ca(l)' =5 (B| Zur|"E| Zipir ")

< Ca(l)! sKh<u . f)Kh@— %H)h
< orrle-H+ea-dig, (u - f)Kh (u . %)h

with some constant 6 > 0. The last inequality follows from the assumption

that 8 > % This means that there exists 6 > 0 with § = 258—__22 + 6. Thus,
a(l)1=2 < 0= < -le-2+50-2)]

We are now in a position to bound Vj and V5. Using (x3), we obtain

o Z
Vi(u,z) < Thd+lZEZtQT§T_§ (u——)ﬁC’
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uniformly in u and z. Further, applying (x4) and (x5) yields

17—

T
Va(u, z) hd+1 Z
=1

I
Cov(Zyr, Ziyir)

t=1

T—

T l T-1 T-I

hd+1<ZZCOV Zir Zea) + Y. D CovlZur. Zir))
=1 l=rp+1 t=1
C T T—1 " t+l
2d
=~ Thd+1 Z;K}L(u_—>K}L<U—T>h
C — — t t+ 1N 24
_ _ YA 25412
rin £ e Bl
=77 =

= ‘/2,1(u7 17) + ‘/2,2(11'7 ZE),

where

d T

|V21(ux|<0 ZThZKh<u——>Kh(u—t—;l>

J/

—~
<C' uniformly in u and [

< Crph? = (logT)™' = 0.

In order to bound Vs5(u,x), we make use of the fact that for n > 1 and k > 1,
St g TS [ e = ’i}l%f This implies that

T-1 1-[2-2)+6(1-2)]
[-le=H+s01-2)] T
2=+ -3 -1

< Chd (IOgT) (1— [(27*)+5( héd(lfg) )

J/

TTJrl

-

=:q7—0
Using this, we obtain
he t+1
o [(2 _ - _
Vaa(u, @)l < O55 Z a ThZKh<u )Kh<“ T )
l TT+1 .,
<C uniformly in v and [
S CqT — 0.
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Proof of Theorem 1.5

The proof extends Theorem 2 of Hansen [17]. Define
B={(u,z) eR*" :ue[0,1],2 €8} and 77 =psT>

with pr slowly diverging to infinity as 7" — oco. To simplify the calculations in

B d
later parts of the proof, we choose pr = (logT')7+5 5 QS( +5m with ¢7 = loglog T
Defining
1 I\ 1
d(u,2) = oy > K (u = ) TTKula? = XIo)War I (War] < 7r)
t=1 j=1
1 I\ 1
do(u,2) = o h(u - T> [ Kula’ = X{ o) Wil (Wi > 7r)

“
Il

—
<
I

A

we can write

Y(u,x) = E[(u,2)] = ($1(u,2) = E[dn (u,2)]) + ($a(u, 2) — E[d(u, 2)]).

In what follows, we analyze the two terms on the right-hand side. We proceed in

several steps.

Step 1: Truncation
With B = [0,1] x S and ar = 1/ 7°%1, it holds that

IP’( sup |1/A)2(u,x)| > C’aT> < P(\Wt’ﬂ > 7p for some 1 <t < T)

(u,z)EB
T T |W |
S ZP<|Wt’T| > TT Z [ 2N |WtT| > TT)
t=1 t=1
T
<7 Y EWer|” < CT7° = pp* — 0
t=1
and

. 1 <
E|¢2(u,x)’§WZK (u——)/ HKh I — )
=1

X E[lm,T|](|Wt,T| > Tr ‘Xt,T = w} th’T(w)dw

1 & t d
~ g Ki(u—) [ II%
t=1 7j=1
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X E[|WtT|1(|MT| > 70)| Xer = @ — ho| fx, o (@ — hep)dp

< hZKhu— Sl/RdHK

X E“Wt,ﬂ I(|Wip| > |Xt7T =7 — h(p] fx,r(x = he)dp

-~

<Bi

1 & C
—(s— _s—1
T 2K (w0 2) € 5 = O T < Can

| A

T

<C umformly in u

with a constant C' that does not depend on (u,z). Hence,

sup |1/A12(u,x) E@Z)g U, T | = Op(ar).?
(u,z)EB

Step 2: Discretization

We cover the region B with N < Ch~(@q ("™ balls B, = {(u,z) € R*! :
|(u, ) = (tn, ) ||oo < arh} and use (un,x,) to denote the midpoint of B,. Now
let K*(v) = CH;I:O I(Jv7] < 2C4) for v € R4 and note that for (u,z) € B,,

d d
t . . t . .
‘Kh (U — ?> HKh(x] - Xt],T) - Kh <un - T) HKh(CC% - Xi,T)‘
j=1 J=1

. /
<ark; (Un — 7 n T Xt,T)

with Kj(v) = K*(3). Defining

T

. | o

Yi(u, ) = Thar ZKh (U T Xt,T>|Wt,T|](|m,T| < 7r)
=1

and noting that E|¢; (u, z)| < C' < oo, we thus obtain

sup Wl(u,x) — ]Eg@l(u,m)’
(u,z)EBy

S |1[}1<un; xn) - Elﬁl(umxnﬂ + aT("&l(umxn” + E‘&l(unaxn)b
S |¢1<un7 xn) - E'@l(unaxn)l + ‘&l(umwn) - E&l(unviﬂn)‘ + 2CLT]\4

2Hansen [17] uses the more slowly diverging truncation sequence 77 = a;l/ =1 He shows that
with this choice of 77, it holds that [¢)2(u, z) — Ego(u, x)| = Op(ar). It is however not clear at
all whether sup,, ,, |thy (u, ) — Eapy(u, z)| = Op(ar) in his case, which is needed for the proof.

To ensure uniform convergence, we have set 7p = ppT/*.
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for any M > E[¢; (un, x,)|. As a consequence,

IP(( sup }ﬁl(u,x) - E@/A)l(u,x)| > 4MaT>

u,x)EB

- . o

< ng}lang}P( (ufcl)lan wl(u, x) E¢1(u,x)’ > 4MaT>

< nglaSXNIP’(Wl(un,xn) — E@/Jl(un,xn)‘ > MaT> (A)
+ nglagﬁP(Wl(umxn) — Ezﬂl(un,xnﬂ > MaT). (B)

As the terms (A) and (B) can be bounded in the same way, we restrict attention

to (A) in what follows. We use the notation
) . R
Vi, @) =B (u,2) = g > Zia(u,x)
t=1

with Zy 7 (u, ) = K (u—£){[17_; Kn(a? = X] ) WerI((Wer| < 77)—E[[[1_, Kn(a?
=X} )W, rI(|Wir| < 7r)]}. Note that for each fixed (u, x), the array {Z; r(u, )}

is a-mixing with mixing coefficients a2 satisfying o (k) < a(k).

Step 3: Bounding (A)

We now bound (A) with the help of an exponential inequality by Liebscher (see
Theorem 2.1 in [27]).

Lemma (Liebscher). Let Z; 1 be a zero-mean triangular array such that |Z;r| <
br with strong mixing coefficients a(k). Then for any € > 0 and Sy < T with
g > 4STbT,

T 2
€ T
]P’(’E Zt,T’ >g> §4exp(— )—|—4—a(ST),
— 640§T’T% + §€bTST St

o
where 0% p = SUPg<jer_1 E[(Z?i?fﬁ ™ Zr)?).

We apply this exponential inequality as follows to our situation:

e As we are interested in bounding the term

P(‘i[}l(u,m) — Bty (u, x)‘ > Mar) = P()#iZt,T(u, x)‘ > MaT>
t=1

T
- ]P(’ Z Zyr(u, x)‘ > MaTThd+1>,
t=1

we choose ¢ = MapTh*t!.
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o As |WirlI(|Wir| < 7r) < 77 and Kjy(u — %) H;lzl Ky (27 — th,T) < C, we have
that
|Zt7T(u,x)\ S 2TTO = bT.

e By Lemma B3, 0%, < ©Sph®™ with a constant © independent of (u, z).

e [t remains to choose St in a suitable way. The exponential inequality of Lieb-
scher reads

2

T
€ T
JP’(‘ E Zt,T(u,x)‘ > 5) < 4exp ( — ) +4—a(Sr)
— 640%, r5; + 5ebrSr/ St

.

—(+)
with

M2CL2 T2h2 (d+1)
() = exp ( — L )
64@5Thd+1% + 1GC€TTST
( M?Th®*1ogT >
= exp
64@Thd+1 + 160€TTST

If we choose Sr = aT TT , then the second term in the denominator becomes

1 1 16C
6TO8TTST = 6?C(]\46LT7716H17'TST = TMThdJrl

and therefore

M?log T S
(*) = exp ( — #> =T 640+3MC
646 + S0 C

Hence, we choose Sr = ay'm;".

It is straightforward to see that with these choices, the conditions needed to apply
the exponential inequality of Liebscher are fulfilled. For any fixed (u,z) and T
sufficiently large, we now get

/—\

by (u, ) — By (u, :1:)‘ > MaT>

g2 T
<4 +4—a(S
=P ( 640 Srhit1 L + sSTbT> STO‘< 7)
M?logT
4—AS p
xPp ( 640 + 16MC> Sy
MlogT ~1-8

< _ 2%
_4exp< 64+6C') +4ATS,

M _ -1-8
— 4T 51560 + 4AT S 7
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where we have chosen M > © to get the last inequality. Recalling that N <
Ch_(d“)a;(dﬂ), it follows that

IP’(( sup |1/}1(u,x) — By (u, )| > 4MaT> < O(Rir) + O(Rar)

u,x)EB
with
Ryp = h_(dﬂ)a;(dH)T_ezxi%
Rop = h—(d—i—l)a;(d—kl)TS;l—ﬂ'
As ‘fﬁ} }l‘ﬁ? = o(1) by assumption, we obtain
Rip = h_(dﬂ)a;(dH)TiW% - 0<¢Ti)9g T) (?ofgl;)d;lT% T

for some small n > 0, if we choose M large enough. Furthermore,

Rop — hf(d+1)a;(d+1)T(aT7_T)1+B

_ <¢T log T) 1+%T17%+1tﬂ
hd+1

B=dy,q_B=d 1+
— O(T9(1+ ) )+1 5+ )

s

By our assumptions on ¢ and f, it holds that Rer = o(1). This shows the result.
O

Proof of Theorem 1.6

We split up the term f(u,z) — f(u, z) into a variance part f(u,z) — Ef(u,z) and

a bias part Ef (u,z) — f(u,x). For the variance part, we immediately obtain

A s B log T’
i M)~ )] = O )

by Theorem 1.5. The rate of the bias part can be derived as follows: As the kernel

K is bounded, we can use a telescoping argument to get that

) HKh(JCJ — XZT) — HKh(a:j — th(%))‘
ST X - 3t - s - i) TT s - 3
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Moreover, exploiting again the boundedness of K, there exists a constant C' < oo
with [ Ky (a* — Xb7) — K (a% — XF(F))| < ClKy(a* — Xip) — Kn(a* — X))

for r = min{p, 1}. Hence,

<O Bk — XPp) - K (a* = XF(4)[ (1.47)

Using (1.47), we obtain
B (u, ) = f(u, )]
T d
<o (e~ el Tt x|

s 0o el [T ot 3149 - 10

=: Bi(u,x) + Ba(u, x).

Since K is Lipschitz, |Xf, — XF(%)| < SU.r(%), and Uy r(%) has finite r-th
moment, it holds that
r C

< Foparr

C < N
Bl(U,I) S W;Kh (u —_ T) ;E‘ﬁUt,T<%)

uniformly for v and x. By the smoothness conditions on f,

By(u,z) = ‘%i[@(u— %)f(%,x) —f(u,x)’ +o(h)

uniformly in v and x. Moreover,

e~ ) (5) ] 0(z5) o
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uniformly in v and x by Lemma B2. Hence,

swp|Ef(u, ) = flu,2)] = o(h) + O 1 )

uely,xeS Trhd+r
O
Proof of Theorem 1.7
We write
% ~B
() = mlu,z) = 0D | LD oy
fluz)  f(u,z)
1 R o
= (9" (u,2) + §°(u, x) — m(u,2) f(u, 7))
flu, z)
with
v 1 t ;
g (u,x) = Thir ZKh<U — T) HKh(x — X r)ewr
- iy
B 1 I\ 1 o t
g° (u,x) Thd+1ZKh<u_f>HKh(x —XtT)m<T,XtT)
- iy
(a) By Theorem 1.5 with Wy = &, 7,
log T’
q" =0 —— .
] (V)
(b) It holds that
sup ‘QB(UVT) —m(u,x)f(u,x)
u€el0,1],z€S
R p logT
~ Bl (u,2) = m(u,2)f(w,2)]] = Oy (\/ 7 )
This follows by applying Theorem 1.5 to the term §”(u, ) — m(u, m)f(u, x) =
# ZtT=1 Kp(u— %) H?;l Ky (27 — Xt],T){m(%v Xer) —m(u, )}
(c¢) It holds that
sup [E[§7 (v, x) — m(u, ) f(u, z))|
uEl, €S
d
_ p2h2 2 2
= W5 Z <28m u, x)0; f (u, ) +6Z,Zm(u,x)f(u,:£)> +O<T’"hd> + o(h?)

=0



o4

1. Locally Stationary Nonparametric Regression

with 7 = min{p, 1}. To show this, let K : R — R be a Lipschitz continuous
function with support [-2C4, 2C4] (or more generally with support [—qC', ¢C1]
for some ¢ > 1). Assume that K(x) = 1 for all z € [~Cy,C}] and write

Kp(z) = K(%). Then

d
E[¢” (u, z) — m(u, ) f(u, z)] = #ZK}‘OL — %)E[HKh(mj — Xg;T)

|
<.

Il
—

with

and

. HK( =20 M om (LX) = ()]
i) = =[] atey ~ 50 [T X0)

X f[Kh(xJ _Xi(L) {m(% X,(4)) — miu, )}
q1(u, ) ]E[ﬁl(h(x] — Xf(%)){m(%,)(t(%)> — m(u,x)}]

We first consider @Q(u,z). Using (1.47), we obtain

Qulo,2)] < s ZKh(u— Z)E [Z Bt = Xi) = Ko (" = XE()[
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x HKh — X}7) { (%,Xt,T) - m(uw)H

with » = min{p,1}. The term H?=1 Kp(x; — XZT){m(%,Xt’T) —m(u,x)} in
the above expression can be bounded by Ch. Since K is Lipschitz, |thT
XF(E)| < LU r(%), and the variables Uy (4) have finite r-th moment, we

can infer that

|Q1u:p|<ThdZKh<u__> [zd;|Kh($k—X ) — Kh(m —Xk(%))‘]

= ThdZKh<“_ _> [Z‘ThUtT r)

uniformly in v and . We next turn to Qs(u,z). Note that the expression in

[ < 7o

the expectation Of q2(u, z) is non-zero only if X, 7 € [29 —2C,h, 27 + 2C,h)?
and X;(%) € [2/ — Cih, 2! + Cy ]j 1-
im(%, Xyr) — m(%, Xy(%))] < C for some constant C' < oo, whenever the

expression in the expectation is non-zero. This allows us to use the bound

(G ) = (3 50)| < (g ) = (5 05)

with 7 = min{p, 1} and some constant C' < co. We thus arrive at

7=1
As m is continuous, this implies that

T

d
< CE|( Y IXiy — Xi(3)
j=1

<ca|(buntp)] <

uniformly in u and x. As aresult, sup,, , |Q2(u, z) Using analogous ar-

| —= Trhd
guments as for Q1 (u, z), we can further show that sup,, , |Qs(u, 2)| < 775
Finally, applying Lemmas B1 and B2 and exploiting the smoothness conditions

on m and f, we obtain that

Z (28,~m(u, x)0; f(u, x) + azim(u, x) f(u, x)) + o(h?)

1=0

Qi(u,z) = h2%
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uniformly in v and z. Combining the results on Q;(u,x),...,Q4(u,x) com-

pletes the proof.

Using the intermediate results (a)—(c), we now obtain that

sup |m(u, x) — m(u,z)|
ucly,xesS

1
|f(u, )]

1 [ logT 1
= Sup —— O -+ + h2 .
p flu, z) p( Tha+tl = Trpd )

with » = min{p,1}. Moreover, since sup f(u,z)"" = O,(1) (which immediately

< sup (sup |¥ (u, 2)| + sup [§7 (u, ) — m(u, x) f (u, 2)])

follows from Theorem 1.6 and the assumption that f(u,z) > 0), we finally arrive

at
logT’ 1
1 ) - ) =0 < h2>
S w) = m(u, 2)] = Op\\ gy + g

Proof of Theorem 1.8

With ¢ (u,z) and §gZ(u, ) as in the proof of Theorem 1.7, we let

~B

Thitt (m(u, ) — m(u,xz)) = VThit! f]‘j(u,x) gA(u’x)—mu,x
VI il ) = miw, ) = VIRFT(Z B8 + S B — m(w 2))

~ fua) (9" (w,2) + 97 (u, @) — m(u, ) f (u, 7))

and use the shorthands

B(u,x) = VTht! (QB(u, x) — m(u, :L’)f(u, x))
V(u,z) = VThit1g¥ (u, ).

In what follows, we refer to B(u, z) as the bias part and to V (u, z) as the stochastic
part.

The bias part vanishes asymptotically, i.e. B(u,x) = 0,(1). This follows from (c)
of Theorem 1.7 and the fact that B(u,z) — E[B(u, z)] = 0,(1). In order to prove
the latter, it suffices to show that Var(B(u,z)) = o(1), which can be achieved by

arguments similar to those for Lemma B3.
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The stochastic part is asymptotically normal. In particular,
V(u,2) -5 N(0, k0% (u, 2) f(u, 7)) (1.48)

with o = [ K?(p)dg. The proof proceeds by the usual blocking argument. De-
composing V (u, x) alternately into big blocks and small blocks, we can neglect the
small blocks and exploit the mixing conditions to replace the big blocks by inde-
pendent random variables. This allows us to apply a Lindeberg theorem to get the
result. We omit the details, as the proof is very similar to that for the standard
strictly stationary setting. We however shortly comment on how to calculate the

variance of V(u,z). First, by the same steps as in Lemma B3,

Var(V(u,x)) = Var(\/# i[( <u - —) HKh Xir 5tT)

Thd+1 ZK2<u——> [HKQ XgT) ]+0<1>

Moreover, by similar steps as for (d) in Theorem 1.7,

hd+lZKh(u__> [HKh XtJT) }:mgHaQ(u,x)f(u,m)—i-o(l)

with ko = [ K*(¢)dp. Hence,
Var(V(u, x)) = /{g+1a2(u, z)f(u,z) + o(1).

As f(u,a:) - f(u,a:) = OP(1> }
the fact that B(u,x) = 0,(1) to arrive at

(136) = 0,(1), we can now combine (1.48) with

1

VTh* (r(u, z) — m(u, x)) = = (B(u,z) + V(u,z))
flu, x)
~ V(u,z) d
= m + Op(l) — N(O, Vu’m).
This completes the proof. n

Appendix C

In this appendix, we prove the results concerning the smooth backfitting estimates
of Section 1.5. Throughout the appendix, conditions (Addl) and (Add2) are as-
sumed to be satisfied. Moreover, C' is used to denote a universal real constant

which may take a different value on each occurrence.
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Auxiliary Results

Before we come to the proof of Theorems 1.9 and 1.10, we provide results on
uniform convergence rates for the kernel smoothers that are used as pilot estimates
in the smooth backfitting procedure. We start with an auxiliary lemma which is

needed to derive the various rates.

Lemma C1. Define Ty = E[T}y 1ja]. Then uniformly for v € Iy,

% — P(Xo(u) € [0,1]%) + O(T%5) + o(h) (1.49)

with p defined in assumption (C1) and

Tlo,ye — 1o [logT

Proof. We first show (1.49). Let U, r := U, (%) for short and recall that || X, 7 —
Xi(%)|l < Usr almost surely with E[Uf] < C for some p > 0. It holds that

E[I(X:r €[0,1])] =E[I(Xyr € [0, 1% | Xpr — Xe(B)|| < £Uir) ]
>

E[I(X:() € [§Uur, 1~ GUr]")]
E[I(X:(f) € [~ §Ur. 1+ £U0r] )]

for some sufficiently large C' < co. Hence, with

we obtain

Now letting ¢ < 1, it holds that
T

1 t
By = 23" Ku(u L)E[I(X(8) € [~ SUpr 1 + SUpr] Uir < T)]

| t
o 3 Ko (w2 JE[I(X () € [ = $Ur 1+ SUur] " Uy > T9)]
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where

B
By

| /\

Z (LG € [ 71+ 785]°)]

=f(u,z)+o(h) by Lemma B2

T
fries
[ 1€ [= s+ o)) sl s)de + o)
/

1
z € [0, 1) (u,x)dx—l—O(zT_q) +o(h)

and

T
BY < %Z K (u, %)E[I(Uﬂ > T9)]

uniformly for u € Ij,. Setting ¢ = - + , we arrive at

By < /I(ﬂf € 0,1 f (u, 2)dz + O(T ") + o(h) (1.51)
uniformly in u. By similar arguments, we can show that
By > /[(3: € [0, 1%)f (u, 2)dz + O(T~%5) + o(h). (1.52)

Combining (1.51) and (1.52) yields (1.49), since [I(z € [0,1]%)f(u,z)dz =
P(Xo(u) € [0,1]¢). Equation (1.50) now follows immediately:

a— 1 lo
T —To 1 [log 1
=l . (T - T 7()( _>
Tg TO T( [0,1)¢ 0) P Th

uniformly in u, as

;(T[Ol]d—T0 _ ET: ( ) (Xor € [0,1]%) — E[I(X,zr € [0, 1])])
- p( IOTiT)

uniformly for u € I, by Theorem 1.5 and 22 = O, (1) uniformly in u by (1.49). O
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We now examine the convergence behaviour of the pilot estimates of the smooth
backfitting procedure. We first consider the kernel density estimates defined in
(1.21) and (1.22).

Lemma C2. It holds that

. . logT 1
N N 0( ) h) (1.53

Jup [P a?) = pitu )| = Op(\ T & s ) + o) (153)
. : . log T 1
by (u.27) — o)y . 29) | = O,y R) (154
uelhs,gjl)e[o,ll |p](u ©) = ol s )‘ P Th? + Trhdtr + (1.54)

, logT 1
By _pa(u, 20 2k O( ) h) (155
Lo [pgw(s ) = pia(us o, 2 5) = Op\\ e + gy ) +olh) - (1.55)

and

sup ‘ﬁM(u, 2, xk) — mo(xj)/io(xk)pj,k(u, 2, xk)|
u€ly, I,k e(0,1]
log T’ 1
- Op<\/ St h) (1.56)
with r = min{p, 1} and ro(w) = [ Kp(w,v)dv.

Proof. We only consider the term p;, the proof for p;; being analogous. Defining
TO = E[ﬂ@,l]d] and

pi(u, 27) = iozT:I Xor € [0,1)) K, (u. —>Kh(a: Xip),
t=1
we obtain that
T, .
pylon ) = T1,1ja —OTO + Topj(u’x])
- [1 + —T[O’”;O_ TO} p;(u, 2)
— [1 _ T[OJ};O__TO +0, <_T[0,1];0—_ T0>2] pj(u, 27).

Using (1.50) from Lemma C1, this implies that

. ; . ; log T’
pi(u, o) = pj(u, 27) + Op(V T—h)

uniformly for u € I, and 27 € [0,1]. Applying the proving strategy of Theorem
1.6 to p;(u,27) completes the proof of (1.53) and (1.54). O
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We next examine the Nadaraya-Watson smoother 772;. To this purpose, we decom-
pose it into a variance part m;‘ and a bias part mf . The decomposition is given

by 7 (u, 27) = mi(u, 27) + mf (u, 27) with

T
) 1 ¢ - o
mj‘(u 7)) = Toue (X7 €[0,1])K, <u, f)Kh(xJ,th’T)at,T/pj(u, x’)
t=1
(1.57)
T .
i (u,27) = T[o ” > 1(Xyr € [0,11) K (u, T)Kh(xﬂ,Xt{T)

t=1

( ()*ka< XfT>>/ﬁj(u,xj). (1.58)

For the variance part m;‘, we have

Lemma C3. It holds that

log T
sup |1 (u, )| = ( > (1.59)
u,zd €[0,1] ’ ‘ Th?

Proof. Replacing the occurrences of Ty 54 in (1.57) by Ty = E[T}g5¢] and then
applying Theorem 1.5 gives the result. [

For the bias part, we have the following expansion:

Lemma C4. It holds that

sup ‘m u, 27) — ﬂT,j(u,:vj)| = 0,(h?) (1.60)
u,zI €1},
sup ‘Thf(u,xj) — firj(u, 27)| = O,(h?) (1.61)

u€ly, vielf

with Iy = [0,1] \ I, and

k
u,xr’,r

(1, = o) + any(a) + Y [ araua a2, )
k#j p](u :L‘)

—i—hz/ﬂux uxj))dxj'
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Here,
2

aro(u) = mo(u) + hki(u)d,me(u) + %/@(u)&iumo(u)

Ko(u)r ()

o (%) Oy (u, xk)]

ar (U, %) = my(u, %) + h[/{l(u)ﬁumk(u, %) +

M=

Bu, z) = Ka0ymo(u)d, log p(u, ) + ko {8 my(u, £%)0, log p(u, )

k=1
1
+ 28uumk(u o) + Oy (u, 2%)04x log p(u, o) + —3§kkak(u, xk)}
with ke = [ WK (w)dw and ki(v) = [w' K (v,w)dw for 1 =0,1,2.

Proof. By definition

d
m? (u,a’) = im0 (u, 27) + ZmBk(u,xj)
k=1
with
T
1
BO( gy _ d 2 j
my " (u, 2”) Torn ;I(Xm € [0,1] )Kh(u, )K (’, X7 1) < )/p] u, )
T
mfk(u,xj) _ ZI(XtT € [0, 1]d)Kh<u, —)K (2, X] 1) k<i, tT)/pj w, x’)
Tt 4= T
for k =1,...,d. We show that
~ B0 3\ 2 Oupj(u, 27)
g (u, 7)) = mo(u) + hiy (w)dumo () + h? [ (u)Oymo(u) —————=
pj(uvx])
1 ,
+ Zko(u)02,mo(u)] + R (u,2) (1.62)

2

with sup, wiel, |R%(u, x])| = Op(hQ) and SUPuyer,,zielg

Ry (u, 27)| = Oy(h?),

mB](u 27) = m;(u,z?)

’io(u)ﬂl(fﬁj) P

Ko(27) wjmj(u,x])}

L Oupj(u,2?) 1 ;
2 ; JyZwaA e /o, Z 2 . J
+h [/ig(u)aum](u,x) (u, 29) + ng(u)auum](u,:c)

arjpj (U, xj)
pj (uv xj)

+ h[r1(w)dum;(u, 2”) +

/‘60(“)“2(35j) i
o(ar) o)

1 g (u)ka(2?) -
Lo )
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where R{f is of the same uniform order as RY., and for k # j,

Aj, w, 29) /mk u, 2 pak u, v/, x )dx +h/[n1(u)6umk(u,xk)

pi(u, 27) |
Ko </<;0>(xk<) ) Dy, 2°)] ﬁj,g?f;;v’“) I
+ h? [m(U)/m(mk)aumk(u,xk)aup;j((Z:jj;xk)dxk
+ HO(U)//iQ(Ik)azkmk(u,xk)axkp;;k((;f’;j)’ Ik)dxk
+ Ko(u) / Ko( );&%umk(u x )p—j’g?j;fk)dxk
+ ro(w) / @(xk)%agwmk(u,ﬁ)%dm
+ Ry (u,a7), (1.64)

where again RY is of the same uniform order as R}. Combining (1.62)—(1.64)
completes the proof.
We only give the proof of (1.64), as this is the most complicated term: Recall-
ing that [ Kj(z", Xfr)dz* = 1, a second-order Taylor expansion of my(%, X[
around (u, z*) yields

) 5. J ok
mf’k(u,mj) = /p—J’]i(u’x ’,x )mk(u,xk)dxk
pj<u7333)

T

1
+T[01WZ(VJTT( ) + Whp(u,27)) /b (u, 27) + 0,(h?)
’ t=1

uniformly for u € I, and 27 € [0, 1] with

Vi (u,27) = I(Xyr € 0,19 K, (% f)KhWaXf,T)/Kh(xk,XfT)
x [Bume(u,2%) (7~ u) +0 B (X, — )] dat
ulllk U,l’) T u)+ kak(uvx )( t,T ZL‘) x
. t o
Wiy (u,a?) = I(Xor € [0, 50 (w, 7 ) Kn(a?, Xi) / Kn(a*, XEy)
t 2 t
N 2 N ko .k
[QBka(u T )(T u) +0: omy(u, )(T u) (Xt,T x")
+ §8xkkak(u, ) (X — xk)ﬂ da®.
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We now have a closer look at the expectations of V% (u, 27) and W} (u, 27). First,
note that

B[V (u,27)] = E[I(Xi(4) € [0,1]d)Kh<u,%>Kh(xj,X] (L) /Kh o XE(L))
X {3umk(u, z*) <% — u) + 6kak(u,xk)(th(T) - :L‘k)}dl’k}

+ O(T}ll + T1h> (1.65)

with 7 = min{p, 1} uniformly for v € I, and 2/ € [0,1]. This is shown by
successively replacing the occurrences of Xy 7 in E[V/(u, 27)] by X;(%). In order to
replace the occurrence in the indicator function (X, 7 € [0, 1]%), similar arguments
as in Lemma C1 can be used. For replacing the occurrences in Kj (2, Xf’ +) and
Kp(z*, X[ 1), we exploit the Lipschitz continuity of K and use arguments similar
to those in part (c) of the proof of Theorem 1.7. With (1.65), we can now write

E[V, —
T[OWZ Vi (u, 27

ZKhU— /Kharjw]Kh(x w”)

T, 145

X [aumk(u, z*) (% - u) + Oy (u, 27) (w* — 2*)

X (/I(w € [0, 1]d)f(%, w) dw_j’k> dw? dw" dz*
1 1
* O<TTL + Trh)
uniformly for u € I;, and 27 € [0, 1], where w7* denotes all but the j-th and k-th
77) = o(h?) by (Add2), using
a first-order Taylor expansion of f (%, w) and recalling the definition of the density

component of the vector w. Noting that O(T~ 71 +

p, we can infer that

1
ZE VtkT (u, 27)]

o4 =1

T
— T P(Xo(u) € [0,1]%)

X { Z K, (u, ;) (— — u) /ﬁo(xj)mo(xk)ﬁumk(u, xk)pjk(u, 2 aF)dxk

1 T

+ — ZK’L( )/h/io(a:j)/ﬁ(xk)akak(u,xk)pj,k(u,:cj,:ck)da:k

t=1

T 1 iK’L( ’T) <_ _u>2/’fo(xj)ﬁo(%k)aumk(u,xk)aupj,k(U,xj,:Uk)da:k

t=1
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1 t . .
+ T tzl K (% f) /hzfﬁo('xj)@(xk)azkmk(% )0 pin(u, 27 a:k)dxk}
+ 0,(h?)

uniformly for u € Ij, and 7 € [0,1]. Combining the two claims of Lemma C1, it
holds that

T
T[071]d

P(Xo(u) € 0,19 =1 + 0(

uniformly in u. We can thus use Lemmas B1 and B2 from Appendix B to get

Z]E tTux

= h /<;1 Yro(x?) /kao )Oum(u, x )p]k(u 2, ) da”

T[o 1) 4

+ ko(u)k (:cj)/rﬁ( YOy (u, o )pj,k(u,xj,xk)dxk]
+ h? [ o(u )RO(CL’])//{O( M) (w, %) 0up; i (u, 27, 2*)da®
‘l‘HO(U)KJ()(IJ)//‘ig(l'k)akak(u,.Tk)axkpjk(u,ij,xk)dfl?k:|

+ Ry (u, 27) (1.66)

with sup,, zicy, |Ry (4, 7)| = o(h?) and sup,cy, zicre |By (u, 27)] = O(h?). Exploit-
ing the fact that lﬁ( ) =0 for all uw € I}, and that

1 . ,
/8 s (u, ¥ o >p]k(u 2?7, %) — ko (2 pj i (u, 27, 2%) | by (2F)da™ = O, (h?)
uniformly for u € I and 27 € [0, 1], we can rewrite (1.66) as
T[Ol]d ZE i (1:27)

= h[/ﬁ(u)/6umk(u,xk)ﬁj,k(u,:Uj,xk)dxk

+ Ko(u )/ Exk;akak(u ™)k (u, 27 %) d }

+ h o(x?) /mo )Oumig, (w, %) 0up; e (u, 27, 2*)da®

+ Kko(u)k (QTJ)//{2< VO (u, xk)axkpjvk(u,mj,xk)dxk}

+ Ry (u,27), (1.67)
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where ]:2¥(u, 27) is of the same uniform order as RY.(u, z?). Using analogous argu-

ments as above, we can further show that

T

E ]
tTUZ’

t=

0,1]4
h )
— ?[ u) ko xﬂ /mo(xk)ﬁgumk(u,xk)pjyk(u,:U],xk)dxk

+lio(u)/‘”vo(x‘j)/52($k)a§kmkmk(u7$k)pj,k;(%wjamk)dzk]

+ R (u, 27) (1.68)

RY (u,2%)] = O(h?). Finally,

applying the same proving strategy as in Theorem 1.5, one can show that

with sup, ics, |RY (u,27)] = o(h?) and SUPyer, aicrs

1
Sup Vi U, T _]Evk U, T ‘—0 h2
uen,arefo;) o Z< r(27) = E[Vip(u, 27)]) | = 0,(R)
1 7
u€ly, z3€[0,1] T[Ol]dtzl( i ) [Wer( ]) p )
Therefore,
fkux] /mkU$pjkuxx)dxk
p;(u, x7)

uniformly for u € I, and 2/ € [0,1]. Plugging (1.67) and (1.68) into the above
expression and using the fact that p;(u,27) converges uniformly to ko(z7)p;(u, 27)
yields (1.64). O

We finally state a result on the convergence behaviour of the term mg(u).

Lemma C5. It holds that

B logT
S?IIZ |70 (u) — mo(u)| = Op< T +h ) (1.69)

Proof. The claim can be shown by replacing the term T}y 1« by Ty = E[T} 3j¢] in

the expression for mg(u) and then using arguments from Theorem 1.7. [
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Proof of Theorems 1.9 and 1.10

To prove Theorems 1.9 and 1.10, it suffices to show that the high-level conditions
(A1)—(A6), (A8), and (A9) of Mammen et al. [29] are satisfied. This allows us to
apply their Theorems 1-3, which imply the result. As will be seen, the high-level
conditions are satisfied uniformly for v € I, rather than only pointwise. For this
reason, we can infer that the convergence rates in (1.25) hold uniformly over u € I,
rather than only pointwise. In what follows, we formulate the high-level conditions

and show that they are fulfilled in our setting.

(A1) For all j # k, it holds that

2 J ok
/ Pty 2, 7) da’ dz® < oo
pr(u, 2¥)p; (u, 27)

uniformly for u € I,.

This condition follows immediately from the assumptions on the density f(u,z).
These imply that p;(u,27) > ¢ > 0 and p;x(u, 27, 2%) < C < oo for all u € [0,1]

and 27, 2% € [0, 1] with some appropriately chosen constants ¢ and C.

(A2) For all j # k, it holds that

p;(u, 27)

)

pr(u, 7¥)p; (u, 27)dr? dz* = 0,(1)

pj(u,27)dx’ = 0,(1)
|

jee

-
/[ Din(u,a’, x¥) pjkux z* }
5

7

pe(w, 2¥)pj(u, 27)  pe(u, ¥ p] w, )
/[ Py, 27, z¥) pyn(u, 2, z*

Pr(uw, 2%)pj(u, 27) pk(u F)p;(u, 29)

2
pr(u, 7¥)p; (u, 27)da? dz* = 0,(1)

uniformly for v € I;. Furthermore, for each u € I, p;(u,-) and p;x(u,-)

vanish outside the support of p;(u,-) and p;x(u, -), respectively.

This condition as well as (A4) and (A8) can easily be proven by using the uniform

convergence results for the kernel densities derived in Lemma C2.

(A3) There exists a finite constant C' such that with probability tending to 1,
/ﬁz?(u,xj)pj(u,xj)dacj < 00

uniformly for u € I.
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Both this condition and (A5) directly follow from Lemmas C3 and C4, which
describe the asymptotic behaviour of the variance part m;‘ and the bias part mf

of the Nadaraya-Watson estimate 1;.

(A4) There exists a finite constant C' such that with probability tending to 1,

p2 (u, z7, x*
sup/ pjk(/,c ) dv’ < C
zkely, pkz(u xz )pj(u xﬂ)

for all j # k uniformly for u € I},.

(A5) There exists a finite constant C' such that with probability tending to 1,
~ A J\2 J J
/mj (u,2”)p;(u, a’)dz? < C
5B J\2 J J
[ byt < €
uniformly for u € I.

(A6) For j # k, it holds that
Diw(u, a7, 2%) k k‘ 2
My (u, z")dz"| = 0,(h
[ e sty = o,02)

3. Jj Lk
/p—ﬂi(u,x ,'x )m?(u,xk)dka = op(hZ)

p;(u, z7) 2

sup
zI€l},

|

uniformly for u € Ij,, where || - || denotes the norm in the space Ly(p;(u, )).

To prove (A6), it suffices to show that

p]k u, .’I -73 ~ A k k 10gT
sup ‘/ m u, x")dx ):O ( ) 1.70
u€ly, 29 €[0,1] p;(u, 27) i ) P Th ( )

For the proof of (1.70), we write
A H. J ok
gt a?) = [ PALET A )
’ pj(uvx])
H . J rk R
:/ Ap],k(u‘“w;p , L ) ’l/}k(u,.xk)dxk,
%

j(u, 27)pr,(u, %)

where ! (u, 2F) = Yy (u, %) /Pr(u, %) with

T

dil, ) = 2= 3 1(Xer € 0,1 u, %)Kh(xk,ngT)gt,T.
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In a first step, we replace S j(u,27) by the term

i .k
x AR pik(u, 2, 2%) - kY dk

and show that the resulting error is asymptotically negligible. This is done as
follows:

sup [ Sk (u, 27) — Si ;(u,27)]

u€ln,zi€[0,1]
= sup /{ Aﬁj?k(%?%xk)k - RO(.x])KO(xlc.)pj’k(Z’xj,xk)k }ﬁk(u,xk)d:ck
iz D (u, 29)pr(u, o) ko(27)p;(u, 27) ko (2%)pr(u, 2)

~o(\ 5 1o 7i)

:Op<logT logT>’

Th>/2 * T

as Up(u, z%) = O,(/logT/Th?) and the term in curly brackets is of the order
O,(\/1og T/Th3 + h) uniformly in u, 27, and z"*. In a second step, we show that

. » [log T
sup ‘Sw(u,x]” = Op< T )
u€lp, 29 €[0,1]

To prove this, we write

S,;k,j(u,xj) =

T
1 .
Toue Zw;w (u,2?, Xt’fT)st,T (1.71)
R

with

| ¢
wi(u, 29, XEp) = I(X,p € 0,11 K, (u f)

pj,k(uvxjvzk) k k k
X (/ . Ky (x®, X r)dx )
P (u, 29)pi(u, 2*) (7 Xi)

Applying the techniques from the proof of Theorem 1.5 to (1.71) completes the
proof of (1.70), which in turn yields (A6).

(A8) It holds that

sup /
xJ el

uniformly for u € I,.

pj,k(% x7, xk) ﬁj,k(u, 2l Ik) -
' b I\A Prlu,x dx” = o0,(1
P T e A O R O ) o
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(A9) There exist deterministic functions
aro(u), oy (u, 2, . . . arq(u, x)

’YT,1(U), s >’YT,d(U)

and a function B(u, z) (not depending on T') such that uniformly for u € I,

/oz%,j(u,xj)pj(u,xj)dacj < 00 (1.72)

/B2(u,x)p(u, x)dxr < 0o (1.73)

sup |B(u, z)| < oo (1.74)
zlely,...,zdel),

/O‘T:j(uaxj)ﬁj(uaxj)dxj = 71,4(u) + 0p(h?) (1.75)

with y7(u) = O(h?) and

sup [im?(u,a9) — firo(u) — firy(u,27)| = 0,(h?)  (1.76)

u,zI €I},

Sup/mf(u,xj) — firo(w) = jir(u,27)*pj(u, a7)da? = o, (h*).  (1.77)

u€ely,

Here, firo(u) is some random function and

R , . Dik(u, 27, z*
firj(u, ) = ago(u) + ory(u,27) + / ar(t xk)%dxk
k#j I

p(“a ZL’) -7
—l—hz/ﬁ u, x)—————dz .
( )pj (u’ xj)
We finally prove (A9). Equations (1.76) and (1.77) immediately follow from the
uniform expansion of the bias part mf proven in Lemma C4. Furthermore, it is
trivial to see that (1.72)—(1.74) are fulfilled for ar ;(u,z?) and B(u,z) as defined
in Lemma C4. Finally, straightforward calculations yield a term vz ;(u) in (1.75)

which is of order h? uniformly for u € Ij,.

This completes the proof of Theorems 1.9 and 1.10. O



Chapter 2

Comparing Nonparametric Fits

In Locally Stationary Regression
Models

2.1 Introduction

Many economic and financial time series applications are marked by two main fea-
tures. Firstly, the relationship between the variables of interest may be nonlinear.
To model the relationship between a variable and its own lags, for example, a linear
autoregressive process is often inappropriate. Nonlinear autoregressive structures
such as threshold models are needed to get a satisfactory description of the data.
Secondly, the relationship of the variables may change over time. In many cases,
it is very plausible that two economic variables relate differently to each other in
different economic situations.

A flexible framework which is able to capture both nonlinearities and structural
change is given by the nonparametric regression model

t

th:m(T

,XtﬁT) Ve fort=1,...,T (2.1)

with El[e; 7| X; 1] = 0, where the function m may vary over time and the regressors
Xer = (X/p,..., X{p) are locally stationary. The concept of local stationarity
was introduced by Dahlhaus (cf. [4], [5], and [6]). Heuristically speaking, a process
is locally stationary if over short time spans, i.e. locally in time, it behaves ap-
proximately stationary. A detailed description of model (2.1) including a rigorous

definition of local stationarity can be found in Section 2.2.
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In this chapter, we are interested in the question whether the regression function m
in model (2.1) has the same shape at two different time points. Put differently, we
want to know whether the function m(u, -) at some rescaled time point u € [0, 1] is
identical to the function m(v, -) at another time point v. To decide upon this issue,
we develop a kernel-based nonparametric testing procedure. The test statistic
measures a weighted Lo-distance between kernel estimates of m(u,-) and m(v,-)
and is introduced in Section 2.3.

The asymptotic properties of the statistic are analyzed in Section 2.5. To improve
the finite sample behaviour of the test, we propose a wild bootstrap procedure in
Section 2.6 and derive the asymptotic properties thereof. The limit behaviour of
the test statistic will turn out to be mainly driven by a quadratic form. Not much
is known about the asymptotic behaviour of quadratic forms in a locally stationary
framework. To our knowledge, Lee & Subba Rao [25] are the only ones who have
tackled this issue so far. However, they analyze a type of quadratic form which
does not cover our case. The main theoretical challenge thus lies in the derivation
of a limit theory for the quadratic form which shows up in our setting.

There is a large literature on testing structural change in nonparametric time se-
ries regression. One strand of the literature deals with structural breaks in the
nonparametric regression function. There, the main issue is to localize and esti-
mate the size of the structural breaks (see e.g. Delgado & Hidalgo [10]). Another
strand of the literature is concerned with testing the hypothesis that the regression
function is time-invariant. Different types of statistics have been proposed to deal
with this testing problem: Hidalgo [19] for example has developed a conditional
moment test, Su & Xiao [39] have suggested a CUSUM type test.

Our testing problem is closely related but not identical to testing whether a non-
parametric regression function is time-invariant. Rather than testing whether the
function m(u,-) is the same for all time points u € [0, 1], we test whether it is
the same at two different time points v and v. From an applied point of view,
both testing issues are interesting and complement each other. In many economic
and financial applications, the question arises whether the regression function is
fully stable over time. Equally interestingly, one may want to know whether the
function is the same in two different situations, e.g. at a time point before a crisis

and one during it.



2.2 The Model 73

2.2 The Model

Before we introduce the test statistic, we have a more detailed look at the under-
lying model (2.1),
t

Yir = m<T

;Xt,T> + Et,T with ]E[gt,T|Xt,T] =0.

The components of the model, namely the function m, the regressors X;r, and

the residuals ¢, 7, are required to have the following main properties:

(i) The function m is not allowed to vary over time in whatever way. In particu-
lar, we do not allow for sudden structural changes. Instead, we assume that
m varies smoothly over time. The exact smoothness conditions are listed in
Section 2.4.

(ii) As already noted in the introduction, we do not restrict the regressors to
be strictly stationary. Instead, we allow the triangular array {X:r : ¢t =

1,...,T} to be locally stationary, which for our purpose is defined as follows:

Definition 2.1. The process {Xir} is locally stationary if for each time
point u € [0,1] there exists an associated process {X;(u)} with the following

two properties:

(i) {Xi(w)} is strictly stationary with density fx, (),
(i1) it holds that

t 1
HXt,T_Xt(U)H < (‘?—U‘ +T>Ut’T(u) a.s.,

where {Upr(u)} s a process of positive wvariables satisfying
E[(Uir(w))?] < C for some p > 0 and C < oo independent of u, t, and

T. ||-|| denotes an arbitrary norm on R,

(iii) We finally put some contraints on the residual process {e;r :t =1...,T}.
To derive the asymptotic characteristics of the test statistic, we want to make
use of a central limit theorem for martingale difference arrays. To be able to

do so, we assume that

Eletr|Fio1r] =0 with Froyr =o0(Xer, Xecr s €115 -, Xa15€17)-



74 2. Nonparametric Testing In Locally Stationary Models

This rules out autocorrelation in the error terms ¢, 7. However, it allows for
heteroskedasticity. In particular, it allows the residual process to be of the

form
t

SN U(Ta Xt,T) €t (2.2)

with a time-varying volatility function o and an i.i.d. process {;} having the
property that e; is independent of X, for s < ¢. To keep the notation in
the proofs as simple as possible, we restrict attention to the residual process
(2.2) in what follows.

An important class of processes that fit into the framework (2.1) is given by the

nonlinear autoregressive model

t _ t _
Xt,T =m (f) XZ,;{T) + O’(f, Xttfld,T) gt (23)
with Xf:ﬁT = (Xi—17, ..., Xt—qr) and i.i.d. variables ;. One can show that under

suitable low-level conditions on m, o, and the residuals €;, the components of model
(2.3) have the properties (i)—(iii). In particular, the autoregressive process {X; 7}
can be shown to be locally stationary and strongly mixing with mixing coefficients
that decay exponentially fast to zero. For a detailed analysis of model (2.3) and a

proof of these results see Chapter 1.

2.3 The Test Statistic

We want to test whether the regression function m(u,-) at some time point u €
[0, 1] partly (or even fully) coincides with the function m(v, -) at another time point

v. The null hypothesis is thus given by
Hy: m(u,-) =m(v,:) m-a.s.,

where 7 is some weight function and (u,v) € (0,1)? is some fixed pair of rescaled

time points. The null hypothesis can equivalently be expressed as

Hy : / [m(u,z) — m(v,x)]Qﬂ(x)d:c = 0.

A natural way to come up with a test statistic for this problem is to replace
the unknown functions m(u,-) and m(v,-) in the above Lo-distance by estimates
m(u,-) and m(v,-) and to rescale appropriately. This yields the weighted Lo-test

statistic
St = Th1+d/2/ [rn(u, z) — m(v,x)fw(x)dx,
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where m is a Nadaraya-Watson estimate given by

d ; ;
. B 23:1 Kp(u — %) Hj:l Ky (27 — Xg,T)Yt,T
m(u,z) = T o DT K (27— )
Zt:l n(u— :T) Hj:l n(zd — t,T)

In this definition, K denotes a one-dimensional kernel function and we use the
notation Kj(z) = h~'K(x/h). For simplicity, we work with a product kernel and
assume that the bandwidth is the same in each direction. In addition, we assume
that the weight function 7 has bounded support.?

In what follows, we analyze the asymptotic behaviour of S under the null hy-
pothesis as well as under fixed and local alternatives. The alternative hypothesis

is given by
Hy : / [m(u,z) — m(v,x)}zw(x)dx > 0.

This treats the fixed alternative case, where m(u,-) and m(v,-) are some fixed
pair of different functions. To get a rough impression of the power of the test,
we additionally examine local alternatives, i.e. alternatives that converge to H, as
the sample size grows. To formulate these alternatives, we define the sequence of

functions
mr(w, z) = m(w, z) + crA(w, 2),

where ¢z — 0, the function A is continuous and equals zero in a neighbourhood

around u, and m satisfies the null hypothesis, i.e. m(u,-) = m(v,) m-a.s. The

process {Y;r} is thus given by

t

T

t

t
= Xor) +ord (o Xor) +ar. (24)

Yir = mT( 7Xt,T> + e = m(

If the process {Y; r} is generated according to (2.4), we move along the sequence

of local alternatives
Hp: / [m(u,z) — mT(v,x)]Qﬂ(x)dx = CQT/AQ(U,:E)W(x)dx.

In this case, the weighted Lo-distance between the regression function at time
point v and that at time point v gets smaller as the sample size increases, i.e. the

hypothesis H; ; comes closer and closer to Hy as T tends to infinity.

Tt is possible to allow for unbounded support by letting the limits of the integral in St diverge

to infinity at an appropriate rate as the sample size increases.
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2.4 Assumptions

To derive the asymptotic properties of the test statistic Sy, we make the following

assumptions.

(C1) The process { X7} is locally stationary in the sense of Definition 2.1 with
some p > 1. Thus, for each time point u € [0, 1], there exists a strictly sta-
tionary process {X;(u)} with density f(u,z) := fx,w)(z) such that || X —
Xl < (|7 — ul + 7)Utr(u) with E[(Uyr(u))?] < C.

(C2) The array {X;r,err} is strongly mixing with mixing coefficients that con-

verge exponentially fast to zero, i.e. a(k) < CaF for some a < 1.

(C3) The bandwidth h satisfies Th?*! — co. Moreover, let r be a natural number
with 7 > d/2 such that Th**' — 0 and Th¥*1+4/2 0,

(C4) The kernel K is bounded and has compact support, i.e. K(v) = 0 for all
|v| > Cy with some C < co. Moreover, K is Lipschitz, i.e. |[K(v)—K((v')| <

Ljv—v'| for some L < oo and all v,v" € R. Finally, K satisfies the conditions

[K(z)dz=1, [ZK(2)dz=0forj=1,...,r—1.

(C5) For each u € [0, 1], let f(u,-) be the density of X;(u). The functions f and m
are 7-times continuously differentiable. Moreover, inf,c( 1) zes f(u, ) > 0,
where S is the closure of the set {x € R? | 7(x) # 0}.

(C6) The residuals are of the form e, r = 0(%,Xt,;p)6t. Here, o is a Lipschitz

continuous function and {e;} is an i.i.d. process having the property that &,
646
0]

is independent of X r for s < ¢. The variables ¢, satisfy E[e < oo for

some small § > 0 and are normalized such that E[?] = 1.

(C7) Let fx,, be the density of X,r and fx,, x,,, the joint density of
(X7, Xtrr). For any compact set S C RY there exists a constant
B = B(S) < oo such that sup, 7 sup,cg fx, - (z) < B and

supsup sup Eﬂgt”Xt,T =2, Xenir = 2| fx,p X0 (2, 2) < B.

t,T 1>0 z,2'eS
We quickly give some remarks on the above assumptions. First note that we
do not necessarily require exponential mixing rates as assumed in (C2). These

could be replaced by sufficiently large polynomial rates. We nevertheless make the
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stronger assumption (C2) to keep the notation in the proofs as simple as possible.
Assumptions (C3)—(C5) allow us to use higher-order kernels (r > 2) in the analysis
of the test statistic. Note however, that we only need them if the dimension of the

regressors d is larger than 3.

2.5 The Asymptotic Distribution of Sy

In this section, we summarize the results on the asymptotic behaviour of the test
statistic S7. The first theorem states that under the null, S weakly converges to

a Gaussian distribution if we subtract a bias term that diverges to infinity.
Theorem 2.1. Assume that (C1)-(C7) are fulfilled. Then under Hy,

St — Br(u,v) N N(0,V(u,v)).
Here, By(u,v) = Br(u) + Br(v) and V(u,v) = V(u) + V(v), where

Br(u) = b= / / K2(w) f[ K202 (u — hw, x — h)

(x)

X fu— hw,x — hz)f2(u x)dwdzdx

V(u) = 2/{%/3(2(2)dz/ lo (2;’22] ;; (x)dx

with ky = [ K*(w)dw and X(z) = [ H?:1 K(w’) H?:1 K(w? +27)dw. The expres-
sions Br(v) and V(v) are defined analogously.

We now turn to the behaviour of Sy under fixed alternatives. The next theorem
shows that Sr (corrected by the bias term Br(u,v)) diverges in probability to
infinity under H;. The test based on the statistic S — Br(u,v) is thus consistent

against fixed alternatives.

Theorem 2.2. Assume that (C1)-(C7) are fulfilled. Then under Hy,
(Th**2)~1(Sp — Br(u,v)) N / [m(u,z) — m(v, ZL‘)}27T($)CZ$ > 0.

We finally examine the behaviour of Sr under local alternatives to get an idea of
the quality of the test. According to the next theorem, the asymptotic power of
the test against alternatives of the form m + crA with ¢y = (Th'*%/2)=1/2 and
m satisfying the null hypothesis is constant for all functions A having the same
weighted Lo-norm. This behaviour is well-known from other kernel-based Lo-test
statistics (see e.g. Hardle & Mammen [18]).
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Theorem 2.3. Assume that (C1)-(C7) are fulfilled and let cp = (Th'*4/2)=1/2,
Then under H; r,

Sr — Br(u,v) % N( / N0, 2 (2)dr, V (u,v))

with Br(u,v) and V(u,v) as defined in Theorem 2.1.

To prove Theorem 2.3, we need the process {X:r} to be locally stationary and
strongly mixing under local alternatives. This is guaranteed as long as the regres-
sors X;r do not contain lagged values of Y;r. In the autoregressive case (2.3),
however, it is not clear at all whether the process { X; r} has these two properties.
In this short note, we do not explore this issue any further. Instead, we simply

exclude the autoregressive case when examining local alternatives.

2.6 Bootstrapping Sp

Theorem 2.1 allows us to approximate the distribution of the test statistic S by a
Gaussian distribution. It is however well-known that in nonparametric hypothesis
testing, the test statistic converges rather slowly to the asymptotic distribution
(see e.g. Hardle & Mammen [18] or Li & Wang [26]). The approximation in
finite samples is thus rather poor in many cases. Moreover, the bias and variance
expressions Br(u,v) and V(u,v) contain unknown functions. Replacing them by
consistent estimates results in further approximation errors.

A common way to improve the finite sample behaviour of a test is to use bootstrap
methods. In what follows, we set up a wild bootstrap procedure. As shown in the
proof of Theorem 2.1, under the null hypothesis, it holds that

ST = UT(U) -+ UT(U) + 0p(1)

with
Uz (u) Th1+d/2/(1if< K )2 @)
T\u) = = ut TNzt TELT | AT
T t=1 f2 (uv x)
T
1 2 7(x)
Ur(v) = Tth/Q/ <— Kv,t,TKx,t,Té?t,T> ~ x,
T ; (v, )
where K17 = Kp(u— %) and K, r = szl Ky (27 —th’T) for short. Thus, under

the null, Sy is asymptotically equivalent to the sum of two quadratic forms Ur(u)



2.6 Bootstrapping St 79

and Ur(v). This allows us to imitate the distribution of St by bootstrapping the
two quadratic forms Ur(u) and Ur(v) rather than the whole statistic S (cp. Kreiss
et al. [22]). Note that the distribution of Ur(u)+Ur(v) does not depend on whether
the null hypothesis is true or not. The bootstrap estimate of Ur(u) + Ur(v) thus
mimics the distribution of the statistic St under the null hypothesis no matter
whether the null holds or not.

The bootstrap sample is generated as follows. To construct bootstrap residuals

g; 7, denote the estimated residuals by

. [t

& T = Yt,T - m(f’ Xt,T>~
Letting {n:} be some sequence of i.i.d. variables with zero mean and unit variance
that is independent of {Y; 7, X, r}]_,, we define

Eir = €T " M-

The bootstrap residuals have the following properties: They are conditionally
independent given the sample {Y; 7, X;r}/_;. Moreover, they mimic the first two
moments of the errors €, p. In particular, E*[¢] 7] = 0 and E*[(¢] 1)?] = €7, where
E*[-]=E[- {Yir, Xi7},]. As we do not do any resampling for the regressors
Xyr, we arrive at the bootstrap sample { Xy 7, e} 7}/

Replacing the residuals €, 7 in the quadratic forms Ur(u) and Ur(v) by the boot-

strap residuals € ., we obtain the bootstrap statistic

= Ur(u) + Ur(v)

with
% 1+d/2 2 m(z)
UT( ) Th ( ZKutT z,t, T€ tT> fQ(u :E) X
Us(v) = Th1+d/2/ (l §T KyorKoore! >2Lx)dx
T T - v,t, Tz, t, T t, T fQ(”U7 ,’]j) :

The next theorem shows that the above defined wild bootstrap is consistent. To
formulate the result, we let P*( - ) :=P( - [{Yir, Xer})).

Theorem 2.4. Assume that (C1)-(C7) are fulfilled. Then
Sy — Br(u,v) N N(0,V(u,v))

conditional on the sample {Y:r, X; 7}, with probability tending to one. Put dif-
ferently, P*(S; — Br(u,v) < z) N O(x), where ® is a Gaussian distribution

function with mean zero and variance V (u,v).
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2.7 Concluding Remarks

In this chapter, we have developed a nonparametric procedure to test whether the
time-varying regression function in model (2.1) has the same form at two different
time points. We have proposed a kernel-based Lo-statistic and have examined
its asymptotic properties. In particular, we have shown that after subtracting
a bias term that diverges to infinity, the statistic weakly converges to a normal
distribution (both under the null and under local alternatives). To improve the
small sample behaviour, we have additionally set up a wild bootstrap procedure
and have shown that it is consistent.

There are a couple of other interesting testing issues in the framework (2.1) which

may be approached quite similarly as the testing problem at hand:

e Rather than testing whether the time-varying regression function is the same
at two different time points, one may ask the question whether it is the same
over a whole time interval. Let I C [0,1] be the (rescaled) time interval to be

tested. A possible test statistic is given by

- /I . ( / [ (u, ) — m(v,x)}%(m)daz)dudv,

where n/, is an appropriately chosen scaling factor diverging to infinity. Alter-

natively, one could use the statistic

" /I ( / () — (@) (2)d ) do

which compares m with an estimate m that does not localize in time but is
based on all data points in the time interval /. Obviously, the statistics S/ and
S7.are very similar to Sp. We thus conjecture that the proving techniques of
this chapter can be used to derive the asymptotic distribution of these statistics

and to set up a wild bootstrap procedure.

e Another interesting testing issue is whether the nonparametric function m can
be replaced by a parametric specification with time-varying coefficients. One
way to approach this problem is to measure the Lo-distance between a nonpara-
metric and a parametric fit of the regression function. Similarly as in Hardle &
Mammen [18], one may want to artificially smooth the parametric estimate to
get rid of certain bias terms. The resulting test statistic will again be similar in

structure to St.
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Appendix

In what follows, we prove Theorems 2.1-2.3 and 2.4. Throughout the appendix,
we use the symbol C' to denote a universal real constant which may take a different

value on each occurrence.

Auxiliary Results

To analyze the asymptotic behaviour of the test statistic S, we need some results
on uniform convergence of the Nadaraya-Watson estimate m(u,x). To formulate
these results, we split up the expression m(u, ) —m(u, z) into different components

according to

m(u, ) — m(u,x) = o) (9" (u,2) + 5" (u, x))
with
. 1 o N ;
flu,z) = TZK"<U — T) HKh(x] - X/ )

P (u, ) = %i}(h(u — %) f[Kh(xj — th,T) [m(%,Xt’T> — m(u,x)].

The following two lemmas summarize the convergence behaviour of these three

components.

Lemma A1l. Let (C1)-(C7) be fulfilled. Then for any compact subset S C R¢,

. . log T
st -0 BER)
ue[g}ll}%es |f(u z) Ll x)” P\V Thd+t
swp |9 (w.x) ~ B[ (w.2)]| = 0,1/ 57
u€el0,1],z€S Thdtt
R logT
sup |9 (o) = 0y () o)

u€el0,1],zeS
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Lemma A2. Let (C1)-(C7) be fulfilled and let I, = [C1h,1 — C1h]. Then for any
compact subset S C RY,

X L1
ueigges ‘]E[f(% o) - 1, x)‘ B O<h + Thd+1>
~B _ r 1
USEEGS}]E[g (u, 2)]| = O(h + _Thd)'

Combining these two lemmas immediately yields the following result.

Lemma A3. Let (C1)-(C7) be fulfilled and let I;, = [C1h,1 — Cyh]. Then for any
compact subset S C RY,

. log T’
_ =0 —— +h"
ueil,ges flu, ) f(u’xﬂ p( Thdt! * )

logT
; _ —0, (/28— h)
uEiBEES ‘m(u, x) — m(u, x)‘ Op< Thir +

Lemmas A1-A3 directly follow from the results of Chapter 1. Note that Lemmas

A1l and A3 can be shown to hold almost surely rather than only in probability.
This is easily seen when inspecting the proofs in Chapter 1 and keeping in mind

that the model variables are geometrically mixing.

Proof of Theorems 2.1-2.3

In what follows, we give the proof of Theorem 2.3. Theorem 2.1 is obtained by
setting the function A equal to zero in the proof. Some straightforward additional
considerations yield Theorem 2.2.

Using the shorthands K, .1 = Kj(u — £) and K, 7 = [[0_; Ku(a? — X] ), we

can rewrite the statistic St as
St = Th1+d/2/ [V (u, v, ) + Br(u,v, :r)]27r(33)d3:

with

T
1
Vr(u,v,x) = T Z Ku,t,TKa:,t,Tgt,T/f(ua )

t=1

T
1 N
- T g Kv,t,TKx,t,Tgt,T/f(vv'T)
t=1

T
1 t R
BT(%UJ?) = f E Ku,t,TKx,t,TmT(f, Xt,T)/f(ua JU)

t=1
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T
1 t R
-7 Z Kv,t,TKx,t,TmT(Ta Xt,T)/f(Ua x)
t=1

Theorem 2.3 immediately follows from the following three lemmas.

Lemma A4. Under (C1)-(C7), it holds that

Thi*d/2 / V2 (u,v, 2)m(z)de — Br(u,v) -2 N(0,V (u,v)).
Lemma A5. Under (C1)-(C7), it holds that

Tth/Q/BT(u,v,x)VT(u,U,x)w(x)dx =0,(1).

Lemma A6. Under (C1)-(C7), it holds that

Tth/z/B%(u,v,x)w(x)dx = /AQ(U,I')W(ZU)dZB + 0p(1).
We now give the proofs of the above lemmas.
Proof of Lemma A4. We write

Th1+d/2/V7%(u,v,x)7r(x)dx = Ur(u,v)

with Ur(u,v) = Ur(u) + Ur(v) and

T
1 2 7m(x
Up(u) = Th+4/? / (TZ Kusr Kx7t7T5t7T> f?(( ) )
U, T

t=1
T
1 2 m(x
UT(U) = Th1+d/2/ (T tE_l Kv,t,TKa:,t,Tgt,T> AQ ( ) dz.

In what follows, we show that

Ur(u) — Br(u) -2 N(0,V (u)) (2.5)
Ur(v) — Br(v) -5 N(0,V(v)). (2.6)

Combining the arguments for (2.5) and (2.6) with the fact that K, 7K, ;7 = 0
forall t =1,...,T (provided T is large enough), it is straightforward to see that

Ur(u,v) — (Bp(u) + Br(v)) =% N(0, V() + V(v)),

which yields the result.
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In the remainder of the proof, we give the arguments for (2.5), the ones for (2.6)

being exactly the same. To start with, we split up Ur(u) into two parts according

to
UT(U) = Ule(u) + UT72(U) + Op(l)
with
hitd/ - 2 2 (1) 2
Ura(u) = — ; KutT Kactsz(u x)d$> Et.r
pltd/2 T (x
Ura(u) = T ;;KutTKusT /KthszTf &’)x)dx)&tj’fs,%

where we have used the uniform convergence results of Lemmas A1-A3 to replace
the kernel density f (u, z) by the true density f(u,z). We now show that

UTJ(U) = BT(U) + Op(1> (27)
V(1) ?Ur(u) -2 N(0,1). (2.8)
This completes the proof of (2.5). O

Proof of (2.7). It suffices to show that Var(Ur;(u)) = o(1) and E[Ur;(u)] =
Br(u) + o(1). The first claim easily follows from exploiting the mixing conditions
on the model variables. To prove the second claim, we proceed as follows: To start
with, we successively replace X;r with the approximating variables Xt(%), using
the fact that || X7 — X(u)|| < (|% — u| + 7)Upr(u). Similar arguments as in the
proofs of Theorems 1.6 and 1.7 in Chapter 1 yield that

pl+d/2 T

oY ([ K2 ) ()]
> sz ([ T3 - (7))

) (5 ()] o0
oyt f ( /HKh =)

x o (%, z)f(%, z) dz) f;(SC,):U)dx +o(1).

E[Ur(u)] =

h1+d/2

h1+d/2
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Since

Z wt 70 ( (%,z) :/K,%(u—w)a2(w,z)f(w z)dw—i—O(Tlh?))

uniformly in u and z, we further get that

BlUr () =0 [ ([ [ K= w) ﬁlKW ~ )

x o (w, 2) f (w, z)dwdz) BLICORP ST

J*(u, x)
= Br(u) + o(1).
[
Proof of (2.8). We rewrite Urs(u) as
Ura(u Z Zyr(u
with
Zyr(u) = th;d/2 ZKutTKusT /KthszTf:((x) )df€>€t,T€s,T~

s<t

Note that under (C6), {Z;r(u), Frr} with Fr.r = o (Xes1.1, Xers vy -, X, €1,1)
is a martingale difference array. We can thus use a central limit theorem for
martingale difference arrays (in particular Theorem 1 in Chapter 8 of Pollard
37]) to show that Y2, Z,7(u) is asymptotically normal. Tt suffices to verify the
following conditions:

(CLT1) S, E[Z}1(u)] — 0.

(CLT2) o1 E[Z2p(w)|Fiorr] - V(u).

This yields (2.8). O

Proof of (CLT1). We can write

T T

Sz =B S [ [EWate2)

t=1 t=1 s,s',s",8"" 8

X Ws,T(w)Ws’,T(J7>Ws”,T(y)Ws”’,T(z)} f2(u w) ] f2(u Z)
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where 8; denotes the set of index combinations (s, s', s”,s”) with s, s, ", s" < t,

4 4
Wir(w, z,y,2) = Ky o Ko n Koo Ky 0 Ky ey r,
WS,T(w) = KU,S,TKw,S,T687T7

and Wy r(x), Wer r(y), Wen r(2) denote analogous expressions. We partition 8,
into the subsets

8§1) = {(s,5,5",5") € 8 | the indices s,s',s", s" are all different}
8§2) = {(s,5,5",5") € 8 | exactly two of the indices s, s, s", s are the same}
Sg?’) = {(s,5,5",5") € 8 | exactly three of the indices s, s', s, s"" are the same}
S§4) = {(s,5,5",5") € 8 | the indices 5,5, 5", s are all the same}
8,@ {(s,5',5",5") € 8 | the indices s, s', s", " form two different pairs}
and write
T
STEIZ ) = Q% + ...+ QF
t=1
with

T

Q(i) 16h2d+4 Z Z /___/E[Wt’T(w,@y,z)

— 5,88 S”’ES(Z)

m(w)...m(2)

Au,w). .. fA(u, 2)

fori =1,...,5. In the remainder of the proof, the terms Q(Tl), . ,QE,?) are consid-

dw...dz

X Wi ()W 2 (2) Wor () Wonr(2)]

ered one after the other.

We start with Q(Tl ). An index k is said to be separated from another index &', if the
two indices are further away from each other than C; logT" for some large constant
Cy < oo to be chosen later on, i.e. |k — k'| > CylogT. Using this definition, we
split up the index set 8,9) into the two parts

gt — {(s,,",5") € sty | none of the indices s, §', s, 5"
are separated from the index t}
Sith) — {(s,¢,",s") € sty | at least one of the indices s, &', s, 5"
is separated from the index t}

(la

and erte Q(I) + QT , the sums in Q(Tl ) and Qg} ) running over 8§1’ )

and St ; respectlvely. First consider Qg’b) and take a tuple (s, s, s",s") € Sgl’b).
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W.lo.g. we can restrict attention to tuples with ¢ > s > & > s’ > ¢ and
|s" — §""| > Cylog T. (All other cases can be treated in exactly the same way.) As
the model variables are mixing (with exponential decay), we can use Davydov’s

inequality to get
‘E [Wt,T(w7 x,Y, Z)WS T w)Ws’,T<x)Ws”,T(y)Ws’“,T(Z)] ‘

il
Weir (0)Wor 2 (@) W (), W () )

1/(2+9)

= ‘Cov(Wt,T(w, T,Y, 2

< CaCylog T)%/ (3+) <]E‘Ws’”,T(Z) |2+6)
1/(2+4)
% (E‘Wt,T(wa x,Yy, Z)WS,T<w)WS'7T(x)WSN’T(y) |2+6> )
<CT™ %,

where (3 is a large positive constant (which can be chosen as large as desired by
picking Cy large enough). This immediately yields that Q(Tl ) < CT~% with some
arbitrarily large constant C;. As a result, the term Q(Tl ® can be asymptotically
neglected. We next turn to Q(Tl ) As none of the indices s,s', 8", s" are separated
from ¢, the number of elements contained in 8" is smaller than C(logT)* for

each given t. As a consequence,

2d+4
(1,a) h (log T 4 (lOg T)
Qr <C T4  pAd+8 Z Koypr < CT3h2d+3 — 0.

Putting everything together, we arrive at QT — 0.
By analogous arguments, we obtain that ng) — 0 for i = 2,...,5. Consider for
example Qg? ). Because of symmetry considerations, we can assume w.l.o.g. that

s> s > "> ", Given this, the following cases are possible:
(a)t>s=5>5">" B)t>s>5=5">5" (e)t>s>5>5"=45".

For each of these three cases, we can distinguish between different scenarios in
which some of the indices are separated from each other or not. Playing through all
these possibilities and exploiting the mixing conditions similarly as in the analysis
of QTl , we get that QT2 — 0. By similar case distinctions, we can show that

(Z—>0f0r2:345aswell O

Proof of (CLT2). To show (CLT2), it suffices to verify that
! 2 2 P
thl (]E[Zt,T(U)Et—LT] — E[ZLT(u)]) 0 (2.9)
S E[Zp(u)] » V(w). 2.10)
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We first prove (2.9). Using the shorthands
t

Wt,T<x7 y) = KZ,t,TsztyTK 7t7T02 (T

u

7Xt,T)
WS,T(:E) - Ku,s,TKz,s,Tgs,Ta

we have

T

E( Y (B2 ()| r) — ELZ2(w))

t=1

B 1622?4 ZT: > / / (B[Wer(w, 2) Wy, 2) W ()

t,t'=1s,s'<t s" s"<t!

X W (@)W (y)Won 1(2)] = B[W,r(w, 2) Wy r(w)We r(2)]

x E[Wy r(y, Z)Ws”,T(y)Ws”CT(Z)D

m(w)...m(2)
S, w) - f2(u, 2)
We now apply the same strategy as in the proof of (CLT1): By symmetry con-

dw...dz.

siderations, we can assume w.l.o.g. that t > t/, s > &', and s” > s”. Thus, the

following cases are possible:
(a)t >t >s,8,8. " (b)t>s>t'>5 5" (c)t>s8>t>5" 5"

Each of these three cases can be further split up into subcases. For case (a), we

can for example distinguish between the following possibilities:

al

a2

the indices s, s’,s”,s"” are all different

exactly two of the indices s, s, s”, 5" are the same

a4
ad

the indices s, s’,s”,s" are all the same

(al)

(a2)

(a3) exactly three of the indices s,s’;s”, s are the same
(a4)

< ) n

the indices s, s’,s”,s” form two different pairs.

Repeating the arguments from the proof of (CLT1), we can play through all these

cases and proceed analogously for (b) and (c) to arrive at

T

2
E( Y (BIZ2(w)|Fir] - BlZE () 0,
t=1
which immediately implies (2.9).
Using the mixing conditions on the model variables, successively replacing X; 1 by

the approximating variables Xt(%) and then exploiting the smoothness conditions
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on m, o and the densities f, we further obtain (2.10), thus completing the proof.
O

Proof of Lemma A5. First recall that mp(w, 2) = m(w, z) + crA(w, z) with m
satisfying the null hypothesis, i.e. m(u,-) = m(v,-) m-a.s. We thus have

d T
1 + A )
T ; KU,t,TKm,t,TmT (?7 Xt,T) = m(U7 x)f(”) :U) + f Z Kv,t,TKx,t,TAtT(U, x)

t=1

T
t
%Z vtTthTA<T,Xt,T> (2.11)
with Ay r(v,2) = m(%, Xir) —m(v, x). This allows us to write

Th' 2 / Br(u,v,z)Vr(u, v, z)m(z)dr = Qr(u) + Qr(v) + Rr(v) + 0p(1)

with
pl+d/2 T m(z)
Qr(u) = = /t; Ku,t,TKu,s,TK:c,t,Tgt,TKx,s,TAs,T(Uax) . )d
e ()
Qr(v) = T /t; Ko1Ky s Keimee 7 Ko s 761 (v, 35)f (v,x)dx
Rr(v) = %/ Z KvtTKvsTthTEtTszTA< Xs,T) %dl’,

t,s=1

where we have used the uniform convergence results from Lemmas A1-A3 to re-
place the kernel density estimates f(u, ) and f(v,z) by the true densities f(u, )
and f(v,x).

We start by analyzing Qr(u). As a first step, the term is split up into two com-

ponents:
Qr(u) = Qr1(u) + Qra(u)
with
h1+d/2
Qra(u /ZKStT tTgtTAtT(u x)fzﬂ(gj)x)da:
1+d/2
QTZ h /ZZKutTKusTthTgtTszTAsT<u x>f (( ))dSL’

t=1 s#t
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It is easy to see that E[Q7F(u)] < Crarr Thd - — 0, which immediately implies that
Qr1(u) = 0,(1). To cope with the term Qr2(u), we further decompose it into two

parts:
Qra(u) = Qrayv(u) + Qrap(u)
with
h1+d/2
QT2V /ZZKutTKusTthTEtT
t=1 s#t
T
X (Kx,s,TAm,s,T(u) - E[Kx,s,TAs,T(U; J})]) %dw
h1+d/2 (e
QT’Q’B(U) / ZKUtTKusTthTEtTE[ stAS T(U I)] f2(EL L)dﬂf

t=1 s#t

The second moment of Q72 (u) is given by the expression

//Z Z KutrKysr Koy 7Ky s 1

t,t'=1 s#t,s' £t/

h1+d/2

E[Q7 oy (u)] =

x K [Kx,t,Tgt,TKy,t’,Tgt’,T (Kx,s,TAs,T<u7 I‘) - E[Kx,s,TAs,T(ua I)])

(Ky,s',TAs',T(u,y) —E[K, g 1Ay 1(u, ?/)])} fQ(Z(g;g?i ) dzdy.

Using similar techniques as in the proof of (CLT1), this expression can be shown

to converge to zero, which yields that Q2 (u) = 0,(1). Furthermore,

Qrop(u) = Thi+d/? / Wra(u, x)WT,g(u,x)f722’L)dx + 0,(1) (2.12)

with

Wri(u, ) ZKutTE KorrAyr(u, )]

WTz(U SU ZKutTthT&T

t=1

Replacing the occurrences of X;r in Wri(u,x) by the approximating variables

X,(%) analogously as in the proof of (2.7) yields that

WTlux ZKutT/HKh A—Z]

< (m(i2) = )1 (72} + 0(775)
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uniformly in v and x. Since
T
1 t t
7 2 Kuaer(m(75:2) = mlw.2)) 1 (7:2)
t=1

= [ K w) ot =) — ) a2+ 07

uniformly in u, x and z, we further get that

d
Wri(u,z) = // Kp(u—w) HKh(xj — %)
j=1
< (m(a,2) — m(u,2) f(w, 2)dwdz + O + ).
’ ’ ’ The — Th?
Finally, exploiting the smoothness conditions on m and f together with the prop-

erties of the higher-order kernels, standard arguments yield that

1 1
Wrs(u2) = O (K + =+ ﬁ) (2.13)

uniformly in v and x. We thus obtain that

B(T0049% [ W) Watuse) 7 )

ITthH/ Wra(u, 2)Wra(u, y)

T
LS e G0
X (ﬁ ; Ku,t,TE [Kz,t,TKy,t,T8t7Ti| ) fQ(l[,7 l’)f2 (u’ y) dl’dy

1 121
_ 27 d+2 r - S I
= O(T2 (W + s+ ) ) = (1)
Recalling (2.12), this implies that Q2 5(u) = 0,(1). As a result,
Qr(u) = op(1)

and analogously Qr(v) = o0,(1). Similar arguments can be used to show that
Rr(v) = 0,(1). This completes the proof. O

Proof of Lemma A6. Using (2.11), recalling that c; = (Th'*%2)~1/2 and ap-
plying the uniform convergence results of Lemmas A1-A3 to replace the kernel
densities f(u,z) and f(v,z) by the true densities f(u,z) and f(v,z), we obtain

Th [ Biu,0,0)n()ds = Qrlo) + Relu) + Re(v) + W(o) + 0y(1
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with

m(z)

Qr(v) = / (%gKv,t,TKx,t,TA (%th,T>>2mdl’

T

1 2 7(x)
Rp(u) = Thi*d/? / (— KoirKear ) g
T(”) T tz:; T 4,17 t,T(U’7 .T) fQ(u,x) xz
T
Rr(v) = Th1+d/2/ <l Z Ky KyrrAer(v, x)>2 ;T(x) dx
T~ [ (v, 2)
W2, & s 7(z)
WT(’U) = —/ Z [(v,t,T[(v,s,T[(J:,t,T[(:z:,s,TAt,T(Uv:L‘)A _’XS»T —dl’,
T = (T >f2(0,$)

where as in Lemma A5, we use the abbrevation A (v, z) = m(%, X, r) —m(v, z).

It is easy to see that
Qr(v) = /A2(v,x)7r(x)dx + 0,(1).
To analyze the term Rr(u), we decompose it according to

RT(U) = RTJ('LL) + RTQ(U) + RT,g(u)

with
pl+d/2 T
RT,l (u) - / Z Ku,t,TKu,s,t (Km,t,TAt,T(u, gj) —_ E[Kz,t,TAt,T(U, l’)])
t,s=1
T
x (Kz,s,TA57T(U, :E) - E[Kx,s,TAS,T(u7 :E)]) f2 (Ei )x) d:L‘
op1+d/2 T
Rro(u) = T /t; Kyir Ky s B[ Ky irAer(u, x)]
T
x <K$’S’TA57T(U’ I) - ]E[Kx,s,TAs,T(uv l’)]) f2 (El ?CE) dx
pltd/2 T
Rrs(u) = / Z Kyir Ky s BIKyerAer(u, x)]
t,s=1
X E[K, o170 r(u, 1)] () dr
x,8,T—=s,T\U, f2 (u’ x) .

In what follows, these three terms are considered separately. To handle the term

Rri(u), we further split it up into two parts,

Rri(u) = Rria(u) + Rrap(u),
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where
h1+d/2 T\ T
Rr1a(u) = /Z K2 (KaprDir(u, @) — E[Kp o r A r(u, x)])QfQ(EL _):zc) dx
h1+d/2
Ryqp(u) = / Z Kupr Kust (KegrDer(u, ) — B[Ky 0 A (u, 2)])
t=1 s#t
()
X (Km,s,TAS,T(uﬂ .%‘) o E[Km’s’TAS’T(U7 x)]) mdm

Arguing analogously as in the proof of (2.13) yields E[Rr 1 ,(u)] = o(1), which in
turn gives that Rr; ,(u) = 0,(1). By similar arguments as in the proof of (CLT1),
we further obtain that Ryrj,(u) = 0,(1). As a result, Rr;(u) = 0,(1). Repeating
the arguments used to analyze the term Q72 p(u) in Lemma A5, we obtain that
Rro(u) = 0,(1). Finally, to prove that Rr3(u) = 0,(1), we again use arguments
similar to those for (2.13). These yield

Rrs(u) = Th*/2 / {% i KutrE [ ﬁ K (xj - X (%))
=1 =1

5 {) )]} o
= o2 (h + Ti?) )+ O(r"2) = o(1).
Putting everything together, we arrive at
Ry (u) = 0p(1)

and analogously at Rp(v) = o0,(1). Slightly modifying the above arguments, we
get that Wr(v) = 0,(1) as well. O

Proof of Theorem 2.4

The proof mimics the arguments of Lemma A4 in the bootstrap world. We write
St = Ur(u) + Ur(v)

with

m(x)

2
Ku,t,TKx,t,ng:T> = dx
1 f2(u, )

Kv,t,TKx,t,Té?ZT) = ( ) dz.
1 [ (v, 2)

N[ =
[M] =

Ui (u) = TH+P2 / (

Us(v) = Thi+/? / (

t

M| -
M)~

t
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As in Lemma A4, the two terms Uj(u) and Uj(v) can be analyzed separately.
We restrict attention to Uj(u), the arguments for Uj(v) being the same. Us-
ing the uniform convergence results from Lemmas A1-A3, one can show that
%ZL KuirKepreir = O,(y/1og T/Th+1 + h") uniformly in u and z. This

allows us to write

Ur(u) = Ur, (u) + Ura(u) + 0p(1)

with
pl+d/2 T ()
U. K? /Kg dm) erp)?
Tl( ) T ; RN tTfQ(U,ZL') ( t,T)
pi+dz L (z)
Upa(u) = T SN KuwrKusr /thTKst 5 dx)s;TsZ,T.
t=1 s#t f ( )
In what follows, we show that
Uz1(u) = Br(u) + 0,(1) (2.14)
P*(Uy o (1) < 2) = @o (@), (2.15)

where @y (,) is a Gaussian distribution function with mean zero and variance
V(u). Combining (2.14) and (2.15) immediately yields that P*(Uj.(u) — Br(u) <
x) N ¢y (u)(x). This completes the proof.

Proof of (2.14). Noting that

R t o/t
5§,T = 5?,T + 2¢e7 |:m<T7 Xt,T) — m(?, Xt,T)]

t t 2
+ (g X) =z )] e
we have that
pltd/2 T ()
E* U* — KZ (/K2 d )AZ
[ T,1(U)] T ; ut,T x,t,T—fQ(u,$) T )&y T
pi+dz L ()
v ZKS,t,T</K§,t,dex>€?,T + 0p(1)

t=1 !

pi+dz L

=7 ;Ki,t,T]E[(/Kz,t,T%dx)siT} + 0p(1)

— E[Ura(u)] + 0p(1).
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From Lemma A4 we already know that E[Ur;(u)] = Br(u)+o(1), leaving us with
E*[Ur,1(w)] = Br(u) + 0,(1).

Moreover, it is easy to see that Uy, (u) — E*[U7, (u)] = o0p(1). O

Proof of (2.15). We rewrite U7 ,(u) as

UT2 § wstT

t,s=1
with

pl+d/2

7 KutTKusT(fotTKstfg(x) dx)gtTgsT for t # s

otherwise.

* —
ws,t,T -

As the bootstrap residuals are independent conditional on the sample {Y; r, X; 7},
we can directly use the results of de Jong [20] on quadratic forms to show (2.15).
In particular, it suffices to show that the following three conditions are satisfied
(see Theorem 2.1 in [20]):

(CLT1¥) Var*(Us,(u)) — V (u).
(CLT2%) Var'(Us,(u)) ™ maxicoer 3/ Var*(w}, ) = 0.
(CLT3%) Var* (U (1)) 2 E*[Uj(u)!] -2 3.

To show (CLT1*), we proceed similarly to the proof of (2.14). The details are
omitted. For the proof of (CLT2*), note that

d+1 72 A2
max Var stT S C/ max h Ku,s,T|K$757tKy757T|€s,T>

1<s<T 4 1<s<T

m(2)7(y)
(T2 Z tT|KthKytT|5tT> P 2) (0, )dxdy.

Using (2.16) together with the fact that max<s<r e = O, (T*") for v = 6 + 0,
we obtain that

T2/l/
max (hd“KiS’ﬂKw,tKy,S,ﬂéjT) ~0 ( ) (2.17)

1<s<T p hd+1
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Moreover, it is easily seen that

b= o ~(@)r(y) } 1
ﬁ 2 Ku,t,T(// ’Kr’t’TKy’t’ﬂfQ(u, C(Z)fQ(u, y) da:dy)at’T = Op(f) (2‘18)

Combining (2.17) and (2.18), we arrive at

T
* * ]'
max Var (ws’t,T) = Op (W) = Op(l),
the last equality following from the conditions on the bandwidth A listed in (C3).
This shows (CLT2*). For the proof of (CLT3*), we use that

* * 471 * * * * *
E [UT,Z (U) ] - E E [ws,t,TwS’,t’,Tws”,t”,Tws’”,t”/,T]
t¢87tl¢8l,t//¢8// 7t///;‘ésﬁl

=12 Y E (w0 (W), )] +8 Y B (), 0]

t1F#taFAt3FEta t17#t2

* * * * *
+ 48 § : E [wh,t2,th2,tsath37t4,th4,t1,T]
t1#toFt3F#la

+ 192 Z E*[w;,t2,T<w:1,t3,T)2w;fk2,t3,T}
t1#toF#l3

+48 0 B[], 1) (0], 1))
t1#ta#t3
= Qr1+Qra+Qrz+ Qra+ Qrs.

Exploiting the mixing conditions on the model variables yields that Qr; = 0,(1)
for i = 2,...,5. Moreover, noting that Var*(Uz,(u)) = 23, ., E*(wf ,, 7)?, it
is easily seen that Qr1 = 3Var(Usj,(u))® 4 0,(1). This completes the proof of
(CLT3*). O



Chapter 3

Locally Stationary Multiplicative
Volatility Modelling

3.1 Introduction

Given the ever-changing economic and financial environment, it is quite plausible
that many financial time series behave in a nonstationary way. Especially over
longer horizons, structural changes may occur. Thus, the technical assumption of
stationarity is likely to be violated in many cases. This issue has been pointed out
by numerous authors in recent years. In particular, it has been claimed that many
interesting stylized facts of financial return and volatility series can be neatly
explained by employing nonstationary models (see e.g. Mikosch & Starica [33],
[34], and [35]).

An attractive way to deal with nonstationarities in financial time series is the
theory on locally stationary processes introduced by Dahlhaus (cf. [4], [5], and
[6]). Intuitively speaking, a process is locally stationary if over short time spans
(i.e. locally in time) it behaves approximately stationary. In recent years, many
locally stationary models have been proposed in the financial time series context.
Usually, these models are extensions of parametric time series models where the
parameters are allowed to change smoothly over time. Within the family of ARCH
models, for example, Dahlhaus & Subba Rao [8] have introduced a class of ARCH
processes with time-varying parameters.

A closely related locally stationary model which has been explored in a number of

studies is given by the equation

t
Y},T:T<?>8t fort=1,...,T, (3.1)
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where Y; 7 are log-returns, 7 is a smooth deterministic function of time and {¢,;} is
a standard stationary GARCH process with E[e?] = 1. As usual in the literature
on locally stationary models, the time-varying parameter 7 does not depend on
real time ¢, but on rescaled time % We comment on this feature in more detail
in Section 3.2. Model (3.1) has been considered for example in Feng [13], where
the 7-function is estimated nonparametrically. Engle & Rangel [12] work with
a closely related model, where the 7-component is modelled parametrically as a
flexible exponential spline function. A multivariate generalization of model (3.1)
is studied in Linton & Hafner [28].

Model (3.1) can be considered as a GARCH process with time-varying parameters,
with certain restrictions imposed on the parameter functions. In particular, the
unconditional volatility level E[Y;?] is given by the time-dependent function 72(%),
which is allowed to vary smoothly over time. In reality, the volatility level is
unlikely to change deterministically over time. Instead it reflects and varies with
changes in the economic and financial environment. Therefore, the 7-function
should depend on certain economic and financial variables. In model (3.1), these
dependencies are not modelled explicitly. Instead, rescaled time serves as a catch-
all for omitted explanatory variables.

These considerations show that in a more realistic version of model (3.1), the 7-
function should depend on economic and financial influences. However, there is
clearly no way to come up with a model that incorporates all relevant variables.
One way to deal with this is to use rescaled time as a proxy for the omitted

variables. To formalize these ideas, we propose the model
t
}/;,T = T<T7 Xt) €t (32)

where Y, 1 are log-returns, X, is an R%-valued random vector of economic or finan-
cial covariates and 7 is a smooth function of time and the variables X;. As before,
{e:} is a standard GARCH process. To countervail the curse of dimensionality, we

split up the 7-function into multiplicative components thus yielding the model

d
t :
Yir = TO(?) 17Xz, (3.3)
=1
where 79 and 7; for j = 1,...,d are smooth functions of time and the regressors

X7 respectively. As will be seen in Section 3.2, the multiplicative specification of
the 7-function in (3.3) not only avoids the curse of dimensionality but also allows

a direct interpretation of the various components.
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In the following sections, we give an in-depth theoretical treatment of model (3.3).
The complete formulation of the model together with its assumptions is given in
Section 3.2. In Section 3.3, we propose a two-step procedure to estimate both
the nonparametric and the parametric components of the model. To estimate the
nonparametric functions 7; for 7 = 0, ..., d, we extend the smooth backfitting pro-
cedure of Mammen et al. [29] to our locally stationary stetting. Having estimates
7; of the functions 7;, we can construct approximate expressions &, of the GARCH
variables ;. This allows us to estimate the GARCH parameters of the model via
approximate quasi-maximum likelihood methods in a second step. Consistency
and asymptotic normality of our estimators are shown in Section 3.4.

The contribution of this chapter is twofold. From a technical point of view, we
extend the asymptotic results for model (3.1) to a more general framework in
which the 7-function depends both on rescaled time and stochastic regressors.
This vastly complicates both steps of the asymptotic analysis and as a result, we
cannot extend existing proving techniques as provided in Linton & Hafner [28] in
a straightforward manner. In terms of volatility modelling, we introduce a flexible
framework which allows to capture both nonstationarities and influences from the
economic and financial environment. As the component functions 7; in our model
are completely nonparametric, we are able to explore the form of the relationship
between volatility and its potential sources. Therefore, our model allows us to
extend existing parametric studies on the sources of volatility as conducted e.g. in
Engle & Rangel [12] and Ghysels, Engle & Sohn [11].

To illustrate the usefulness of our model and to complement the technical analysis,
we present an empirical example in Section 3.5. There, the model is applied to

S&P 500 return data using various interest rate spreads as explanatory variables.

3.2 Model

In this section, we rigorously introduce our model. We observe a sample of log-
returns Y; 7 and covariates X; for t = 1,...,T, where X; = (X},..., X) is an

R%valued random vector. The return series is assumed to follow the process

d
t ,
Y;57T:TO(T> | | 7;(X])er fort=1,...,T (3.4)
i1

with

2 2 2
ee=omy and o, = wy + apg;_y + boo;_;.
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Here, 7p and 7; (j = 1,...,d) are smooth nonparametric functions of time and
the stochastic regressors, respectively. Furthermore, {¢;} is a strictly stationary
GARCH process with i.i.d. residuals 7, that satisfy E[n;] = 0 and E[5?] = 1. For
simplicity, we restrict attention to the GARCH(1,1) specification.

In order to conduct meaningful asymptotics, we let the function 7y depend on
rescaled time % rather than on real time ¢. Thus, 7y is defined on (0, 1] rather
than on {1,...,7}. In what follows, we denote rescaled time by xy, € (0,1]. It
relates to observed time t € {0,...,T} through the mapping ¢ = [T, where [z]
denotes the smallest integer weakly larger than x. If we defined the function 7y in
terms of observed time, we would not get additional information on the structure
of 7y around a particular time point ¢ as the sample size T increases. Within
the framework of rescaled time, in contrast, the function 7y is observed on a finer
and finer grid on the unit interval as T" grows. Thus, we obtain more and more
information on the local structure of 7y around each point xy in rescaled time.
This is the reason why we can make meaningful asymptotic considerations within
this framework. A detailed discussion of the concept of rescaled time can be found
in Dahlhaus [5].

We make the following assumptions on the model components.
(C1) The process {X;, e, 0.} is strictly stationary.

(C2) The functions 5 and 7; (j =1, ..., d) are twice (continuously) differentiable,
strictly positive, and bounded away from zero. The second derivatives are

Lipschitz continuous.

(C3) The variables X; and ¢; satisfy the condition that E[e?|X;] = E[e?] almost

surely.

Further technical assumptions needed for deriving asymptotic results are given in
the relevant sections.

By assuming in (C1) that the covariates X; and the errors ¢, are strictly stationary,
we restrict the potential sources of nonstationarity in our model. Nonstationarities
stem exclusively from the time-varying trend function 7. If we pinned this function
down at a particular value, say 7y, the resulting model would be strictly stationary.
Thus, the function 7y is supposed to catch all nonstationary fluctuations in the
model. Note that it is possible to weaken (C1) to allow for local stationarities in
the covariates X;. We conjecture that we would obtain almost identical asymptotic

results in this case. We elaborate on this point in Section 3.6.
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Conditions (C1) and (C2) ensure that the process {Y;r} is locally stationary.
Using the smoothness of 7y, we have

Yir —Yt(lfoﬂ <C L — Xy
| T

U, (3.5)

where C' is a constant independent of g, t and T, Y;(x¢) = 70(20) H?Zl (X )es,
and Uy = H?Zl 7;(X7)e;. Note that both {Y;(z0)} and {U,} are strictly stationary

processes. As U; = O,(1), we obtain from (3.5) that

%— xoj) (3.6)

Therefore, if % is close to xp, then Y; 1 is close to Y;(zo) at least in a stochastic

|Yt,T - Yt(ﬂﬁo)‘ = Op<

sense. Put differently, locally in time, the process {Y; r} is close to the stationary
process {Y;(xo)}. In this sense, the process {Y;r} is locally stationary.

We close this section with a remark on the interpretation of the nonparamet-
ric components of model (3.4). First, note that the functions 7,...,7; and the
GARCH residual ; are only identified up to a multiplicative constant in model
(3.4). Thus we are free to rescale them in a suitable way. For instance, if we

normalize the components such that E[e?] = 1, then (C3) implies that

E[Yi7|X:] = ( )HT (x7). (3.7)

Thus, the product of the 7-components gives the volatility at time ¢ conditional on

the covariates X;. If we additionally scale the model to satisfy E[J]%_, 72(X7)] = 1,

j=1 5
we obtain that

t
E[V] =)
i.e. the deterministic function of time 7'0( ) gives the time-varying unconditional
volatility. In (3.7), 73(%) thus specifies the unconditional volatility level and the

product of the remaining components H?:l TJ-Q(th ) is the multiplicative factor by

which the volatility conditional on X; deviates from the unconditional level.

3.3 Estimation Procedure

We now turn to the two-step estimation procedure alluded to in the introduction.
In the first step, we provide estimates of the nonparametric functions o, ..., 74.
In the second step, we use these nonparametric estimates to obtain estimators of
the GARCH parameters. The following assumptions ensure that the various steps

of our procedure are well-defined.
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(C4) The conditional volatility o7 is bounded away from zero and the GARCH
residuals 7; have a density with respect to Lebesgue measure which is

bounded in a neighbourhood of zero.
(C5) The variables X; and ¢; are such that E[loge?|X;] = E[loge?] = 0.
(C6) The variables X; have compact support, say [0, 1]¢.

Assumptions (C4) and (C5) are needed for the first estimation step, as will become
clear in the next subsection. Note that (C4) ensures log e? to be finite almost surely
and that it is thus required for (C5) to make sense. (C6) is only needed for the
second estimation step. For the first step, we could allow the support of X; to be
unbounded and estimate the functions 7y, ..., 7; uniformly over compact subsets
of the support. However, for ease of notation, we assume (C6) throughout the

chapter.

3.3.1 Estimation of the Nonparametric Model Compo-

nents

In order to estimate the nonparametric functions 7y, ..., 74, we do not consider
the multiplicative model (3.4) directly. Instead we transform (3.4) to obtain an

additive structure by squaring and taking the logarithm. This yields
ty  — '
Zyr = m()(T) + 3 my(X7) + ui, (3.8)
j=1

where Z, p := log Y%, m; :=log7} for j = 0,...,d, and u, := logef. The above
transformation is well-behaved under assumptions (C2) and (C4). The functions
mo, ..., mg in (3.8) are only identified up to an additive constant. To identify

them, we assume that
1
/ mo(zo)drg =0 and /mj(xj)pj(mj)dxj =0 forj=1,...,d,
0 R

where p; is the marginal density of th . With this normalization, we can rewrite
(3.8) as

d
t .
Zir = me+mo( ) 2o my(x) (3.9)
j:

where m,. is a constant and by assumption (C5), E[u;|X;] = 0. By a slight abuse

of notation, the normalized functions are again labelled as my,...,mg. In what
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follows, we will write © = (9, x_¢) with xy denoting a point in rescaled time and
T_o=(11,...,74) € R

Equation (3.9) has the form of an additive regression model with component func-
tions my, ..., mg and error term wu;. It is nonstandard in the sense that it contains

the deterministic trend function mg. As a consequence, the model dynamics are not

stationary any more. We obtain estimators my, . .., mg of the functions myg, ..., my
by extending the smooth backfitting approach introduced by Mammen et al. [29]
to allow for these nonstationarities. Estimators of the functions 7y, ..., 7, in (3.4)
are then obtained by setting

7j =/ exp(m;)
for y = 0,...,d. In the remainder of this subsection we introduce the smooth
backfitting estimators my, ..., my. For simplicity, we restrict attention to smooth

backfitting based on Nadaraya-Watson estimators. Alternatively, the approach
could be based on local linear smoothers.

Before introducing the estimator in our setting, we reconsider the standard sta-
tionary case. To do this, we fix the time argument at some point zo € (0, 1], thus

leaving us with the additive regression model

Zy(wo) = me + mo(xo) + > mi(X7) +w, (3.10)

J=1

where the dependent variables Z;(x) are strictly stationary and m,. + mg(zo) is
the model constant. In order to define the smooth backfitting estimators for this

standard model, we introduce the function spaces

F(p) = {g: RIS R | / P (z_0)p(@_o)dz_o < 00}
Faaa(p) = {9 € F®) | 9(x—0) = gu(1) + - + ga(wa) (p as.)},

where p is the joint density of the regressors X; = (X}, ..., X¢), F(p) is the class
of L?(p)-functions and F,qq(p) is the subclass of functions that allow an additive
representation. Further, let TI(Z;(x¢)| X;) be the orthogonal projection of Z;(zy)
onto the space of additive functions F,qq(p) and define

m(zo, ") 1= E[Z,(20)| X:] = argglé}fi(r;)E(Zt(xo) — g(x)))?

Maaa(To, ) = T1(Zy(20)| X;) = arg min  E(Z(z0) — g(X,))".

9€Taaa(p)
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Note that the additive regression function in model (3.10) is given by maqq4(o, -).

Using basic properties of orthogonal projections we obtain that

Madd(To, ) = arg  min E(Zt(:co) — g(Xt))2

9€Fada(p)
: 2
=arg min E(m(zo, X;) — 9(Xy))
9EFaaa(p)
: 2
= arg min / (m(zo, z_0) — g(x_0)) P(z_0)dz_0. (3.11)
9€Faaa(p) JRd

Thus, Maaa(zo, ) solves the projection problem as formulated in (3.11). The
smooth backfitting estimator of maqq(zg,-) is now defined as the solution to an
empirical version of (3.11), where the functions m(xzg,-) and p are replaced by
d-dimensional kernel estimators.

In order to extend the above approach to our framework, we proceed as follows:
We regard rescaled time as an additional regressor and let the Lo-projection in
(3.11) cover the time dimension. With ¢(z) := I(xq € (0,1])p(x_o), this leads to
the projection equation

1
Magq = arg min )/ /d (m(zo, x_o) — g(ﬂfo,x_o))Qp(ﬂf—o)dﬂf—o drg  (3.12)
o Jr

9€TFaaa(q

9€Faad(q)

=arg min / (m(z) — g(x))zq(a:)d:x,
RdJrl
where similar to the standard case

F(q) ={g:R" =R g (w)q(x)dz < oo}

Rd+1

Faaa(q) = {g € F(q) | g(x) = go(wo) + g1(z1) + - - - + galza) (q a.s.)}.

The Lo-projection in (3.12) is with respect to the density function ¢(x) = I(zg €
(0,1])p(z_o) on RTL. Thus, rescaled time is treated in a similar way to an ad-
ditional stochastic regressor which is uniformly distributed over (0, 1] and inde-
pendent of the variables X;. The intuition for this is the following: Firstly, as
the variables X; are strictly stationary, their distribution is time-invariant. In this
sense their stochastic behaviour is independent of rescaled time % Thus rescaled
time behaves similarly to an additional stochastic variable that is independent of
X;. Secondly, as the points % are evenly spaced over the unit interval, a variable
with a uniform distribution closely replicates the pattern of rescaled time.

Just as for the standard stationary model without time trend component we define

the smooth backfitting estimator as the solution to an empirical counterpart of the
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projection problem (3.12) with m and ¢ replaced by kernel estimators m and q.
Hence, the smooth backfitting estimator m of m.,qq is given by
/= arg min / () — 9(2))%d(x)dx, (3.13)
9€Fadd(9) JRrd+1

where the minimization is done under the constraints
/ma‘(%)ﬁj(%)d% =0 forj=0,...,d,

and the function class F,q4(¢) is defined as before with ¢ replaced by the estimate g.
In the above formulas, p; is a kernel estimator of p; for 7 = 0, ..., d, where we define
po(zo) = I(xo € (0,1]). Explicit expressions for these estimators are given below
n (3.15) and (3.18). We further define (z) = L 3" Ky (2o, &) [Tie, Kn(xr, XF)
and let 7 (z) = Y1, K, (20, %) 15, Kn(z, X[)Y,r/q(x) be a (d+1)-dimensional
Nadaraya-Watson smoother. In these definitions,
Kp(v —w)
fol Ky (s —w)ds

Kp(v,w) =

is a modified kernel weight, where Kj(v) = +K (%) and the kernel function K(-)
integrates to one. These weights have the property that fol Kp(v,w)dv = 1 for
all v, which is needed to derive the asymptotic results of the smooth backfitting
estimators.

By differentiation, we can show that the solution to the projection problem (3.13)

is characterized by the system of integral equations

m;(z;) = mj(x;) Z/mk pk; :1:;,;1:]) dzxy — me (3.14)
(2

/ i (x)p;(x;)da; = 0
for 7 =0,...,d with m, = %ZtT:l Zyr. The kernel estimators which show up in

(3.14) are given by
1 < }
= 72 Kl XD (315
p]k .Z‘],l’k ZKh LL’j, Kh<Ik,Xk> (316)

ZKh zj, X ZtT/I%(%)- (3.17)
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for j,k =1,...,d. Here, p; is the one-dimensional kernel density estimator of the
marginal density p; of th , Djk is the two-dimensional kernel density estimate of
the joint density p;; of (X7, XF), and 7n;(z;) is a one-dimensional local constant

smoother. Further,

R 1 t
Po(wo) = T Z Ky <$07 T) (3.18)
=1
; IS (e B e, X
Do (To, T1) = T Z n(%0: 7 n(Tk, X7) (3.19)
t=1
i RS t .
1o (7o) = T Z Ky (330, f) Zyr/po(zo). (3.20)
t=1

Note that it would be more natural to define po(zo) = I(x¢ € (0, 1]), as we already
know the “true density” of rescaled time. However, for technical reasons, we set
Po(zo) = % S K (o, %). This creates a behaviour of py at the boundary of the
support (0, 1] analogous to that of p; for j =1,...,d.!

A solution to the set of equations (3.14) can be obtained by an iterative projection
algorithm, which converges for arbitrary starting values, see Mammen et al. [29],
who also establish the asymptotic properties of this solution under very general
high order conditions. To prove consistency and asymptotic normality of our

estimators, we show that these high order conditions are satisfied in our framework.

3.3.2 Estimation of the Parametric Model Components

To motivate the second step in our estimation procedure, we first consider an
infeasible estimator of the model parameters. Suppose that the nonparametric
components 7¢,...,75 were known. In this situation, the GARCH variables &2

would be observable, since

2
Yir

. 3.21
2O T, 72(XD) (3:20)

e =

! Alternatively, we could define pg(xg) = fol K} (z,v)dv. (Note that fol Kp(zg,v)dv = 1 for
xo € [2C1h,1 — 2C1h], where [—-C1, C1] is the support of the kernel function K.) Moreover, we
could set Po (o, k) = Po(zo)Pr(zk), thereby exploiting the “independence” of rescaled time

and the other regressors.
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The GARCH parameters ¢y := (wo, ag, bp) could thus be estimated by standard

quasi maximum likelihood methods, where the quasi log-likelihood is given by

T 2
Z log v (¢ ). (3.22)
=1 T

Here, ¢ = (w, a,b) and

fort =1

= (3.23)
w+ag?  + bt (¢) fort=2,...,T

v (¢) =

is the conditional volatility of the GARCH process with starting value v3(¢) =
w/(1—0).
As the functions 7¢,..., 72 are not observed, we cannot apply this standard ap-
proach. However, given the estimates 73, ..., 77 from the first estimation step, we
can replace £? by the standardized residuals

Yir
~ d ~
76 () Tlims 72 (X0)

and use these as approximations to 7 in the quasi maximum likelihood estimation.

(3.24)

& =
The quasi log-likelihood then becomes

Z log 2 @;(t S ), (3.25)

where analogously to (3.23),

B fort=1
()= (3.26)
w+ag? |+ b2 (¢) fort=2,...,T

is the approximate conditional volatility. Our estimator gz~5 of the true parameter

values ¢ is now defined as

¢ = arg max Ir(9), (3.27)

where the parameter space ® is assumed to be compact. In comparison to this, the
standard maximum likelihood estimator for the case in which the T-components

are known is defined as

~

¢ = argmax iz (¢). (3.28)
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3.4 Asymptotics

In Subsection 3.4.1 we treat the nonparametric estimates 7y, ..., 74 and in Subsec-
tion 3.4.2 we give results on the GARCH estimates ¢.
In order to derive the asymptotic properties of the nonparametric estimators, we

need the following assumptions.

(C7) The kernel K is bounded, has compact support ([—Ci,Cy], say) and is
symmetric about zero. Moreover, it fulfills the Lipschitz condition that
there exists a positive constant L such that |K(u) — K(v)| < Lju — v|.

(C8) The density p of X; and the densities p(o; of (X¢, Xipq), [ = 1,2,..., are
uniformly bounded. Furthermore, p is bounded away from zero on [0, 1]%.

The first partial derivatives of p exist and are continuous.
(C9) Let Zy = Zyr — mo(%). For some 6 > £, E[|Z,]%] < oc.

(C10) The conditional densities fx,z, of X; given Z; and fx, x,,,z, of

(X, Xoyy) given (Zy, Zyy), 1 =1,2,. .., exist and are bounded.

Ziti

(C11) The process { Xy, ey, 04} is strongly mixing with mixing coefficients « satis-

fying a(k) < a* for some 0 < a < 1.

(C12) The bandwidth h satisfies either of the following:

(a) T'5h — ¢, for some constant c.

(b) T1t9h — ¢, for some constant ¢, and some small § > 0.

Note that the above assumptions are very similar to the conditions that can be
found in Mammen et al. [29] for the strictly stationary case. It should also be
mentioned that we do not necessarily require exponentially decaying mixing rates
as assumed in (C11). These could alternatively be replaced by sufficiently high
polynomial rates. We nevertheless make the stronger assumption (C11) to keep
the notation and structure of the proofs as clear as possible.

Additionally to the above assumptions, we require the following conditions to hold

for the GARCH estimates to be consistent and asymptotically normal.

(C13) The parameter space ® is a compact subset of {¢p € R3|¢p =
(w,a,b) with 0 < Kk < w,a <K < oocand 0 < b < 1} with constants k
and . The true parameter ¢g = (wy, ag, by) is an interior point of ® and
ag+ by < 1.
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(C14) E[¥] < oo, for some ¢ > 0.
(C15) E[e? ;&2 .| X7 ] < C uniformly in i, j, and k.

(C13) is a standard assumption in the theory on GARCH models. (C14) and
(C15) are rather technical assumptions that are only needed to show asymptotic
normality of the GARCH estimates.

3.4.1 Asymptotics for the Nonparametric Model Compo-

nents
We now give asymptotic results for the estimators 7y, ..., 74 in our multiplicative
model. First, we derive the asymptotic properties of the estimates myg, ..., my in

the additively transformed model. From these results, we can directly infer the
asymptotic behaviour of their multiplicative counterparts.

In view of the second estimation step, we require uniform as opposed to pointwise
convergence as well as a uniform expansion of the estimates. The latter is provided
in Appendix A. The former is given in the following theorem, which shows that
mg, - . ., Mg converge uniformly to the true functions at the usual one-dimensional
nonparametric rates. The theorem also characterizes the asymptotic distribution

of the nonparametric estimates.

Theorem 3.1. Suppose that conditions (C1)-(C11) hold.

(a) Assume that the bandwidth h satisfies (C12a) or (C12b). Then, for I, =
2C1h, 1 — 2C4h] and I = [0,2C1h) U (1 — 2044, 1],

- log T
sup [ (2;) = m (z,)] = 0,(\/ =) (3.29)
sup my(x;) —my(;)] = Op(h) (3.30)
i,

forallj=0,....d.

(b) Assume that the bandwidth h satisfies (C12a). Then, for any xg,...,xq €
0,1),
mo(zo) — mo(xo)
T3 : ~5 N(Bp(x), Vin(2))

md(l‘d) — md(ZL‘d)
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with the bias term B,,(x) = [c2Bo(xo), - .., c2Bq(xq)] and the covariance ma-
triz Vi,(z) = diag(vo(zo), ..., va(za)). Here, vo(xo) = ¢ e d e o vu(l)
and vi(x;) = ¢, cxol(x;)/pi(x;) for j = 1,....d with cx = [ K*(u)du,
Yu(l) = Cov(uy, upyr) and o3 (x;) = Var(u|X] = ;). Furthermore, the func-
tions Bj(x;) are the components of the Lo(p)-projection of the function [ de-
fined in Lemma C3 of Appendiz C' onto the space of additive functions.

The rates of convergence given in Theorem 3.1(a) differ for the interior and bound-
ary regions of the support of the covariates. In particular, the rate near the bound-
ary in (3.30) is slower than in the interior (3.29). However, the slow convergence
at the boundary does not pose a problem for the second estimation step as the
size of the boundary region shrinks sufficiently fast as T" — oo.

The asymptotic results for my, ..., my carry over to 7y,..., 74 and their squared
version. This is clear from the fact that 7, = \/m for 7 =0,...,d. As
we are mainly interested in the squared version of the estimates, we report the

asymptotic results for these in the following corollary.
Corollary 3.1. Suppose that conditions (C1)-(C11) hold.

(a) Under the conditions of Theorem 3.1(a), it holds that

sup () = )] = 0,y ) (331)

72 (x;) — 72 (x;)| = Oy(h) (3.32)

J J

sup
T EI}?

forallj=0,....d.
(b) Under the conditions of Theorem 3.1(b), it holds that
76 (x0) — 73 (o)
T z 5 N(Br (), Va()),
7a(xa) — 74 (x4)
where the bias B;(x) and the variance V,(x) are as in Theorem 3.1(b) with

i B5(x;) replaced by 77(x;)c; B;(x;) and v;(x;) replaced by 77 (x;)v;(x;).

The main idea of the proofs is to exploit the fact that rescaled time behaves
similarly to a random variable which has a uniform distribution on (0,1] and is

independent of the other covariates. The details are given in Appendix A.
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3.4.2 Asymptotics for the Parametric Model Components

Given the estimators for 72,...,72 from the first step, the GARCH parameters
¢ are estimated by gz~5 as outlined in Subsection 3.3.2. In this subsection, we look
at consistency and asymptotic normality of (5 The following theorem establishes

consistency.

Theorem 3.2. Suppose that the bandwidth h satisfies (C12a) or (C12b). In ad-
dition, let assumptions (C1)-(C11) and (C13) be fulfilled. Then ¢ is a consistent
estimator of ¢q, i.e.

= do.
We next give a result on the limiting distribution of the GARCH estimates which

shows that these are asymptotically normal.

Theorem 3.3. Suppose that the bandwidth h satifies (C12b) and let assumptions
(C1)-(C11) together with (C13)-(C15) be fulfilled. Then it holds that

V(9 ¢o) = N(0.5).
Details on the covariance matriz 3 can be found in Appendix B.

The proof of asymptotic normality is the theoretically most challenging part of
this chapter. The details are postponed to the appendices. For now we will be
content with providing an outline. By the usual Taylor expansion argument, we

arrive at

. 1 %p(d)\-1 1 dlp(o
VTG~ b0) = (RO 0Ny _Orldn)
T 0¢p0¢ VT 0¢
where ¢ is an intermediate point between gz~5 and ¢g. As in the standard case, we
can show that the second derivative on the right-hand side converges in probability
to a deterministic matrix. The asymptotic distribution is thus determined by the

term \/ifal%(fo), which we rewrite as

VT 06 VT 06 \VT 06 T 00

L dlr(¢o) _ 1 0lr(¢) +( L Olr(¢) 1 azT(qbo)).

We will show that this term is asymptotically normal. The main challenge to
do so is to derive a stochastic expansion of the term As. This requires rather

involved and nonstandard arguments which are presented in detail in Appendix B.
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In particular, we cannot just extend the arguments presented in Linton & Hafner
[28] to fit our setting. Once we have provided the expansion of As, we are in a
position to apply a central limit theorem to the sum A; + As, which completes
the proof. We will see that the term A, is itself asymptotically normal and thus
contributes to the limit distribution of \/LTMTa—(fO)' As a consequence, we obtain
a larger asymptotic variance than in the standard case (where only the term A;
occurs). This reflects the additional uncertainty that results from not knowing the

functions 7y, ..., 74.

3.5 Application

To illustrate our model, we apply it to a sample of daily financial data spanning
the period from the beginning of 2001 until the middle of 2010. The estimated

model is given by
- -
Vir =78 () [T et (3.33)
J:

where Y, p are S&P 500 log-returns and the covariates are various interest rate
spreads. Specifically, we include the default spread defined as the difference be-
tween the yield of Aaa and Baa bonds. This is commonly used as a measure for
credit default risk. We also include the term spread between 10-year and 3-month
treasuries in order to capture the slope of the yield curve. Finally we include the
LOIS, the difference between the LIBOR and the return on the overnight interest
swap, which is used as a measure for liquidity in the interbank market.?

The estimation results for the nonparametric model components are presented
in Figure 3.1. The solid lines represent the estimators 7~'j2, the dashed lines are
the pointwise 5% confidence intervals. The bandwidths for the function fits are
chosen by a rule of thumb following the application in Yu, Mammen & Park [42].
For j = 1,2,3, the estimates 77 are normalized such that 77(z") = 1, where 27"
is the median of the j-th covariate X]. This means that the effect of the j-th
covariate on volatility is normalized to 1 if it takes a “normal” (i.e. its median)
value. Note that due to this normalization, the estimate 72 gives the time-varying

unconditional volatility only up to a multiplicative constant.

2All data are taken from the Federal Reserve Bank.
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Figure 3.1: Multiplicative function fits

The curves in Figure 3.1 are to be interpreted as follows. As already mentioned,
the estimate 72 specifies the unconditional volatility level up to a multiplicative
factor. Furthermore, as

B[] = () f[wz'), (3:34)

the estimates %]2 for j = 1, 2,3 can be interpreted as the multiplicative effect of the
covariates th on S&P 500 volatility. To illustrate this, let us compare volatility
between two different settings. Hold the covariates X, fixed at some value T_j.
Change X from its median 2" to some value r;. From (3.34), one can then see
that volatility is changed by the factor 77 (z;)/77(27") = 77(x;). Consequently,
the fits %f(acj) estimate the factor by which volatility gets increased or dampened,
when the j-th covariate changes from a normal value (i.e. its median) to some

other more extreme value.
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We now look at the estimated component functions in Figure 3.1 one after the

other, starting with the functions that depend on the three spreads.

e The bottom left hand panel shows that the effect of the default spread on
volatility is an increasing monotonic function. Interestingly, it is highly non-
linear. In particular, for relatively low as well as for moderate values around
the median, the function is close to one. This means that there is next to
no effect on volatility in these areas. However, for large values of the de-
fault spread there is a sharp increase of the function. Thus, a large value of
the spread, i.e. high risk of credit default, dramatically increases S&P 500
volatility.

e The bottom right hand panel depicts the effect of the LOIS. The overall
shape is similar to the one for the default spread. The only real difference is

the range of the function and thus the size of the effect on volatility.

e In the top right hand panel, one can see the estimated effect of the term
spread. The function has an inverted U-shape. This means that both for
very large and very small values of the term spread volatility is dampened.
It is hard to give a clear intuition for this result. A possible explanation is
that the term spread is not only a risk premium but also an indicator for
the future state of the economy. The shape of the curve may reflect the

interaction of these two roles of the spread.

We next turn to the discussion of 73. A rescaled version of 7§, which estimates the
unconditional volatility level, is given by the solid line in Figure 3.2. The dashed
line is the estimated unconditional volatility obtained from the simpler model (3.1)
without covariates.

Both curves in Figure 3.2 clearly show the volatility increase in the two recent
crises. The hump at the beginning of the sample corresponds to the aftermath of
the technology crisis and the events after 9/11, whereas the one at the end depicts
the recent financial crisis. Interestingly, the unconditional volatility level in our
model is much lower in the recent financial crisis than the level in the simpler model
without covariates. This suggests that our regressors explain a considerable part of
unconditional volatility in the recent crisis. During the earlier crisis, however, the
difference between the two curves is not so striking. Thus, the explanatory power

of our covariates in this period seems to be moderate (if it exists at all). This is
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quite plausible as these variables are from the financial sector and the turbulence

following 2001 was not primarily driven by events in this sector.

- = Trend only model
—— Model with covariates

Unconditional Volatility Level

S~ - -

I I I I I
2002 2004 2006 2008 2010

Date

Figure 3.2: Time-varying unconditional volatilities

We finally come to the estimation results for the parametric model components. In
Table 3.1, we compare the GARCH estimates of our model with the ones obtained
from the simpler model (3.1) and from a standard GARCH(1,1) model.

n a b a+b
Standard GARCH(1,1) 0.012 0.082 0.911 0.992
Model with trend 0.034 0.075 0.891 0.966
Model with trend and covariates | 0.057 0.064 0.878 0.942

Table 3.1: GARCH parameter estimates

The sum of the two estimated parameters @+ b reported in the last column of Table
3.1 measures the persistence of shocks to volatility. One can see that this persis-
tence measure decreases from 0.992 to 0.966 when accounting for time-varying
unconditional volatility. This is in line with previous findings in the literature
(compare e.g. Feng [13]). Including our covariates in the model further decreases
the estimated persistence to 0.942. Note that the reported decrease in persistence
is quite dramatic even though it may seem rather small at first sight (compare the

discussion in Mikosch & Starica [33] on this issue).
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To sum up, our results suggest that we can explain a good deal of S&P 500
volatility by our model. However, for an in-depth analysis one would also need to
validate the model. Specifically, such a step would aid in the choice of covariates.
One possible model validation procedure is described in Nielsen & Sperlich [36].
Finally, from a practitioner’s perspective it would also be interesting to look at

the forecasting performance of the model.

3.6 Extensions

We use this section to discuss possible extensions and amendments to the model.

3.6.1 Estimation of the Covariance Matrix X

It is not at all trivial to construct a consistent estimate of the covariance matrix >
introduced in Theorem 3.3. This results from the very complicated structure of 3.
In particular, the exact expression for ¥ involves functions obtained from a higher
order expansion of the stochastic part of the backfitting estimates (see Theorem
Al in Appendix A). It is very complicated to calculate the exact form of these
functions and even more challenging to give consistent estimates for them. The

construction of a consistent estimate of X is thus a difficult theoretical problem.

3.6.2 Efficiency Gains

We next discuss how to gain efficiency in the estimation of both the nonpara-
metric and parametric components of the model. For this purpose, we adapt the
procedure in Linton & Hafner [28].

First consider the nonparametric model components. If we knew the variables o,

we could divide the multiplicative model (3.4) by them to obtain
Y, 1
t,T j

Squaring and taking the logarithm would then yield an additive regression model
with error terms v, := log n? — E[log n?]. These terms have a smaller variance than
the errors u; = loge? in the additive regression (3.9). In particular, Var(v;) =
Var(logn?) < Var(logo?) + Var(logn?) = Var(u;). This suggests that at least

for j = 1,...,d, the infeasible smooth backfitting estimates based on equation
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(3.35) are more efficient in terms of asymptotic variance than our estimates.®> Not
knowing the variables o;, we could use our estimation procedure to get initial
estimates of them. Plugging these estimates into (3.35), it should be possible to
obtain feasible smooth backfitting estimates with smaller asymptotic variance.

We now come to the parametric model components. Again, it should be possible
to adapt the procedure described in Linton & Hafner [28] to our setting in order
to gain efficiency in the estimation of the parametric model parts. In the case of
normally distributed GARCH residuals 7;, we may even be able to obtain estimates
that reach the semiparametric efficiency bound. We omit the details and refer the

interested reader to the description of the procedure in Linton & Hafner [28].

3.6.3 Locally Stationary Covariates

Finally, one may want to allow for locally stationary regressors in model (3.4). In

this case,
£ T |
Yir = 7'0<?> HTj(XiT)gt fort=1,...,T,
]:

where ¢, is a strictly stationary GARCH residual as before, but where the covari-
ates X, now form a locally stationary process.

In this extended model, we face the following problem: If the regressors are locally
stationary, their stochastic behaviour may change over time. As a consequence,
rescaled time will not behave like an additional regressor any more that is indepen-
dent of the other covariates. This drastically complicates the asymptotic analysis.
In particular, it is not clear whether it is still possible to obtain one-dimensional

convergence rates for the backfitting estimates.

3.7 Conclusion

We have proposed a new semiparametric volatility model, which generalizes the

2
T

Rangel [12]. These models are able to account for nonstationarities in the volatility

class of models Y; 7 = 7()ey, as for example considered in Feng [13] and Engle &
process. In addition, we are able to include covariates in a nonparametric way,
hence allowing us to flexibly capture the effects of the financial and economic

environment.

3Whether the infeasible estimate for j = 0 is more efficient depends on the autocorrelations of the

errors u;. Specifically, there are efficiency gains if and only if Y 7> Cov(ug, ug) > Var(v).
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We have derived the asymptotic theory both for the nonparametric and the para-
metric part of the model. To estimate the nonparametric model components, we
have extended the smooth backfitting approach of Mammen et al. [29] to our non-
stationary setting. Given the backfitting estimators, we were able to construct
GARCH parameter estimates and to show that they are asymptotically normal.
In particular, they converge at the fast parametric rate even though the nonpara-
metric smoothers from the first step have slower nonparametric convergence rates.
We have finally illustrated the strengths of our model by applying it to financial
data. In particular, our semiparametric approach allows us to estimate the form of
the relationship between volatility and its potential sources. Therefore, we manage
to go beyond existing parametric approaches such as in Engle & Rangel [12] and
Ghysels, Engle & Sohn [11].

Appendix A

In this appendix, we prove Theorem 3.1, which describes the asymptotic behaviour
of our smooth backfitting estimates. For the proof, we split up the estimates into a
“stochastic” part and a “bias” part. In Theorem A1, we provide a uniform expan-
sion of the stochastic part. This result is an extension of a related expansion given
in Mammen & Park [30] in the context of bandwidth selection in additive models.
The bias part is treated in Theorem A2. The proof of both theorems requires
uniform convergence results for the kernel smoothers that enter the backfitting
procedure as pilot estimates. These results are summarized in Appendix C. As
will turn out, both theorems are not only needed for the first estimation step but
also for the derivation of the asymptotics of the GARCH estimates in the second
step. In what follows, we use the symbol C' to denote a finite real constant which

may take a different value on each occurrence.

Proof of Theorem 3.1

We decompose the backfitting estimates m; into a stochastic part m;‘ and a bias

part m? according to
iy () = mg (x;) + mj (x;).

The two components are defined by

. . . Ok, (Tk, T .
mf(xj) = mf(:vj) — Z/mf(xk)w dxj, — mf (3.36)

=y i)
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for S = A, B. Here, m; and P denote the stochastic part and the bias part of

the Nadaraya-Watson pilote estimates defined as

ZKh zj, X ut/pj(xj) (3.37)

ZKh z;, X mc—l-mo( ) +Zm] /pj ) (3.38)

for j = 0,...,d, where we set X? = t to shorten the notation. Furthermore,
me =+ Zt Lup and mfP = Zt 1{mc+mo( )—i-z _,m;(X])}. We now analyse
the convergence behaviour of m and m separately.

We first provide a higher order expansion of the stochastic part ﬁ’LJA. The following
result extends Theorem 6.1. in Mammen & Park [30] (in particular equation (6.3)

of this theorem) to our locally stationary setting.

Theorem A1l. Suppose that assumptions (C1)-(C11) apply and that the bandwidth
h satisfies (C12a) or (C12b). Then uniformly for 0 < z; <1,

T
1 1
= A ~ A
mj (J}J) = m] (.T]> + ? ;Tjﬂg(l'j)ut + Op(ﬁ)’
where r;,(-) :=1;(%, Xy, ) are absolutely uniformly bounded functions with
I7je(w) = rja(w)| < Cla —
for a constant C' > 0.

Proof. We cannot apply Theorem 6.1. in Mammen & Park [30] directly, which
treats the i.i.d. case. In what follows, we outline the arguments needed to deal with
our locally stationary setting. For an additive function g(x) = go(xo)+. ..+ ga(zq),
let

bi9(x) = go(o) + ... + gj—1(z5-1) + g5 (25) + gja1 (i) + .- + galza)
with

pkxumk
9;(x;) = = Z/gk S k‘i‘Z/gkxkpkﬂﬁkdiUk

k#j

Using the uniform convergence results from Appendix C and exploiting our model

assumptions, we can show that Lemma 3 in Mammen et al. [29] applies in our
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case. For m™(z) = m{' (x9) + ... +m7(xq), we therefore have the expansion

:ig’%x

r=0

where 5 = ¢+ ¢ and 7(z )_Q/Afd g (o) — ] + -+ dalriiy (wa) —
miy_ ]+ [ (za) —m2] with m; = [md(z;)p; (2 ) z;. Now decompose m”(z)

according to

m (x) = i (x) = + Y ST (F(x) — (i (x) — ) + Y S (x) — )
r=0 r=1

with m?(x) = mi(zo) + ... + M (ze) and mf = my + ...+ mz2,. We show that

there exist absolutely bounded functions a,(x) with |a;(x) — a,(y)| < C|lx —y|| for

a constant C' s.t.

00 T
A 1 1
ST(mA(x) —mt) = = ar(x)u +0<—> 3.39
> ) = i) = 1 Dl on (= (339
uniformly in z. A similar claim holds for the term ) S7(7(x) — (™ (z) —md)).
Asmd = (d+1)7 S°7 | uy, this implies the result.
The idea behind the proof of (3.39) is as follows: From the definition of the oper-

ators 1@', it can be seen that

9

S ) — ) = 3 (D Sinle) (3.40)

=j+1

<.
Il
o

with

ﬁ.’ €T i €T R .
Sik(xj) = — / _];(,(;.)—k)(m?(%) — gy )day.
VAN

In what follows, we show that the terms S;;(z;) have the representation

S;k(xj) = 12T:(pjkxj’ >) 1>ut+op<%> (3.41)

t=1 p] x] pk(X

uniformly in z;. Thus, they essentially have the desired form £ Y, wyx(z;)u; with

some weights wy ;. This allows us to infer that

A

S0 () — i) = 2 S b+ op(%) (3.42)
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uniformly in z with some absolutely bounded functions b, satisfying |b,(z)—b;(y)| <
C||lz — y|| for some C' > 0.
To show (3.41), we exploit the mixing behaviour of the variables X;. Plugging the

definition of 7n;! into the term S;, we can write

T
1 Dik(xj, 21)
S p(r) = —— /%Kﬂ:,){kd:ﬂ—lu.
J:k( J) T;( pj(xj)pk(mk) h( k t) k ) t

Then applying the uniform convergence results from Appendix C, we can replace

the density estimates in the above expression by the true densities. This yields

Sule) =23 [ B, Xy~ 1) 0, 7=)

= \J pi(x;)pe(ze)

uniformly for x; € [0,1]. In the final step, we show that
1 ( pin(5, X7) > 1
wg) = = >0 (B 1)y, 0, (—=)
wlts) = = ; pj(x;)pe(XF) VT

again uniformly in z;. This is done by applying a covering argument together
with an exponential inequality for mixing variables. The employed techniques are
similar to those used to establish the uniform convergence results of Appendix C.

Finally, again using the results from Appendix C, it can be shown that

- &r (o~ A ~ A S r—1 &/ A . 1
;S (™ (z) — ) Z;s S(mA(:L’)—m?)—i—Op(ﬁ) (3.43)

uniformly in x, where S is defined analogously to S with the density estimates
replaced by the true densities. Combining (3.42) and (3.43) yields the result. [

We now turn to the bias part mf.

Theorem A2. Suppose that (C1)-(C11) hold. If the bandwidth h satisfies (C12a),

then
Sup [P (z;) — my(x;)] = Op(h?) (3.44)
sup |mf (x;) —mj(x;)] = Oy(h) (3.45)

IjEIfL
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for 3 =0,...,d. If the bandwidth satisfies (C12b), we have

T
. 1 ;
Sup my (z;) + T > my(X{) = my(x)| = O,(h%) (3.46)
Ti<th t=1
T
N 1 ;
Sup my (z;) + T > omy(X]) = my(x;)| = Oy(h) (3.47)
L&ty t=1

for7=0,...,d.

Proof. The result follows from Theorem 3 in Mammen et al. [29]. To make sure
that the latter theorem applies in our case, we have to show that the high-order
conditions (A1)-(Ab), (A8), and (A9) from [29] are fulfilled in our setting.* This
can be achieved by using the results from Appendix C, in particular the expansion
of ﬁzf given in Lemma C3, and by following the arguments for the proof of Theorem
4 in [29]. To see that (3.44) has to be replaced by (3.46) in the undersmoothing
case with h = O(T~(i19), note that

/OéT,k(xk)ﬁk(Ik)dxk = %ka(Xf) +0,(h?)

with £ 37 my(XF) = Op( 7). Using this in the proof of Theorem 3 instead of
[ arp(zp)pe(zr)da, = yrj + 0p(h?) with v7; = O(h?) gives (3.46). O

By combining Theorems Al and A2, it is now straightforward to complete the
proof of Theorem 3.1. O

Appendix B

This appendix contains the proofs of Theorems 3.2 and 3.3, which show consistency
and asymptotic normality of the GARCH estimates. By far the most difficult part
is the proof of asymptotic normality, which is split up into different bits. We first
give the main steps of the argument, postponing the major technical issues to a
series of lemmas. As already pointed out in Subsection 3.4.2, the main challenge of
the proof is to derive a stochastic expansion of \/Lfai%—fo). This expansion is given
in Lemmas B1-B3. Note that as in Appendix A, C' denotes a finite real constant

which may take a different value on each occurrence.

“Note that (A6) is not needed for the proof of Theorem 3 as opposed to the statement in [29].
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Preliminary Remarks

To start with, we list some facts that are useful for the proof of Theorems 3.2 and
3.3. These facts concern the behaviour of the approximate GARCH variables &;
and of the conditional volatilities 92(¢), which were defined in Subsection 3.3.2.

For ease of notation, we use the shorthand 7(z) = H;l:o 7;(z;) in what follows.

(G1) We can express €7 — €7 as
20t ¥ ~2
o o ofT (X)) =T (t >]
2= R(=, X
o R 72(%7‘;(0 i t

with Supxe[07l]d+1 |R€($)| = Op(h2>

(G2) The conditional volatility v?(¢) has the expansion

t—1 t—1
_ _ _ w
2 ¢):w;bk 1+a;b’“ A

which yields that
t—1
U (¢) — vi(9) = Z ab® (& — el p)-
k=1

(G3) It holds that
oz sup p |57 (6) — vi(9)] = Op(h).
(G4) It holds that
1 1 vi(¢) —5(9)
7o) v e)  vH(@)vE(9)
with max;<;<r supyeq |Ri(@)| = Op(h?).

(G5) The derivatives of v?(¢) with respect to the parameters w, a, and b are given

by
M) bl

t o k—1

ow kz:;b + 1—0
3“?(@ — k—1_2

= b* e
da Z b=k
=1

MAHP) P (el S -

5 _w<k:1(k—1)b T T >+az 1)bE2e2 .

The above facts are straightforward to verify. We thus omit the details.
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Proof of Theorem 3.2

Let I7(¢) and I7(¢) be the likelihood functions introduced in (3.22) and (3.25) and

define
1

(o) = E[—l }
By the triangle inequality,

sup |—ZT ¢) —U(¢)] < sup |—lT ¢) — %ZT<¢)} + (S;ég ’%ZT(¢) —1(9)|.

ped PED

From standard theory we know that

1
sup | 217(6) ~ ()] = 0,(1)
$eD
and that [(¢) is a continuous function of ¢ with a unique maximum at ¢q. If we

can further show that

1~ 1

2122 {TZT(QS) - TZT(¢)| = op(1), (3.48)

then standard theory on M-estimation implies gz~5 £ ®o-
In order to prove (3.48), we decompose the difference %ZNT(gb) — +lr(¢) into three
parts (A), (B), and (C) and show that each of these is uniformly o,(1). We write

1- 1
TZT(¢) - fZT(¢)

1 < -9 & 1 « 2 e
:—TtX;(logvt(qb)Jr~2(¢))+T;<10gvt(¢)+ t2(¢)>

1 &, S L L (T(0) —v(0)\ | 1 el -
:T;(logvt(qﬁ)—logvt(éb))JFf;ft( 52(8)02(9) >+?; 02(9)

In order to prove that (A), (B), and (C) are uniformly o0,(1), it suffices to show
that

max. (S;elg |97 (0) — v} (8)] = 0,(1) (3.49)
—Z\~2—at]—op 1) (3.50)

V(@) > Vin >0 and  92(¢) > Uiy > 0 for some constant vpy. (3.51)
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(3.49) is implied by (G3). Moreover, (3.51) is automatically satisfied, as by (C13)
t—1 t—1 w
20\ _ Z k-1 k—1_2 -1
’Ut(qb)—wk_lb +a;b Et—k_l_b 1——bszE>0

and the same holds true for 9?(¢). For the proof of (3.50), we use (G1) together
with Corollary 3.1 to obtain

T T 20t ~9( ¢
1 2 2 1 o T Xi) — 77, Xi) 13
IR R D (L, X,) +R5(f’Xt>
t=1 t=1 T
1
= Op(@f thz = Op(h)
t=1
O
Proof of Theorem 3.3
By the usual Taylor expansion argument, we obtain
10lr(p) 100 1 2% (o) -
0= — T(d)) _ T(¢0) - T(¢) (¢ . qu)

T 99 T 0¢ T 0pOpT

with some intermediate point ¢ between ¢, and gz~5 Rearranging and premultiplying
by VT yields

N 2 Plr(¢)\—1 1 dlr(¢o)
VT (¢ — o) = —(f 3¢3¢T> JT 06

In what follows, we show that

%algf(’) —45 N(0,Q) (3.52)
1%p(d) p
Tagoer (3.53)

where () is some covariance matrix to be specified later on and J is an invertible

deterministic matrix. This completes the proof.

Proof of (3.52). We write

1 9lr(¢o) _ 1 alT(¢0)+< 1 Jlr(¢y) 1 35T(¢0))
VT 0 VT 09 VT 00 VT 0¢;
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with
1 dlr(¢e) 1 Blr(de) 1 2\ 1052 O0v\ 1
VT 06 T 06 ‘__th:;(l_v_%ﬂaé_a?i)v_% &
1 & E2\002 1 1
7o (%G -7 ©®
1 o e2 &\002 1
1 <& v2 — 02\ 002
+ 77 (e o)

¢
where we use the abbreviations vZ = v2(¢) and 2 = 92(¢p). In what follows,
we show that (A) and (B) are asymptotically negligible, whereas (C') and (D)

contribute to the limiting distribution.

We start with (A) and (B

~—~
~—

T ~2 2 ) 2
(G5 G- ) 4 - 5) (e~ o))

Using (G2), we can show that |07 — v7| = b'"'|o} — $%|. With this, it is easy to

see that .
1 eZ\ (00F  Ov}
A) = —— (1——t)< t t) +o(1).
=) o) e
=1 e —
=(1-n7)

As (1 —n?) is a martingale difference, we can use results from empirical process
theory to show that (A) = 0,(1). Analogously, we obtain that (B) = 0,(1).

Next we consider the terms (C') and (D). We restrict attention to (D), as this is
the more complicated term. (C') can be treated analogously. Successively replacing
the approximate expressions 7 and 7 in (D) by the exact terms and using (G1)

and (G3) to eliminate the resulting errors yields

1 a v — 02\ Ov? 1
ﬁ§€< vpv? >a¢z + ol
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By analogous arguments as for (A) and (B), we can further replace some of the

occurrences of v2 by o? to get

1 g2 (v — v\ Ov?
==y 4 o,(1
(D) T 0t2< olo? )8@ +op(1)

Exploiting again the martingale difference structure of (—2 —1)=(n? — 1) gives
0y

D)— Ly (—“tz‘ﬁ?)a—’)f+ifj< P (IO )
T =\ oio} /¢ T = e oio? /] 0¢;
T 8
1 v — 02\ Ov}
__T;< olc? >3¢Z (1)

Once more using (G1)—(G3) and writing m(x) = m, + mo(xo) + ... + mg(xy) for
short, we can infer that

T -1
(D)—LZ(M2 L tZabk L2, —&2 ) +0,(1)
- T 8¢'0‘20'2 t t—k p
t=1 <ttt k=1
=:G¢
T t—1
1 _ I ( B X k) — ( Xt k)
=—>» G abF~te?. + O,(h*)| + 0,(1)
T; t; L (5 Xik) 0] +o,
t—1

[EXP\St—k )T %,thk —m %,thk
3 [ ) S

t=1 k=1
T t—1
1 ro/t—k t—k
= _TZGt abk’laf_k m( T , Xy k) —ﬁl(T,Xt,k)] + 0,(1),
t=1 k=1 )

where the third equality is by a first order Taylor expansion with an intermediate
point &_4 between m( , X¢_1) and m( , X¢—1). We finally split up the differ-
ence m(=E, X;_1,) —m(E, X;_y) into its additive components and decompose the

various components into their bias and stochastic parts. This yields

with
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(Dy;) = ZGtZabk 12 kThA(Xf_k)
VT
t—1

(Dp) \/— ; Gy Z bkilgik [mj(th—k) - m?(th—k) - % ; m]<Xg)]

t—k
7
As in Appendix A, m;‘ denotes the stochastic part of the backfitting estimate m;

for j = 0,...,d, where for ease of notation we have used the shorthand X? , =

and mf denotes the bias part.
In Lemmas B1-B3, we will show that

== Z e.pUt + 0p(1) (3.54)

(Dv;) = \/—ZQJD( Xt>ut + 0p(1) (3.55)

(Dp;) = 0p(1) (3.56)
for all j =0,...,d with u; = log(e?). Here, g. p is a constant which is specified in
Lemma B2 and g; p for j =0,...,d are functions whose exact forms are given in

Lemma B1. Using (C15), these functions are easily seen to be absolutely bounded

by a constant independent of 7. To summarize, we obtain that

T d

1 /

NG Z [gch + Z%D (T?Xt)}ut + 0,(1).
t=1 j=0

Repeating the arguments from above, we can derive an analogous expression for
(C). We thus get that

(C)+ 1T fjg( X )y + 0y(1)

t=1

with a function g(%, X;) = g. + Z?:o 9;(%, X) whose additive components are
absolutely bounded. Recalling that (A) = 0,(1) and (B) = 0,(1), we finally obtain
that

1 3Z~T(¢0) 1 Olr(do)
=0~ T, \/_Z ( Xt>ut+0p(1) (3.57)

with an absolutely bounded function g.

We next consider the term %TBI%W more closely. W.l.o.g. we can take ¢; = a.

(The case ¢; = b runs analogously and the case ¢; = w is much easier to handle.)



Appendiz B 129

By similar arguments to before,

T
L Olrlon) L sny sy L
VT 09¢; T vi /) O v
T t—1
1 1—772 _
== (o) LV o)
t=1 t k=1
Furthermore,
-1 T—-1 T
1 (1 77t2>t k—1_2 p—1 1 1_77152 2
— Ple2 =Nt ( ) 3
CalogT T 9
1 1—n
= Y U= Y ()t o)
k=1 \/thkﬂ T

=7 i ( ’ bk*1€f_k) (1;—;’?> +0,(1),

t=1 k=1

where Cy > 0 is a sufficiently large constant and min; 7 := min{t — 1, Cylog T'}.
For the second equality, we have used the fact that the weights b* and b converge
exponentially fast to zero as 7,k — oo. This implies that only the sums up to

CslogT with some constant Cy are asymptotically relevant. Summing up, we

have that
olr( minT —n?
\/IT §¢ — ;( Z bhle )( Ut"f) +0,(1). (3.58)
Combining (3.57) and (3.58) yields
1 dlp(¢e) 1 Olp(de) 1 = [t
T ming 7 2
= Jr ol )n - (3 ) () o
t=1 k=1 t

T
1
= —— Y Zyr+0,(1),
VT

i.e. the term of interest can be written as a normalized sum of random variables
Z; 1 plus a term which is asymptotically negligible.

We now apply a central limit theorem for mixing arrays to the term \% ZtT 1 Zur
In particular, we employ the theorem of Francq & Zakoian (2005), which allows the



130 3. Locally Stationary Multiplicative Volatility Modelling

mixing coeflicients of the array {Z; r} to depend on the sample size T". Verifying

the conditions of this theorem, we can conclude that

1 8ZT(¢0)

\/_ 96, — N(0,07)

with
o0 2
0' E|:/\2(X0)U,0i| — 2E|:)\1 X() U()(Zbk 12 >< ;70)]
k=1 90
© 2 2
[(Zbk 152 ) < > i| + 2 /\11 Xo,Xl)U()Ul}
k=1
— 28 s (8 ) ()]
= 1—
2]E[)\X ( b’“?) )}
1\A)Uy Zl a
where we use the shorthand A (x fo w, z)dw, \a(z fo (w, z)dw, and
Aa(z, ) fo g(w, x")dw. Usmg the Cramer—Wold device, it is now easy
to show that ~
1 0l
) N0.Q)

VT 09
The entries of the matrix () can be calculated similarly to the expression o2. We

omit the details as the formulas are rather lengthy and complicated. O

Proof of (3.53). By straightforward but tedious calculations it can be seen that

1 P0(0)  10%(6)|
T ogact T agact |~ )

From standard theory for GARCH models, we further know that

1 lp(p) p
Togoor 7

with some invertible deterministic matrix J. This yields (3.53). O

In order to complete the proof of asymptotic normality of the GARCH estimates
we still need to show that equations (3.54)—(3.56) are fulfilled for the terms (D.),
(Dy,;), and (Dp;). We begin with the expansion of the variance components

(Dy;), as this is the technically most interesting part.
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Lemma B1. [t holds that

T
(Dv) = 7= > 030X e on(1)
with
9.0 (%,X ) = g0 (X)) +9]SgF<f,Xs>
for7=0,...,d. The functions gj7 W and gSBF are absolutely bounded. Their exact
form is given in the proof (see (3.63) and (3.66)-(3.68)).

Proof. We start by giving a detailed exposition of the proof for j # 0. By
Theorem A1, the stochastic part m;.‘ of the smooth backfitting estimate m; has

the expansion

T
1 1
= A - A
i (5) = i () + = D () + 0, (=)
T JT
uniformly in z;, where m is the stochastic part of the Nadaraya-Watson pilot
estimate and 7;4(-) = rJ(T, X, -) is Lipschitz continuous and absolutely bounded.

With this result, we can decompose (Dy ;) as follows:

1
(Dv) = _TZ 22 ab" el o (X] L)
9 =

T t-1
ov? 1 ~
= _Z ab*~! € k@gbt gA(th—k)

iabk—lsz ka’U?L[lir, (Xj )u] + 0,(1)
t— a¢2 2 t2 T8:1 7 t—k p

o0

In the following, we will give the exact arguments needed to treat (D%/V) The
line of argument for (D‘S/?F ) is essentially identical although some of the steps are

easier due to the properties of the r;; functions.

W.lo.g set ¢; = a and let m;;, = max{k +1,i+ 1}. Using 9v?/da = 31— b 12,
and m ( J) T Zs 1 Kh(x], g)US/% 23:1 Kh(xjan)a we get

T—-1
(DNW Zabk 12611
K (Xg‘ k,X') 1

" u] (3.59)
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In a first step, we replace the sum % ZUT K (X] L, X7) in (3.59) by a term which
only depends on X J _ . and show that the resulting error is asymptotically negligible.
Let g;(z;) fo Ky(zj, w)dw p;(z;). Furthermore define

Nl =
[M]=

Bj(z;) = E[Kn (5, X)) = q;(;)
v=1
1 T
V](x]) = TZ (Kh(xyuX ) — E[Kh(xan )])
v=1
Notice that sup,, cjo,1] [Bj(2;)] = Op(h) and sup, o7 |V;(@;)] = Op(\/log T/Th).

From the identity %Zvll Kn(z;, X7) = q;(z;) + Bj(zj) + Vj(z;) and a second

-1

order Taylor expansion of (1 + x)~" we arrive at

1 L (g Bl Vita)y
T u Knle, X3) a5(w)) <1 i q;(z;) )
__ 1 (i Bi=) + Vi) )
B q;(z;) <1 q;(x;) + Op(h )) (3.60)

uniformly in z;. Plugging this decomposition into (3.59), we obtain

T—-1 -1 T T ‘
(DNW) Z bk 1 Z bi—l [L Z Z th k> ) 1 52 52 .
k=1 i=1 \/T s—1 P q] th k) Jt202 t—k“t—i s

* t

= (D7) = (DY) + 0,(1)

with
T-1 T-1 T T .
1 1 B;(X),) 1
NW,B k—1 i—1 J t—k 2 2
(DVJ )= ab Zb [_TZ? Z Kn(X{_, XJ) q2(Xg ) atgatggt kEt—ilhs
k=1 =1 s=1 t=m; J -
T-1 T-1 T T ;
1 1 Vi(X],) 1
(DXWV) = 37 aph-1 7 gt [— 2N Ku(XT,, X9 e &2 u,
)= W VG 2 2 BN X e

As sup, g, | Bj(z;)] = Op(h?) and sup, e | Bj(;)| = Op(h), we can proceed sim-
ilarly to the proof of Lemma B3 later on to show that (D]‘XJW’B) = 0,(1). Next we
will show that (DNWV) = 0,(1). Let E,[-] denote the expectation with respect to
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the variables indexed by v, then

T T ; :
DNWV )| = ’Z ab- 1 bzfl [Lzl Z Kh(Xi_;?,Xz) 1 2 2
- ST A XL ote T

v=1
T-1 T-1 1 X 1 1
< abk_lzbZ*(— Z ‘ 5;:2 ki
k=1 i=1 \/Tt:m qu(Xt] k)
T
X sup | S (K, X) = Byl Ky, X))
x;€[0,1] v=1
T
X sup ‘_ZKh(meg)l%)
z;€[0,1] o1

1 1 5 5 )
o
(X otor T

(& J/
-

=0,(v/T) by Markov’s inequality

Together with the fact that (D]‘XJW’B) = 0,(1), this yields

T T
a1 1 A .
(DYW) = E:ab’“ 1§ :b 1[ﬁ§ = D KX XD + 0,(1), (3.61)
s=1 t=m; 1

where we use the shorthand py* = (¢;(X]_,)o202) €2 2 ..
In the next step, we replace the inner sum over ¢ in (3.61) by a term that only

depends on X7 and show that the resulting error can be asymptotically neglected.
Define

(X1 XT) = &N (X4 XT) o= KX XDy — B [KG (XD, XT) ),

where E_[-] is the expectation with respect to all variables except for those de-

pending on the index s. With the above notation at hand, we can write

(DY) = Zabk 121;1 1[\/_2 Z E_[Kn(X) k,XJ),ui’k]us]

tmlk

+ (RYY) + 0,(1),
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where
T-1 T-1 T '
(R%W) — Z abi1 Z pi-1 [_ Z — Z (X, Xg)us}
k=1 =1 ﬁ s=1 T t=m; i
CalogT CalogT 1 T 1 T
= 3wty [— = > e X u} +o,(1) (3.62)
k=1 i=1 ﬁ s=1 t:ml k

for some sufficiently large constant Co > 0. Once we show that (Ry)) = 0,(1),

we are left with

T-1 T— 1 T 1 T
(DY) = 3 aph? sz (727 > Bl X ua| + 0,(1)
k=1 i=1 s=1  t=m;
T T- T‘ T —m; : o
§§;(§: B R KL (X XD s + 0,(1):
=1 k= =1

As the terms with i, k > Cslog T are asymptotically negligible, we can expand the
1 and k£ sums to infinity, which yields

[e.o]

ZXZW“ZV%wMXMw1ﬁﬁMD
ML

DNW _

W (X )ug + 0p(1) (3.63)

with

,ui,k B 1 1 g2 g2
0 = vi —kE—i
%(Xj_k) 0-80-(% ‘

1
0¥ = [ KX w)dw py (X,
0

Thus it remains to show that (Ry)) = 0,(1), which requires a lot of care. We
will prove that the term in square brackets in (3.62) is 0,(1) uniformly over i, k <
Cslog T, which yields the desired result. It is easily seen that

T T
o 1 1 j j
P = P(i,kgcl*?fégif‘ﬁz? Z g(Xt—kaXs)Us

s=1 t=m;
CalogT CalogT 1 T 1 T
< P ‘— - X7 XY, >5)
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for a fixed 0 > 0. Then by Chebychev’s inequality

Py <

= T352 Z Z [ th k,Xj)usf( k?X]) }

s,8'=1t,t'=m;

=T§52 > B[O XDuE (X, XDy |

(s,8",t,t" )T 1

1 ) ) ) ‘
T T36H2 Z E[S(Xt]—kvXg)usf(thLng/)usl]

(s,s" t,t")EDy i,

Plk + PZQk’

where I'; 1, is the set of tuples (s, ¢/, ¢,t') with 1 < s, ¢’ < T and m; < t,t' < T such

that one index is separated from the others. We say that an index, for instance ¢,

is separated from the others if min{|t — ¢|, |t — s|, |t — §'|} > C3logT, i.e. if it is

further away from the other indices than C5logT for a constant C3 to be chosen

later on. We now analyse P, and P?, separately.

(a) First consider le If a tuple (s, s',¢,t') is not an element of I'; , then no index

can be separated from the others. Since the index ¢ cannot be separated, there
exists an index, say ¢, such that [t —#'| < C5logT. Now take an index different
from ¢t and ¢/, for instance s. Then by the same argument, there exists an index,
say ', such that |s — ¢'| < C3logT. As a consequence, the number of tuples
(s,8,t,t') ¢ Ty is smaller than CT?(logT)? for some constant C. Using
(C14), this suffices to infer that

| kr| T352 Z

(Svsl’tzt/)¢ri,k

| Q
IA

Hence, |P};| < C9*(log T')~* uniformly in 4 and k.

The term Pfk is more difficult to handle. We start by taking a cover {I,,}'7,
of the compact support [0, 1] of Xf x- The elements I,,, are intervals of length
1/Mr given by I, = [%Tl, i) form=1,....Mr—1and I =[1 - MiT,l].
The midpoint of the interval I, is denoted by Tm. With this, we can write

Mt
Kn(X]_y, X1) = Z I(X] € Iy)

m=1

X [Kn(@m, X7) + (Kn(X]_y, X7) = Kn(m, X2))]. (3.64)
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Using (3.64), we can further write

Mr
S X9) = Y {1(XT € L) K XD
m=1
—E[1(X € L) K@, X1}
+ 3 I € L) (B(XE s X3) = K, X2) 1"
m=1

— B 1(X] € L) (Kn(XT s X2) = Kl X2)pi']}

=: 51(th4€ng) + 52(th—k’ X7)

1 . ) . .
‘Pz2,k = T352 Z E [61 (Xt]—kﬂ Xg)usg(XtJ’flw X£’>us’}

(S,S’,t,t/)eri’k

1 ) . . ) 21 22
+ T352 Z E[&(Xg—k?Xg)usg<Xg’—k’Xg’)u8’] = Pz’,k + Pz‘,k :
(Svslvtvt/)eri,k

We first consider Pf,’f Set My = CT(logT)*h™3 and exploit the Lipschitz
continuity of the kernel K to get that | K, (X7_,, X7)— K (2, X7)| < h—(’;|Xj
Zm|. This gives us

My

¢ i
[€2(X7 4 XD <53 Z ( LX)y € Ln)| Xy — 2 i

m=1

g[(xﬂ;kefm)M—

+E[I(XL, € L)l XL, — ol 1"])

~~

<I(X] €lm)Mp?
< o i+ L) (3.6
Plugging (3.65) into the expression for Pf,’f, we arrive at

1 . ) . .
}Pilﬂ < T352 Z E[l&(Xt]—kvXﬁ)l‘usan’—k’Xg')US’ }
(s,s",t,t")eT; i

1 C ik
< T362 Mrh? Z EEK/Lt 'HE[Nt ])|u55( k7X] s

1]

(s,8",t,t") €T i <Ch 1

Q

1

= 2 {log Ty

Oq



Appendiz B 137

We next turn to Pﬁ,’:. Write

21 _ 1 -
Pz‘,k T oT3s2 Z (Z Sm)

(Svs,)tt/)eri,k m=1

with
= B[ {1001 € L) i, X2y — B [1(X]y € B Koo, XD}
X usg( k,Xg/>usli|

and assume that an index, w.l.o.g. t, can be separated from the others. Choos-
ing U5 > Cy, we get

S = Cov(I(XLy, € L) — ELI(X], € L),

Kh<xm,xz>u35<xz;_k,Xﬁj»w)

C C

< h2( a([Cs — Cy] logT)) h2( (03—02)1ogT)17 < Zp=Ca

iIQ

with some Cy > 0 by Davydov’s inequality, where p is chosen slightly larger
than 2. Note that the above bound is independent of ¢ and k and that we
can make Cy arbitrarily large by choosing C5 large enough. This shows that
|Pl2k1| < C67*(logT)~? uniformly in ¢ and k with some constant C'.

Combining (a) and (b) yields that P — 0 for each fixed § > 0. This implies that
(Byj™") = 0,(1),
which completes the proof for the term (Dy}").

As stated at the beginning of the proof, the term (DyZ*) can be treated in exactly

the same way. Following analogous arguments as above, one obtains

— = &K & -
(DY) = Do ab S0 = 30 2 DT Elra(X )G i +0y(1)
k=1 i=1 s=1 t=m; i
T o) o
= iTZ (Zabk DY VTR [ H (X7, )(ék]>us+0p(1)
s=1 k=1 =1
T
- %nggF(%aXs)uﬁOp(l) (3.66)
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. ik _
with ¢ = (ofof) "'l et

Finally, the proofs for j = 0 are very similar but somewhat simpler and are thus

omitted here. For completeness we provide the functions gé\f and gSBF :

o (7) = (33 <) [ et

g&?}%%&) _ <;abk—1 ;bi—lE[gglgg _kg_iD/O ro.s(w)dw. (3.68)

=1

v (3.67)

[]

Lemma B2. It holds that

1 T
= = Z Je,DUs
\/T s=1
with
_ k-1 i—1 2 2
Je.D = ; ab ; b—E [—0303 8_1-8_4 .

Proof. Using the fact that

:—ZZST me + = Zmo< )+§:%imj(X£)+%Zus»

with G; = avf o (0fo7)~". Now let m, ), = max{k+1,i+1} and assume w.Lo.g. that
o; = a. Then

t—1 T -1 t—1
1 1 1
k—1.2 i—1_2 k—1
EO Gy bl = Y :(2 il l>0202§ abFle?
t=1 k=1 t=1  i=1 Ut p=1
CalogT CalogT 1 T
= ab®? E bt E €;_i€ip +0p(1)
- 2 _2%t—i~t—k p
T t Ot
k=1 =1 t=m;

with some sufficiently large constant Cy. Using Chebychev’s inequality and ex-
ploiting the mixing properties of the variables involved, one can show that
T

1 1 1

2 2

max — E (—gi.gi - E 5 &2 D:O 1.

7%kSCzlogTT't Ut201€2 t—i=t—k 152 o t—i“t—k P( )
=My
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This allows us to infer that

T t—1 CalogT CalogT 1 T 1
Z Zabk 12— Z abk1 Z bz—lf Z E[a% g2 &2 k] + 0,(1)
t=1 k=1 k=1 i=1 t=m t
oo o 1
=S @Y TR et et o),
k=1 i=1 9090
which completes the proof. O

Lemma B3. It holds that
(Dp,j) = 0p(1)
for7=0,....,d.

Proof. We start by considering the case j = 0: Define

t
Jh:{tE{l,,T}Oth?Sl—Clh}

t

J#,c:{te{lvaT}l_Clh<T}
t

J,i,cz{te{L...,T};T<clh},

where [—C1, C] is the support of K. Using the uniform convergence rates from

Theorem A2 and assuming w.l.o.g. that ¢; = a, we get

1 a2 1 &
D = ’— ——t abte?
‘( B 0)’ T ; a ‘715201:2 ; t—k

t—1 t—1
DU abh e g It -k € J )
t=1 =1 k=1
1 T t—1 t—1
+O,(h)—=D_ D by abtre e Itk e )
T t=1 i=1 k=1
C T t—1 t—1
+ op(hz)—T SN 6 abt el gl (It -k € Jy)
t=1 i=1 k=1

By Markov’s inequality, (Dé’io) = 0,(h*VT) = 0,(1). Recognizing that
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(i) It—keJy,)<IteJy,)forall ke{0,....,t -1}
(i) S, I(t € Jp,) < C1Th,

we get (Dﬁg ) = O,(h*VT) = 0,(1) by another appeal to Markov’s inequality.

Jl
This just leaves (D B}t’oc ), which is a bit more tedious. By a change of variable
j =1— k7

T t—1 t—1
Jb 1 .
(D) =) > Ve )y ab eI € gy
ﬁ t=1 i=1 7=1 !
1 T t—1 " t—1
() Zl 1 et 1 (5] € i) Zlabt—f—le§f(j €Jh)
t=1 i= j=
1 T t—1 + t—1
=S ([g] ¢ ) Sar e g
t=1 i=1 j=1
=: (A) + (B),

where [z] denotes the smallest integer larger than 2. Realizing that [t/2] € J} _ only
if t < 201hT, we get (A) = O,(h*V'T) = 0,(1) once again by Markov’s inequality.
In (B) we can truncate the summation over j at [t/2] — 1, as I(j € J; ) = 0 for
j > 1[t/2)if [t/2] ¢ J} . We thus obtain

T t—1 [t/2]-1
B <0, S, S
t 1 i=1 j=1
1 t—1 [t/2]-1
h)— b[t/Q] bi—l (lbt_j_l_[t/Q]SQ_iSQ».

By a final appeal to Markov’s inequality we arrive at

1
(B) = 0y(WOy( 7= ) = (1),
thus completing the proof for j = 0.

Next consider the case j # 0. Similarly to before, we have

T t-1 -1
1

wmwoWTZZHZM%ﬁmwﬁm

t=1 =1 k=1

~

T t-1

Oylh) 7= 303 b

t—1
t=1 =1 k=1

abt el et (I(X] & In)

~
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t—1 t—1

0,(2VT) + 0, ( )ZT: b~ 1Zabk 12 2 (XD, ¢ 1)

t=1 i=1 =

~\~
=:RT

with [, = [2C1h,1 — 2C}h] as defined in Theorem 3.1. Using (C15), it is easy to
see that Ry = O,(h), which yields the result for j # 0. O

Appendix C

For completeness, we collect some standard type uniform convergence results in
this appendix which are needed to prove Theorem 3.1. These can be shown by
small modifications of standard arguments as given for example in Masry [32] or
Hansen [17]. We start with the kernel density estimates p; and p;j. Using the
notation py(xo) = I(zo € (0, 1]), we have the following result.

Lemma C1. Suppose that (C1)-(C11) hold and that the bandwidth h satisfies
(C12a) or (C12b). Then

sup |p;(x;) — pj(z;)| = O, +o(h)  (3.69)

$j€[h

sup |p;(x;) — kol(z;)p;(z;)| = O,

)
log T) +Oh)  (3.70)
)

0<z,;<1 ( Th

. log T
sup |pj,k(acj, zg) — pjk(T;, xk)| = O,,( & 5 )+ o(h) (3.71)

acj,mkEIh Th/

. log T

sup ‘pm(xj,:ck) — /ﬁo(xj)mo(xk)pj7k(xj,xk)| = Op< The ) +O(h) (3.72)
0<z;,r,<1
for j,k =0,....d with j # k, where ko(v) = [ Kp(v,w)dw and I, = [2Cyh,1 —
20,1).

Proof. We restrict attention to (3.72), the other results following by analogous
arguments. For j, k # 0, we are in the standard strictly stationary setting and can
immediately apply results from Masry [32] or Hansen [17]. The case j = 0 and
k # 0, where we simultaneously smooth in the direction of time and the regressor
X can be handled by using similar arguments. In particular, we apply a covering
argument together with an exponential inequality for mixing variables. To do so,

we have to show that Th*Var(pg (o, zx)) < C uniformly in xq and zj, which is
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achieved by exploiting that

T
1 t C
sup  — K’”(x,—)ﬁ
0c(0.1] T tzl: h 0 T hr—l
t+1 C
72 Koo ) Koo 1) < 5
I S Z w0 ) Kwo =7 ) < 5

]

We now examine the convergence behaviour of the one-dimensional Nadaraya-
Watson smoothers 7; defined in (3.17) and (3.20). For the stochastic part mZ,

we have

Lemma C2. Under (C1)-(C11) together with (C12a) or (C12b),

B log T
$sel%)l]}m z;)| = <V—Th ) (3.73)

Proof. The case j # 0 is standard. For the case 7 = 0, we have to modify the

forall 3 =0,...,d.

arguments in a similar vein to Lemma C1. O]

For the bias part mf, we have the following expansion:

Lemma C3. Under (C1)-(C11) together with (C12a) or (C12b),

sup ‘m (xj) — ﬂTﬁj(xj)‘ = 0,(h?) (3.74)
xjelh
Sup My ;) — fir(;)] = Op(h?) (3.75)
Ticly

forall j =0,...,d, where

Dik(j, 1) 2 p(x)
pr(x;) = arg+ ar;(x;) + /a p(Tp)="————"dxp + h /ﬂ(x) dx_;.
o) =ano ) ; P () piley)

Here, ary = m. and

hikq(xy)

Ko(7k)
)= 3 [ i ) + i)

with ko(zy) = [ Kp(ag, w)dw and kq(zy) = [ Ky (@, w) (Z5E ) dw.

arg(zy) = me(zg) + my ()
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Proof. The result can be proven by exploiting the smoothness conditions imposed
on the densities p; and p;; as well as the functions m; and by using the fact that
for | =0,1,2,

1 < tN\ (7 — To\! w — To\! 1
T;Kh<x0’f>< ; )z/Kh(aso,w)< . >dw+O(T_h">

uniformly for zy € I}, with r = 1 and uniformly for zy € I; with r = 2. We omit

the details. Compare also the relevant parts in the proof of Theorem 4 in Mammen
et al. [29]. m
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