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TESTING FOR STRUCTURAL
CHANGE IN TIME-VARYING
NONPARAMETRIC
REGRESSION MODELS

MICHAEL VOGT
University of Konstanz

In this paper, we consider a nonparametric model with a time-varying regression
function and locally stationary regressors. We are interested in the question whether
the regression function has the same shape over a given time span. To tackle this test-
ing problem, we propose a kernel-based L,-test statistic. We derive the asymptotic
distribution of the statistic both under the null and under fixed and local alternatives.
To improve the small sample behavior of the test, we set up a wild bootstrap pro-
cedure and derive the asymptotic properties thereof. The theoretical analysis of the
paper is complemented by a simulation study and a real data example.

1. INTRODUCTION

In this paper, we are concerned with a testing issue in the nonparametric regres-
sion framework

t
Yir ZM(?,XT,T)—FSZ,T forr=1,...,T, €))

where E[g; 7|X;,7] = 0 and the covariates X; 7 = (X}’T, . X:{T) have dimen-
sion d. The regression function m in this setting is allowed to vary over time.
Moreover, the regressors X; 7 are not restricted to be stationary but are allowed
to be locally stationary. Intuitively speaking, a process is locally stationary if over
short periods of time (i.e., locally in time) it behaves approximately stationary.
Throughout the introduction, we stick to this intuitive concept of local stationar-
ity. A formal definition is given later on. Note that as usual in the literature on
locally stationary processes, we have rescaled the time argument of the regression
function to the unit interval.

We are interested in the question whether the function m(u, -) in model (1)
has the same shape for all time points u within a given time span I C [0, 1]. Put
differently, we want to test for structural stability of the regression function over
the time period /. The main goal of the paper is to develop a formal procedure
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to do so. Depending on the application, the time span / of interest may take dif-
ferent forms. In some applications, it will be an interval. In others, it will be the
union of disjoint intervals. In our data example in Section 6, for instance, we in-
vestigate whether the regression function of a volatility model has the same shape
within two different crisis periods, i.e., within two disjoint time intervals. To ac-
commodate these different situations, we do not restrict the time period / to be an
interval but rather allow it to be a finite union of intervals.

As a special case, we can set I = [0, 1]. This amounts to testing for global
stability of the regression function m. There is a wide range of articles which
analyze this testing issue in a parametric setting where the function m is known
up to a finite number of time-varying coefficients; see e.g., Chen and Hong (2012),
Kristensen (2012), or Zhang and Wu (2012) for some more recent references. If
the model at hand is an autoregressive process with time-varying parameters, then
the issue of testing for parameter stability is closely related to that of testing for
stationarity in a locally stationary setup. Procedures to test for stationarity within
a general class of locally stationary processes have been developed, for example,
by Paparoditis (2009, 2010), Dette, PreuB3, and Vetter (2011), and PreuB3, Vetter,
and Dette (2012). These articles approach the problem in the frequency domain
and construct procedures to test whether the spectral density of the time series
process under investigation is time-invariant.

Whereas the issue of testing for structural stability has received much attention
in the parametric regression case, there is relatively little work in the nonpara-
metric case. Hidalgo (1995) considers the model Y; 7 = g(%, X:)+ &, where the
regressors X; are restricted to be strictly stationary. He develops a conditional
moment test for the hypothesis that g(u, -) = g(-) for a fixed function g(-) and all
time points u € [0, 1]. Su and Xiao (2008) suggest a CUSUM type test in a similar
setting. They allow for nonstationarities in the covariates but analyze the behavior
of their test statistic only on a rather specific type of (local) alternatives. Finally,
Su and White (2010) set up a test for structural change in partially linear models.

A related strand of the literature deals with estimating the location and size of
structural breaks in nonparametric regression. Miiller (1992), for example, con-
siders a nonparametric regression model with a fixed design and derives both the
convergence rates and a central limit theorem for the estimates of the location and
the size of the breaks in the regression function. Wu and Chu (1993) propose a test
for the number of breaks in a similar setting. Delgado and Hidalgo (2000) con-
sider the model Y; 7 = g(%, X:) + ¢&; and propose estimates for both the location
and the size of the breaks in the function g, which may occur in time direction or
in the direction of the regressor X;.

In the following sections, we develop a new statistical method to test for
time-invariance of the regression function m in the general framework (1) over
a given time span / and provide a complete asymptotic theory for the behav-
ior of our test. A detailed description of model (1) and of the main assumptions
on the model components including a rigorous definition of local stationarity is
given in Section 2. Our test statistic measures an L,-distance between kernel
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estimates of the functions m(u, -) and m (v, -) at different time points u,» € I and
is introduced in Section 3. Its asymptotic properties are analyzed in Section 4. The
limit behavior of the test statistic will turn out to be mainly driven by a quadratic
form. Not much is known about the asymptotic behavior of quadratic forms in a
locally stationary setting. To our knowledge, Lee and Subba Rao (2011) are the
only ones who have analyzed a general class of quadratic forms for locally sta-
tionary processes so far. However, the class they consider 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 setup.

To improve the finite sample behavior of our test, we propose a wild bootstrap
procedure in Section 4.3 and derive the asymptotic properties thereof. In addition,
we carry out a simulation study in Section 5 which confirms that our bootstrap
procedure works well in small samples. The simulation study is complemented
by a financial data example in Section 6.

2. THE MODEL

In this section, we give a detailed description of the regression framework (1)
which underlies our testing problem. The components of the model, namely the
function m, the regressors X, 7, and the residuals ¢, 7, are required to have the
following main properties:

(a) The function m is assumed to be smooth in time direction. We thus allow
for gradual changes but rule out sudden structural breaks in time direction.
The exact smoothness conditions on m are listed in Section 4.1. Some
discussion on how our test statistic behaves in the presence of structural
breaks is provided in Section 7.2.

(b) As already noted in the introduction, we do not restrict the regressors to
be strictly stationary. Instead, we allow the triangular array {X; 7 : t =
1,..., T} to be locally stationary, which for our purpose is defined as fol-
lows:

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

(i) {X;(u)} is strictly stationary with density fx,u),
(i) it holds that

1Xer =X )| < L—u —I—l U as.,
T T

where {U, 1(u)} is a process of positive variables satisfying
E[(U;,7(u))”] < C for some p > 0 and C < oo independent of u,
t,and T. || - || denotes an arbitrary norm on R4,
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This definition of local stationarity has been introduced in Vogt (2012).
Intuitively speaking, it says that the process {X; r} can be approximated
locally around each time point u# by a strictly stationary process, namely
the process {X;(«)}. Similar definitions can be found, e.g., in Dahlhaus
and Subba Rao (2006) or Koo and Linton (2012).

(c) The error process {e; 7 : t =1,...,T} is assumed to have the martingale
difference property that

Elerr|[{Xsr:s <t} {esr:s <t}] =0 )

for all ¢. This rules out autocorrelation in the error terms but allows for
heteroskedasticity. (2) is, for example, satisfied by residuals of the form

1t
&t T =0(?,Xt,T)8t, 3)

where ¢ is a time-varying volatility function and {e;} is an i.i.d. (inde-
pendent and identically distributed) process having the property that &, is
independent of X 7 for s < t. Imposing a martingale difference structure
on the regression errors is technically convenient, as it allows us to apply
a central limit theorem for martingale differences in the proofs. Similar
martingale difference type conditions on the error terms are quite common
in the literature on nonparametric kernel-based tests; see e.g., Fan and Li
(1999), Li (1999), or Su and Xiao (2008). To simplify the calculations in
the proofs later on, we will work with the specific error structure (3) in-
stead of the more general martingale difference structure (2). The proofs
can however be easily adjusted to work under the assumption (2).

An important class of processes that fit into the framework (1) is given by the
nonlinear autoregressive model

d d
Yt,T= (T’Ytl lT)+O-(T’YtI lT) 4)

with Yt LT = = (Yi-1,7,..., Yi—q,7) and i.i.d. variables &;. One can show that un-
der sultable low-level condltlons on m, o, and the residuals ¢;, the components
of model (4) have the properties (a)—(c). In particular, the autoregressive process
{Y;, 7} can be shown to be locally stationary and strongly mixing with mixing co-
efficients that decay exponentially fast to zero. For a detailed analysis of model
(4) and a proof of these results, see Vogt (2012).

The time-varying regression function m of model (1) can be estimated by
nonparametric kernel techniques. In what follows, we work with a Nadaraya—
Watson type estimator. Alternatively, our test statistic could be based on local
linear or more generally on local polynomial smoothers; see Fan and Gijbels
(1996) for a detailed account of the local polynomial estimation method. The
Nadaraya—Watson estimator of m is given by
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) S Knu— 2T Knd = X! )Yor
my (U, X) = —— P — ®)
ZI=1 Kh (Lt - T)H]:l Kh(xj - X[,T)

In this definition, K denotes a one-dimensional kernel function and we use the
notation K, (x) = h~'K (x/h). For simplicity, we employ a product kernel and
assume that the bandwidth is the same in each direction. Our results can however
be easily modified to allow for nonproduct kernels and different bandwidths. The
asymptotic properties of the estimator 7, are summarized in the first subsection
of the Appendix.

3. THE TEST STATISTIC

Let I C [0, 1] be an interval or a finite union of intervals. We want to test whether
the regression function m(u, -) has the same shape at all time points u € I. The
null hypothesis is thus given by

Hy: m(u,)=m(,-) =-a.s. for (almost) all u,v €1,

where 7 is some weight function. The null hypothesis can equivalently be ex-
pressed as

Ho: /le (/ [m(”ax) —m(v,x)]zir(x)dx) dudv = 0.

A natural way to come up with a test statistic for this problem is to replace the
unknown regression function m in the above L;-distance by an estimator and to
rescale appropriately. This yields the weighted L-test statistic

Sy =Th*s (/ [13 (e, x) —n%,,(u,x)]zn(x)dx) dudv, 6)

IxI

where my, is the Nadaraya—Watson smoother defined in (5). For simplicity, we
assume that the weight function 7 has bounded support.! In the literature, re-
lated L,-type test statistics have been used to test for parametric specification. In
contrast to our setting, these statistics measure an Lj-distance between a nonpara-
metric and a (semi)parametric fit; see e.g., Hirdle and Mammen (1993), Sergides
and Paparoditis (2009), or PreuB3, Vetter, and Dette (2011).

In what follows, we analyze the asymptotic behavior of S7 under the null
hypothesis as well as under fixed and local alternatives. The fixed alternative
hypothesis is given by

H, :/ (/ [m(u,x) —m(v,x)]zzr(x)dx) dudv > 0.
IxI
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To get a rough impression of the power of the test, we additionally examine lo-
cal alternatives, i.e., alternatives that converge to Hy 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 ¢ — 0, the function A is continuous, and m satisfies the null hypothesis
(i.e., is time-invariant within 7). The process {Y; 7} is thus given by

t t t
Yir=mr (?,XI,T) +er=m (7, Xt,T) +CTA(?aXt,T) +enT. @)

If the process {Y; 7} is generated according to (7), we move along the sequence
of local alternatives

Hir :/le (/ [mT(u,x)—mT(v,x)]zn(x)dx) dudv = C%A] 8)

with Ay := [, (JIA(u,x) — A(v,x)]*7 (x)dx)dudv. Note that the weighted
L,-distance in (8) gets smaller as the sample size increases, i.e., the hypothesis
Hy,r comes closer and closer to Hp as T tends to infinity.

4. ASYMPTOTICS

In what follows, we describe the asymptotic properties of the test statistic St
defined in (6). Section 4.1 lists the conditions needed to do so. In Section 4.2, we
derive the asymptotic distribution of S7 under the null as well as under fixed and
local alternatives. Moreover, we explain how to bootstrap Sz in Section 4.3 and
show that the proposed bootstrap is consistent.

4.1. Assumptions

We make the following assumptions.

(C1) The process {X; 7} 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 stationary process {X,;(u)} with density f(u,x) := fx,u)(x) such
that || X,,7 — X, )|l < (I+ — ul + LU, 7(u) as. (almost surely) with
E[(Us,r(w))’] < C.

(C2) Thearray {X; 7, &7} is strongly mixing with mixing coefficients a (k) that
converge exponentially fast to zero, i.e., a(k) < Ca* for some a < 1.

(C3) The bandwidth 4 satisfies Th24+2 — co. Moreover, let r be a natural

. d+1
number with r > d%l such that Th* — 0 and Th¥ T2 — 0.
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(C4) The kernel K is bounded and has compact support, i.e., K(v) = 0 for
all [v| > C with some C; < co. Moreover, K is Lipschitz, i.e., |K (v) —
K ®")| < Llv —v'| for some L < oo and all v,v’ € R. Finally, K satisfies
the conditions

/K(z)dz:l, /zjK(z)dz:Oforj:1,...,r—1.

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

(C6) The residuals are of the form &; 7 = a(%, X:.1)e. Here, o is a Lipschitz
continuous function and {¢,} is an i.i.d. process having the property that &,
is independent of X 7 for s <. The variables ¢; satisfy E[|3,|8+5] < 00
for some small 6 > 0 and are normalized such that ]E[etz] =1.

(C7) Let fx,, be the density of X;r and fx,; x,,,, the density of

(X¢. 1, Xi+1,7). For any compact set A C R?, there exists a constant
C = C(A) < oo such that sup, 7 sup, ¢4 fx, r(x) < C and

supsup sup E[le|| X7 = x, Xipr,r = x| fx, 1, X000 (6, x) < C.
t,T [>0x,x'€eA

We briefly give some remarks on the above assumptions. We start with a reminder
of the definition of an «-mixing array. Let (2, A, P) be a probability space and
let B and C be subfields of .A. Define

a(B,C)= sup [|P(BNC)—P(B)P(C)|.
BeB,CeC

Moreover, for an array {Z; 7 : 1 <t < T}, define the coefficients

aky= sup  a(o(Zsr,1<s<t),0(Zsr,t+k<s<T)),
t,T:1<t<T—k

where o (Z) is the o-field generated by Z. The array {Z; r} is said to be a-
mixing (or strongly mixing) if a(k) — 0 as k — oo. Note that we do not nec-
essarily require exponentially decaying mixing rates as assumed in (C2). These
could be replaced by sufficiently large polynomial rates. We nevertheless make the
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 anal-
ysis of the test statistic. Note, however, that we only need them if the dimension
of the regressors d is larger than 1. If d = 1, we can set r = 2 and choose the
bandwidth /4 to satisfy CT_(%_(;) <h< CT_(%M) for some small 6 > 0 and
a positive constant C. Finally, Assumption (C7) is required to derive the uni-

form convergence rates of the estimator 71y, It is a modification of the conditions
(5)—(7) used in Hansen (2008).
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4.2. The Asymptotic Distribution of St

We now summarize the results on the asymptotic behavior of the test statistic S7.
To formulate the theorems, we introduce the following shorthands: Let @ (u) =
I(u eI)aswellas 1; = [ w(u)du and define

2 2.2
= 822 ([ A2 (2)dz) / ( / lo (;22]@ ), )a)(u)du

with 7 (z) = f]_[;izo K(wf)H?ZOK(wj +z/)dw. As we will see later on, V
plays the role of the asymptotic variance of St. In addition, we define

Bleilh_i / /K (w)HK @Yo (uw—hw,x —hz)
x f(u—hw,x—hz)%dwdzdx)w(u)du
d
Bro=h""T o | K@K @+ w) [T K202 (u = hw, x — hz)
[(f - [remerail
7 (x)
X f(u—hw,x —hz)f(u’x)f(u+5h’x)dwdzdx)w(u)a)(u+5h)d5du

together with

BT3—ilh 7 / /Kz(w)HK ) [ (x —hz)— m(x)]
x f(u—hw,x —hz) f2(( x) )dwdzdx)w(u)du
d
Bra=h""7T | K@) K@ +w) [ | K2 [ —hz) —m(x)]
(] [romoeni]
7 (x)
x fu—hw, x —hz)f(u’x)f(u+5h’x)dwdzdx)w(u)a)(u+5h)d(5du,

where m(x) = /11_1 Jm(u,x)w(u)du. Using these definitions, we can introduce
the term

=2[Br, 1 — Bra+Br3—Bral,

which turns out to be the bias by which S7 has to be corrected later on. The two
bias components B 3 and Br 4 are due to the smoothing bias of the Nadaraya—
Watson estimator ;. Importantly, they converge to zero as long as d < 2 and
thus only contribute to the bias of the test statistic in higher dimensions. As can
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be seen, both the variance V and the bias Br depend on the volatility function o.
This dependence captures how the test statistic is affected by the presence of
heteroskedasticity in the model.

With the above definitions at hand, we can now formulate the main results.
The first theorem states that under the null hypothesis, S weakly converges to a
Gaussian distribution if we subtract the bias term By that diverges to infinity.

THEOREM 4.1. Assume that (C1)—(C7) are fulfilled and let I be a closed sub-
set of (0, 1). Then under Hy,

Sr—Br -5 N(0, V).

Going back to the formula for V, the asymptotic variance of the test statis-
tic is seen to depend on the length of the time span /, i.e., on 1; = [w(u)du.
This intuitively makes sense as the test statistic measures an L;-distance between
estimates of the regression function at different time points u,v € I. The larger
the time span /, the larger this L;-distance gets, which becomes reflected in the
asymptotic variance V via its dependence on 4;.

We now turn to the behavior of S7 under fixed alternatives. The next theorem
shows that S7 (corrected by the bias term Br) diverges in probability to infinity
under Hj. The test based on the statistic ST — Br is thus consistent against fixed
alternatives.

THEOREM 4.2. Assume that (C1)—(C7) are fulfilled and let I be a closed sub-
set of (0, 1). Then under Hj,

1167 -) 2 ([t - et o
IxI

We finally examine the behavior of ST 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 + c7 A with c7 = (Th(d+1)/ 2)_1/ 2 and m
satisfying the null hypothesis is constant for all functions A with the same value
A, where Ay is specified in Theorem 4.3. A similar behavior is well-known from
other kernel-based L,-test statistics (see e.g., Hdardle and Mammen, 1993).

THEOREM 4.3. Assume that (C1)—(C7) are fulfilled, let I be a closed subset
of (0, 1) and let cr = (ThY9+Y/2)=1/2 Then under Hy 1,
Sy —Br -5 N(A1,V)

with Ap = [, ([TA®,x)— A(v, x)*7 (x)dx)dudv.

To prove Theorem 4.3, we require the process {X; 7} to be locally stationary
and strongly mixing under local alternatives. This is guaranteed by the conditions
(C1) and (C2). Note, however, that it is not clear at all whether the autoregressive
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process {Y; 7} defined in (4) fulfills (C1) and (C2) under local alternatives. In this
paper, we do not explore this issue any further. Instead, we simply exclude the
autoregressive case when examining local alternatives.

4.3. Bootstrapping St

Theorem 4.1 allows us to approximate the distribution of the test statistic St 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., Li and Wang, 1998 or Hirdle and Mammen, 1993). The approximation in
finite samples is thus rather poor in many cases. Moreover, the bias and variance
expressions By and V' contain unknown functions. Replacing them by consistent
estimates results in further approximation errors.

A common way to improve the finite sample behavior of a test is to use boot-
strap methods. In what follows, we set up a wild bootstrap procedure. This type of
bootstrap has been applied in a nonparametric time series context before; see e.g.,
Franke, Kreiss, and Mammen (2002) or Kreiss, Neumann, and Yao (2008). An al-
ternative procedure that is often used for dependent data is the block bootstrap by
Kiinsch (1989). This bootstrap technique is however problematic to apply in our
setting as it does not appropriately mimic the regression structure of the model.
This issue has been pointed out by Hédrdle and Mammen (1993) in an i.i.d. setting
for a standard empirical bootstrap (i.e., for a block bootstrap with a block length
of one). If we are working with the autoregressive model (4), another possibility
is to use the autoregression bootstrap examined in Franke et al. (2002). This pro-
cedure has the advantage that it captures the dependence of the data by mimicking
its autoregressive structure. However, its asymptotic properties are much harder
to analyze than those of the wild bootstrap.

The wild bootstrap sample in our framework is given by { Y;’:T, XiT }[T:l, where
we define

* ~ *

Yt,T =mg(X:,7)+ e T

The bootstrap residuals are constructed as
N N

&, = ET Mt

where & 7 =Y, 1 —n%h(%, X, ) are the estimated residuals and {7} is some
sequence of i.i.d. variables with zero mean and unit variance that is independent
of {Yi.r1, X,,T}thl. Moreover, the estimate 771 is defined as

[ g (u, x)ow(u)du
Jw(u)du

with w(u) =(u € I) and a bandwidth g. It approximates the average regression
function 7 (x) = [m(u, x)ww)du/ [ w(u)du, which under the null is equal to

mg(x) =
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the true time-invariant regression function on the time span /. The bandwidth g is
required to satisfy g > h. The exact conditions on the oversmoothed bandwidth
g are summarized in condition (C8) below.

Given tl.le bootstrap sample {Y:T, X th}thl, we can define the Nadaraya—
Watson estimator

d i i
ZzT=1 Kp(u— %)Hj=l Kp(x/ — XtJ,T)Y:T
T d ; i
21 K= ) [Tj=) Kn(x/ = XtJ,T)

my, (1, x) =

Replacing the estimate 71, by m}, in the statistic S, we obtain the bootstrap test
statistic

d+1

S;=Th 7~ . (/ [ (u, x) —ﬁlZ(v,x)]zn(x)dx)dudv.

In Theorem 4.4, we will show that the statistic S7. approximates the distribution
of S7 under the null hypothesis no matter whether the null is true or not. This
intuitively makes sense: Both under the null and under alternatives, the smoother
mg estimates a function that is time-invariant over the time span /. The bootstrap
sample {Y:T, X t,T},T:1 thus imitates the model under the null even if the alterna-
tive is true. For this reason, S; should mimic the distribution of Sy under the null
hypothesis no matter whether the null holds or not.

To formulate the asymptotic properties of the bootstrap statistic S5, we let
P*(-):=P(C- {Yi,7, XI,T};T=1) and introduce the assumption

(C8) The bandwidth g is such that h@+1/2g=d 5 0 and hg=4/> — 0. Moreover,
Tg¥h?— 0, Tg¥hd+D/2 5 0, and Thit1gZ—4 - (.

The first two conditions on g specify how strongly we have to oversmooth the
estimate 71,. Note that the latter three conditions can always be fulfilled if r is
large enough, i.e., if we work with higher-order kernels and the functions f and
m are assumed to be sufficiently smooth. In the case with d = 1 and r = 2, the
above conditions simplify to h/g — 0 and Tg*h — 0. These are fulfilled, for
example, by setting g = (log7')h and choosing 4 to satisfy h < C 7-G+) for
some small 6 > 0 and a constant C.
The next theorem shows that the above defined wild bootstrap is consistent.

THEOREM 4.4. Let (C1)—(C8) be fulfilled and let I be a closed subset of (0, 1).
Then
S —Br -5 N (0, V)

conditional on the sample {Y; 1, X f,T}tT=1 with probability tending to one. Put dif-

P . . NN .
ferently, P* (S; —Br < x) — O(x), where © is a Gaussian distribution function
with mean zero and variance V.
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5. SIMULATIONS

In this section, we examine the small sample behavior of the proposed wild boot-
strap procedure in a Monte Carlo experiment. To do so, we simulate the autore-
gressive model

1
Yir :m(?ayz‘—l,T)"'Et )

with i.i.d. errors &; that follow a standard normal distribution. We consider a linear
and a nonlinear specification of the regression function m:

(a)

(b)

The linear specification is given by mlL (u, y) = a; (u)y with different coef-
ficient functions a;. In particular, for i =0, 1,2, we let

ai(u) ==0.5+c¢;(u—0.5Iu > 0.5)

with cg =0, ¢y = 1, and ¢, = 2. Whereas the function mé is time-invariant,
m{‘ and m% smoothly vary over time. In addition, we consider the param-
eter function

az(u) = —0.5I(u < 0.5)+0.5I(u > 0.5)

to examine how our method performs in the presence of sudden structural
breaks.

The nonlinear specification of m is
—bi(u) fory < —(4k+1)
mM(u,y) =1 bi(u)sin(0.57y) for |y| < (4k+1)
bi(u) for y > (4k+1),

where k is an extremely large natural number, e.g., k = 10'%. The param-
eter functions b; determine the time-varying amplitude of the sine curve
bi(1)sin(0.57 y) and are defined by

bi () =2+ c;arctan(75(u —0.5))

fori =0,1,2, where co =0, ¢y = 0.1, and ¢y = 0.2. As before, we addi-
tionally consider a parameter function with a structural break. In particular,
since b>(0) & 1.7 and by (1) & 2.3, we work with the jump function

b3(u) = 1.71(u < 0.5) +2.31(u > 0.5).

By Theorem 3.2 in Vogt (2012), the autoregressive process (9) with the
regression function mlN L is locally stationary for i = 0, 1,2. Note that
the function mlN L(u, y) only differs from the sine curve b; (i) sin(0.57 y)
in the tail region where |y| > (4k + 1). Clearly, if k is sufficiently large,
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then the autoregressive process {Y; 7} will basically never wander into this
region (at least not for any practically relevant sample size). We can thus
regard the function mlN L (u, y) in the simulated model as being equal to the
sine curve b; (u) sin(0.57 y).

In what follows, we denote the model with the regression function mlL by (M ZL)
and analogously use the label (M}N%) for the model with the function m~*. In
(MOL) and (M(])V L), the regression function is time-invariant over the whole sam-
ple, whereas in the other models it varies over time, the time-variation in (MZL)
and (M3'") being stronger than in (ML) and (M{¥"), respectively. The models
(M}) and (M)'") allow us to investigate the behavior of the bootstrap test under
the null hypothesis, whereas the other models show how the bootstrap works on
different alternatives.

For each model, we draw N = 1,000 samples of length 7 = 1,000 and pro-
duce B = 1, 000 bootstrap replications for each sample. The time span / of inter-
est is chosen as [0.2,0.3]U[0.7,0.8]. To produce the simulation results, we use
Nadaraya—Watson smoothers with an Epanechnikov kernel. Both in the linear and
nonlinear settings, we choose the bandwidth in time direction to equal 0.15 and
the bandwidth in the direction of the regressor Y;_1 7 to equal 0.75. To check the
robustness of our results, we have varied the bandwidth in time direction between
0.1 and 0.2 and the bandwidth in the direction of Y;_; 7 between 0.5 and 1.0. As
this yields very similar results, we do not report them here. The bandwidth g must
converge to zero more slowly than 4 from a theoretical perspective. However, as
long as the order of / is between O (T~(/4=9) and O(T~1/5+9)), we may pick
any bandwidth g with 4/g — 0. Hence, g may differ from 4 only slightly and
converge to zero almost as quickly. In the simulations, we ignore this technical-
ity and simply set g = h. Finally, let g and g be the 5% and 95% quantiles of

the process {Y;,7} in model (M{) or in model (M('*), depending on whether we
consider the linear or the nonlinear simulation setup. The weight function 7 is
chosen as 7 (x) = I(x € [¢,q]). We thus ignore the extreme tails of the process
{Y;,7} to avoid boundary effects.

We now turn to the simulation results. To start with, we report the results for
the linear model setup. The left-hand table of Figure 1 gives the actual size of the
bootstrap test in model (MOL) for the most common nominal levels 0.05, 0.10, and
0.15. The plot on the right-hand side is a graphical presentation of the relationship
between nominal and actual levels. It shows that the actual levels are very stable
around the nominal ones.

The power results in (M}), (M%), and (M¥) are summarized in Figure 2. The
table on the left-hand side reports the estimated power of the bootstrap test for
different nominal levels. A graphical illustration of the power is given by the size—
power curves in the right-hand plot. Overall, the test appears to have good power
against the chosen alternatives. One can nicely see that the power increases as we
move from model (M{) to (M), i.e., as we move further away from the null
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nominal size actual size 24
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©
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00 02 04 06 08 1.0

nominal size

FIGURE 1. Comparison of nominal and actual size in model (Mé) The dashed line in

the right-hand figure gives the actual size of the bootstrap test in (Mé‘) for each nominal
level with target indicated as a solid line.

nominal | power power power 2
size. | in (MF) | in (ME) | in (ME) | -
0.05 0.69 0.94 10 | g3
0.10 0.78 0.99 10 | & 3-
0.15 0.83 0.99 1.0 N

g -

T 1 T T T T
00 02 04 06 08 10
size

FIGURE 2. Estimated power in the models (M lL ), (MzL ), and (M3L ) The dashed line in
the right-hand plot is the size—power curve for (M lL) the long-dashed line is the one for

(MzL ), and the dotted line corresponds to (MgL)

hypothesis of time-invariance on the time span /. Moreover, the results for (M3L)
suggest that the test does not only have good power against smooth alternatives
but also against sudden structural breaks.

The results in Figures 1 and 2 were generated as follows: Let St , be the
value of the test statistic S7 in the n-th simulated sample. Moreover, let S;:,n, b
be the value of the bootstrap statistic S7. in the b-th bootstrap sample gener-
ated from the n-th simulation. Finally, denote by F,’ the empirical distribution
function calculated from the sample of bootstrap values {S}’n’ b}le. With these
definitions at hand, we proceed as follows: (1) Fix a nominal level a. (2) For
each simulated sample n, calculate the (1 —a)-quantile g, , of F,’. (3) Compute

the actual level and power corresponding to the nominal level a as # Z}I’Lv=1 I
(ST,n > q;,n)
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We now turn to the simulation results for the nonlinear model specifications.
Figure 3 summarizes the behavior of the bootstrap test in the setting (M(I)V L). As
can be seen, the actual levels approximate the nominal ones fairly accurately. The
power properties in the settings (M fv L), (Mév L), and (M3N L) are presented in
Figure 4. As in the linear setup, our method appears to have good power both
against smooth and nonsmooth alternatives. Even in model (M fv L) where the
parameter function by varies over time only slightly, it detects the time-variation
in the regression function reasonably well.

Overall, the simulation results suggest that the proposed bootstrap procedure
has good size and power properties. The bootstrap thus provides an accurate way
to calculate critical values of the test in practice.

nominal size

actual size

0.05
0.10
0.15

0.07
0.13
0.18

actual size

0.0 02 04 06 08 10

T T T T
04 06 08 1.0
nominal size

FIGURE 3. Comparison of nominal and actual size in model (M(I)V L ) The dashed line in

the right-hand figure gives the actual size of the bootstrap test in (MéV L) for each nominal

level with target indicated as a solid line.

nominal | power power power 24 R
size |in (MINL) in (MéVL) in (MéNL) |
0.05 0.34 0.90 0.89 5 S
[e]
0.10 0.47 0.95 094 | =31
N _|
0.15 0.56 0.97 0.96 =
o
s [ T 1 [ 1 [
0.0 02 04 ) 06 08 1.0
size

FIGURE 4. Estimated power in the models (M{VL), (MéVL), and (M?’L). The dashed

line in the right-hand plot is the size—power curve for (M lN L ), the long-dashed line is the

one for (Mév L ), and the dotted line corresponds to (M%V L).
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6. APPLICATION

We now apply our bootstrap procedure to a sample of financial volatility data.
In particular, we consider the daily volatilities of the S&P 500 index. As a daily
volatility measure, we use the so-called high—low range which is defined as the
difference between the highest and lowest logarithmic price of a day. Alterna-
tively, we could base our analysis on other volatility measures such as realized
volatility. The high-low range has a long history in finance and has been em-
ployed in a variety of studies such as Schwert (1990), Alizadeh, Brandt, and
Diebold (2002), and Martens and van Dijk (2007). As in many other papers,
we work with the logarithmic transform of the high—low range. Our sample of
logarithmic range data spans the period from 01/2000 to 12/2010 and is depicted
in the left-hand panel of Figure 5. The right-hand panel provides some descrip-
tive statistics. As can be seen, the data are slightly skewed and exhibit a moderate
amount of kurtosis.

In recent years, a wide range of AR-type models have been proposed to model
the daily time series dynamics of volatility measures such as realized volatility
or the high—low range. As most volatility measures are characterized by slowly
decaying sample autocorrelations, long-memory models like ARFIMA have been
employed quite frequently; see Andersen, Bollerslev, Diebold, and Labys (2003)
and Pong, Shackleton, Taylor, and Xu (2004) among others. However, as pointed
out, for example, in Mikosch and Stiricd (2004), the long-memory behavior may
be spuriously generated by structural change in the volatility process. This has led
several authors to use AR-type models with time-varying parameters for model-
ing volatility; see e.g., Chen, Hirdle, and Pigorsch (2010). Related time-varying
volatility models have been proposed in Mercurio and Spokoiny (2004), Spokoiny
(2009), Cizek, Hirdle, and Spokoiny (2009), and Hirdle, Hautsch, and Mihoci
(2012) among others.

Following the above considerations, we set up an autoregressive model with
a time-varying regression function to capture the dynamics of daily volatility.
Letting r; 7 denote the logarithm of the daily range, we consider the model

Mean: -4.36
Median: -4.38 |,
Variance: 0.36
Skewness: 0.24 |
Kurtosis:  3.15

T T I T T T
2000 2002 2004 2006 2008 2010

FIGURE 5. The left-hand panel shows the logarithmic daily high—low range of the S&P
500 index; the right-hand panel summarizes some descriptive statistics.
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rr = o) +mi (o) 4o, 10
where E[e; 7|ri—1,7] = 0 and mo(%) = E[r;,r] is the unconditional mean. The
function m1 in model (10) describes the volatility dynamics apart from level shifts,
which are captured by the mean function mg. We are interested in the question
whether my and m vary over time. To test for time-invariance of m, a standard
test for parameter stability may be used. For this reason, we restrict attention to
the function m. To test for time-invariance of m, we modify our procedure as
follows: Rewrite (10) as

t
rir :ml(?art—l,T)'FSt,Ts a1

where rZ r =T = mo(%) is the demeaned version of r; 7. If the demeaned
variables rf, + were known, we could simply apply our procedure to the sam-
ple {rf’ 7»>T—1,7}. However, as the variables rf, o are in fact unknown, we replace
them by estimates ft‘;T and then apply our approach to the sample {ft‘;T, r—1.T}
Here, we let ff,T =r,r — Mo (%) and use the kernel average g j (1) = % Zthl
Ky(u— %)rt,T to estimate the mean function m at the time point u. Moreover,
the function m; is estimated by a Nadaraya—Watson smoother 1 j calculated
from the sample {ff, 7»71—1,7}. This slightly modified approach has very similar
asymptotic properties as those discussed in the previous sections. In particular,
the wild bootstrap is still consistent. The details are given in Section 7.1.

We now apply model (11) to the sample of daily range data from Figure 5 and
use our bootstrap procedure to test for time-invariance of the function m. As a
first example, we check whether the function has the same shape within two differ-
ent time periods in our sample, a period shortly after the technology bubble burst
(08/2000-01/2001) and a period at the beginning of the recent financial crisis

o o
SO0,
RS

log range log range

FIGURE 6. Estimates of the time-varying function 1. The left panel shows the estimates
for the time span 08/2000-01/2001 and the right one gives the estimates for the period
08/2007-01/2008.
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(08/2007-01/2008). Figure 6 shows the estimates of 7| within these two periods.
As can be seen, the fits are fairly stable within each of the two time intervals. Our
bootstrap test confirms this impression. Applying it to each of the two intervals
separately, we find a p-value roughly between 0.2 and 0.7 for a wide range of dif-
ferent bandwidths. This is strong evidence that the function m is time-invariant
within each of the two periods.

We now tackle the question whether the function m has the same shape within
both time periods. Let 14, Ip C [0, 1] be the two rescaled time intervals that corre-
spond to the periods 08/2000-01/2001 and 08/2007-01/2008, respectively. Given
that m is time-invariant within each of the intervals 74 and /g, we can estimate it
on I; (k= A, B) by the averaged smoother n%ik;l (x) = flk iy (u,x)du/f[k du.
To get a first impression of how different the function m is on the two intervals
14 and Ip, we plot m( ) and m( ) in Figure 7.

The two fits in Flgure 7 have a similar shape and pointwise confidence bands
which strongly overlap. However, there are also clear differences between them
and regions where the confidence intervals are separated. To clarify whether the
differences between the two fits are due to estimation error or to a structural
change in the function m, we apply our bootstrap procedure to the union of the
two intervals I4 and /. The estimated p-values for a variety of different band-
widths are summarized in Table 1.

The p-values in Table 1 lie in the region between 0.29 and 0.59. Thus, the boot-
strap test does not reject the null hypothesis of stability at the usual significance
levels. This is evidence that the function m in our volatility model has the same
shape on both intervals 74 and I3, i.e., both when the technology bubble burst
and when the recent financial crisis broke out.

As a second example, we test whether the function m; in model (11) is time-
invariant over the last six months of 2008. This is a fairly turbulent time period,

g — =--- 08/2000 - 01/2001
—— 08/2007 - 01/2008 B

o~

g

g =

=]

24

i

T

o

?' —

]
-5.0 -45 -4.0 =35
log range

FIGURE 7. Averaged estimates mg ) (dashed line) and m1 h (sohd line) for the two time
periods 08/2000-01/2001 and OS/QOO7 01/2008. The gray shaded areas are the corre-
sponding 95% pointwise confidence intervals.
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TABLE 1. Estimated p-values for testing the hypothesis that the function m is
time-invariant on /4 U I 5. h,, is the bandwidth in time direction and /, the band-
width in the direction of the covariate

hy & 0.25 0.3 0.35 0.4 0.45 0.5
60 days 0.42 0.41 0.38 0.35 0.35 0.29
80 days 0.53 0.51 0.47 0.43 0.42 0.37
100 days 0.59 0.47 0.47 0.43 0.40 0.34
120 days 0.50 0.46 0.37 0.36 0.34 0.29

TABLE 2. Estimated p-values for testing the hypothesis that the function m is
time-invariant over the last six months of 2008. &,, is the bandwidth in time direc-
tion and /1, the bandwidth in the direction of the covariate

hy & 0.25 0.3 0.35 0.4 0.45 0.5
60 days 0.000 0.000 0.006 0.026 0.067 0.160
80 days 0.000 0.000 0.005 0.006 0.009 0.038
100 days 0.002 0.005 0.009 0.007 0.013 0.022
120 days 0.004 0.010 0.016 0.016 0.015 0.008

which in particular includes the bankruptcy of Lehman Brothers. Table 2 presents
the estimated p-values of our procedure for a number of different bandwidths.

As can be seen, the p-values all lie below 0.16, most of them taking values
smaller than 0.05. Hence, our bootstrap test provides strong evidence against
the null hypothesis, suggesting that the function m is time-varying in the period
around the bankruptcy of Lehman Brothers.

7. CONCLUDING REMARKS

In this paper, we have developed a nonparametric procedure to test whether the
time-varying regression function in model (1) has the same shape over a time
period I C [0, 1]. In our theoretical analysis, we have examined the asymptotic
behavior of the proposed approach. In particular, we have shown that after sub-
tracting a bias term that diverges to infinity, the test statistic weakly converges to a
normal distribution (both under the null and under local alternatives). To improve
the small sample behavior of the test, we have set up a wild bootstrap procedure
and have shown that it is consistent. Our procedure may be extended in various
directions. We close the paper by outlining some of them.

7.1. A Modified Version of the Test

When our test rejects the null, this is evidence for time-variation in the function
m. The test being very general, it however remains silent about which features of
the function are time-varying. In particular, the variation may stem from a simple
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unconditional mean shift, or it may be due to changes in more subtle features of
the function. In what follows, we explain how to modify our approach to make it a
bit more informative about which aspects of the function are changing over time.
In a first step, we reformulate model (1). Letting mo(%) = E[Y, 7] =
E[m(%, X;,7)] be the unconditional mean function, we can rewrite (1) as

t t
Yir= mo(T) +m (T
where m1(u,x) := m(u, x) —mo(u) and by construction E[ml(%, X, 7)1 =0 for
all time points 7. We thus split up the regression function m into two components:
the unconditional mean m and its “demeaned” version m 1. Given the formulation
(12) of our model, we may now test separately whether the functions mg and m|
are changing over time. This allows us to distinguish simple mean shifts from
time-variations in more subtle aspects of the regression function.

To test whether m is changing over time, a simplified version of our test statis-
tic may be employed which measures an L,-distance between kernel estimators
of mg. Alternatively, one of the many tests for parameter stability may be used.
To test whether m is time-varying, we adapt our test statistic to the situation at
hand: Let the mean function m be estimated by the kernel average

Xor)+én, (12)

T

N 1 t

mo,p (1) = T E Ky (u - ?) Yir
=1

and let IA/Z"T =Y 7— ﬁio,h(%) be the approximately demeaned version of Y; 7.

Based on the sample {IA/I"T,X,,T}, we then construct the Nadaraya—Watson
smoother

S K= 0T K/ =X )Ye,
S Kn— ) T1 Kn(xd = X 1)

to estimate the function m . Replacing the estimator 171, in the test statistic S7 by
my,;, we obtain the modified statistic

St = ThT/IXI (/ [rhl,h(u,x)—rhl,h(v,x)]zn(x)dx)dudv.

Analogously as in Section 4.3, we can set up a wild bootstrap version of S7.
Slightly abusing notation, we let the bootstrap sample be given by {Y,*,., X; r }[T:1
with

* ~ t ~ *
Yt,T =mg,g (?) +m1,g(Xt,T) +8;,T:

where the bootstrap residuals are the same as in Section 4.3 and we define
i g(x) = [y g(u,x)w(u)du/ [w()du. The bootstrap statistic S7* is now
cops:tmcted from the sample {Yt’fT,X,,T}lT=1 in the same way as S% from the
original data.
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The statistic S5 and its bootstrap counterpart S7* have very similar asymptotic
properties as the statistics Sy and S7.. In particular, under the null that 2 is time-
invariant over the time span I, it holds that

e — B -4 N0, V), (13)

where V is the variance expression defined in Section 4.2 and Bf is a slightly
modified version of the bias term Br. In particular, B; = B; |+ B; 5+ B; 35
where B | has exactly the same form as By with m being replaced by m . More-
over,

T
d+1 1
B;’Q =Th?2 //ﬁ Z Wy, s, T Wy,t, T

s,t=1

X E[(es,T +mq (%,XX’T)) (et,T +my (%, XI’T))]%dxdu

T
d+1 1
B;‘,3 =Th?> //ﬁ Z Kustwurr

s,t=1

x E[Kx,s,Tgs,T (et,T Fm (% X,,T))] %Z:?dxdu,

where w, ;7 = %ZSTZIK“’TK%J’T and we use the shorthands K, ;r =

Kn(u—+) as well as Ky .7 = [[{_, Kx(x/ — X/ ;). The additional bias com-
ponents B , and B 5 result from the fact that we approximate the trend function
mq by the smoother g 5, in the test statistic. Importantly, they are at most of the

order O (h o log T') and thus of much smaller order than the leading bias S7. ;. In
addition to the distribution result (13), the wild bootstrap can again be shown to
be consistent,

se*— B -4 N(0, V) (14)

conditional on the sample {Y; 1, X,,T}tT:1 with probability tending to one both
under the null and under alternatives. The results (13) and (14) essentially follow
from the proofs of Theorems 4.1 and 4.4. Specifically, S5 and S7* can be seen to
consist of the same components as Sy and S7. together with some additional terms,
which can be analyzed by slightly modifying the arguments from the proofs.

7.2. Structural Breaks

The theoretical results of the paper have been derived under the assumption that
the function m varies smoothly over time. An interesting issue is whether our
procedure is not only able to detect smooth changes but also sudden breaks in
m. To clarify this issue, let m have a break at the time point u¢y € (0, 1) and as-
sume for simplicity that it is time-invariant otherwise. Moreover, let I C (0, 1) be
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a time period whose interior contains the time point zg. We now use our proce-
dure to test whether m is time-invariant within the period /. To do so, let I} =
I\ [uo—Cih,ug+ Ci1h] and write

Sr(J)=Th (/[rﬁh(u,x) —mh(o,x)]zn(x)dx)dudo
JxJ

for any time period J C [0, 1]. Noting that S7 (1) > S7(1;), we get

(Th ) (Sr(I) = Br (D) = (ThT )~ Sr(I) + 0, (1)
> (Th*T )\ S (1) + 0, (1), (15)

where By (1) is the bias term that corresponds to the statistic St (/). Furthermore,
using the arguments from the proof of Theorems 4.1-4.3, it is easy to see that

@ sran L [ ([ [t =m0 Freods)dudo > 0. )

Combining (15) and (16) immediately yields that our test is consistent against
breaks of fixed size. To get a better idea of the power of the test in the presence
of breaks, one should also analyze its behavior in situations where the function m
has a break of shrinking size. As far as we can see, this can however not be done
by a straightforward modification of our proofs but requires substantially new and
different arguments.

7.3. Additive Models

Our procedure being fully nonparametric, it suffers from the curse of dimension-
ality: When the dimension d of the covariates is large, the convergence rates of
the Nadaraya—Watson smoothers are rather slow resulting in a poor behavior of
the test statistics.

One way to circumvent the curse of dimensionality is to put a bit of structure
on the regression function m. In particular, one may assume that it splits up into
time-varying additive components, thus yielding the model

d
14 14 i
Yo =mo(7) +Zlm,-(?xfj) +e,T. a”)
J:

The component functions m; in (17) can be estimated by smooth backfitting
methods as introduced in Mammen, Linton, and Nielsen (1999). As shown in
Vogt (2012), the resulting estimators uniformly converge to the true compo-
nent functions at the usual two-dimensional nonparametric rate, no matter how
large the full dimension d. Thus, the convergence rate does not deteriorate as the
dimension grows.
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To cope with the case of high dimensions d, it would be useful to extend our
testing theory to the additive setting (17). In particular, we would like to test
(i) whether the additive regression function m (i, x) = mo(u) + 27:1 m;j(u, x/ ) as
a whole varies over time and (ii) whether a specific component function m; (u, x7)
is time-varying. Even though it is by no means trivial to extend our theory to tackle
these issues, it may be possible to do so along the following lines: Mammen and
Park (2005) have derived stochastic higher-order expansions for smooth backfit-
ting estimators in an i.i.d. setting. These expansions link the backfitting estimators
to the underlying Nadaraya—Watson smoothers which are used as pilot estimates
in the algorithm. We conjecture that similar higher-order expansions may be de-
rived in the setup (17) and that it is possible to extend our proofs with the help of
these expansions.

NOTE

1. The case of unbounded support can be handled as follows: The uniform convergence results on
the Nadaraya—Watson estimator in Lemmas A.1-A.3 in the Appendix can be extended to hold over
diverging compact sets. We can thus allow for unbounded support of 7 by letting the limits of the
integrals in S7 diverge to infinity at an appropriate rate as the sample size increases.
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APPENDIX

In what follows, we prove Theorems 4.1-4.3 and 4.4. 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 behavior of the test statistic S7, we need some results on uniform
convergence of the Nadaraya—Watson estimator 71, To formulate these results, we split up
the expression i, (1, x) —m(u, x) into different components according to
1) = ma, 6) = (3 )+ 8F (u.))

Jn(u,x)
with

T d ,
fnu,x) = %ZK}: (u - %) [TxnG/ -X/7)
j=1

t=1

T d

A 1 t i i

8;‘; (u,x) = T E Kp (” - ?) H Ky (x/ —X,j,T)&‘t,T
=1 j=1

0= 23 k(= ) [T Ki =5 (X))
=1 j=1

The following two lemmas summarize the convergence behavior of these three compo-
nents.

LEMMA A.1. Let (C1)—(C7) be fulfilled. Then

sup |l x) ~ EL oy, 01| = 0p (| 22T
u n(u,x) —E[fr(u,x)]| = —
uel0,1],xeS PA\V rha+1
log T
~B ~B g
sup |8, (u,x) —E|g; w,x)|| =Op| /7=
uE[O,l],xES| h L4 I PAV Thd-1
logT
AV /
sup  |g;, (u,x)|=0 — |
ue[O,l],xeS| g | p( Thd+!

where the compact set S C R9 has been defined in (C5).
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LEMMA A.2. Let (C1)—(C7) be fulfilled and let I}, = [C1h,1 — Ch]. Then

R 1
E _ _ ry_
uelshu,zeg| MG f(u,x)| O(h + Thd'H)

1
ELgf (uw,0)]| = 0(h" +—).
e s BB 1| =0 (4 4 75)

Combining these two lemmas immediately yields the following result.

LEMMA A.3. Let (C1)—(C7) be fulfilled and let I, = [C1h,1 — Ch]. Then

? logT
sup |fh(“sx)—f(u,x)} = Op(\/%-f-hr)

uely,xeS
N logT
sup |y (u,x) —m(u,x)| =0 (,/7+hr).
uelh,xeS| ‘ r Thd+l

Lemmas A.1-A.3 directly follow from the results in Vogt (2012).

Proof of Theorems 4.1-4.3

In what follows, we give the proof of Theorem 4.3. Theorem 4.1 is obtained by setting the
function A equal to zero in the proof. Some straightforward additional considerations yield
Theorem 4.2. ' )

Using the shorthands K, ; 7 = K, (u — %) and K ;7= H?:l Kp(x/ — XtJ’T), we can
rewrite the statistic St as

d+1 2
St =Th 2 /[VT(u,v,x)+BT(u,v,x)] 7 (x)dx )dudov
IxI

with

T
1 o
Vr(u,v0,x) = 7 ZKu,z,TKx,t,TEz,T/fh (u,x)
=1
s
— = X Ko Kearent [ fno,2)
=1

T
1 t ~
Br(u,v,x) = ? ZKu,t,TKx,t,TmT (?:Xt,T)/fh(M,x)

t=1
1 < '
- T I_ZIKo,t,TKx,t,TmT (?, Xt,T)/fh (v, x).
Theorem 4.3 immediately follows from the following three lemmas.
LEMMA A.4. Under (C1)—(C7), it holds that

d+1

Th: / (/ v%(u,x),x)n(x)dx)dudv—2(BT,1—Bm) 45 N (0. V).
IxI
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LEMMA A.5. Under (C1)—~(C7), it holds that

Thdzil (/BT(u,v,x)VT(u,u,x)n(x)dx)dudv =op(1).
IxI

LEMMA A.6. Under (C1)—(C7), it holds that

d
Th'E (/B%(u,u,x)n(x)dx)dudu = A;+2(Br.3— Br.4)+0p(1)
IxI

with Ap = [7,;([TAG,x) = A(v, )P w (x)dx)dudv.
We now give the proofs of the above lemmas. Throughout, we use the notation

T

1
A7 1(u,x)= T Z Kyt 7Ky 1,78,
t=1
T

1
A7 x) = = > Kurr Ko A1 (%)
=1
T

1 t
AT,3(u,x) = ? ZKu,t,TKx,t,TA (?, Xt,T)
=1

with Ay 7(u,x) = m(%, Xi1)—m(u,x).

Proof of Lemma A.4. Let

d+1 2
Ur=Th> Vi (u,v,x)m (x)dx ) dudo.
IxI

Using the shorthand 2; = [ w(p)dg, we obtain that Uy = 2(Ur,1 —Ur ) with

h
d+l 7 (x)
Urp=Th 2 A7 1(u, x)AT1 (0, x) 5———F——dx ) dudv.
IxI

Fn G, x) fi (0, x)

In what follows, we show that

d
Ur,1—Br,1 — N, Vy)
Urp—Brp=o0p(1)

837

(A.1)
(A.2)

with V; = V /4. Combining (A.1) and (A.2) completes the proof. To show (A.1), we split

up U, into two parts according to

Ur. =U{1+U{1+op(1)
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with

U}?:

K2 7 (x) 2
u t,T (/ x t,Tifz(u’x)dx) e pdu
d+l

i[h 7 (x)
U, = / > Kotk ([ Kesrnsir Yoo

t=1s%#t
where we have used the uniform convergence results of Lemmas A.1-A.3 to replace the
kernel density f;, (u,x) by the true density f (u,x). In the sequel, we show that

UL\ = Br,1+op(1) (A3)

_ d
v~2uy 5 N . (A4)
This immediately yields (A.1). To prove (A.2), we analogously decompose Ut > into two

parts, Ur o = UB 2+U 2+op(1) and show that UB2 = Br2+0p(1) as well as UT )=
op(1). This can be done by repeating part of the arguments used to show (A.3) and (A. 4). |

Proof of (A.3). It suffices to show that Var(U]@,l) =o0(1) and E[Uﬁl] = Br 1 +o(l).
The first claim easily follows by exploiting the mixing conditions on the model variables.
To prove the second claim, we proceed as follows: To start with, we successively replace
X, T with the approximating variables X,(%), using the fact that || X; 7 — X; (u)|| < (| % -

ul+ %)U,,T (u). This can be achieved by the same techniques as in the proof of Theorem
4.2 in Vogt (2012) which yield that

E[U“ l’h /Z u,t,TIE //%’I’T%dx)az(%,xtj)]du
ml Ea /Z 2, /HKh(x/_XJ(T))

j=1
X %d}c)az(%, Xt(%))]du +o(1)
dil
)L[h /Z utT/ /HKh(x —Z])

xoz(%,z)f(%,z)d )f;r(( ))dxdu—l-o(l)

Next note that
T

L3 () (1)
/Kh(u—w)a2(w 2) f(w, z)dw—l—O( h3) (A.5)

uniformly in u and z. This follows from the fact that the sum on the left-hand side can
be regarded as a Riemann approximation of the integral on the right. Exploiting the
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smoothness conditions on K, ¢, and f, the approximation error can be calculated to be
of the order (Th3 )_1. With the help of (A.5), we finally arrive at

B[vf] _z,hﬂ// //Kh(u—w)HKh(x/—zj)

X crz(w,z)f(w,z)dwdz) %dxdu +o(1)
= Bt 1 +o(l). ]
Proof of (A.4). We rewrite U 7138
T
U}/,l = Zzt,r
t=1
with
Zﬂ]hi 7 (x)
Zl, /ZKM 1, TKu s,T (/Kx,t,T x,s,T f2( )dx gt,T‘?s,Td”-

s<t

Note that under (C6), {Zt,Ts ﬂt,T} with 9\,’7 =0 (XH_LT, Xt,Ta Et,Ts--+» XI,T> gl,T) is
a martingale difference array. We can thus use a central limit theorem for martingale differ-
ence arrays (in particular Theorem 1 in Chapter 8 of Pollard, 1984) to show that ZIT: 12T
is asymptotically normal. According to the theorem in Pollard (1984), it suffices to verify
the following conditions:

Lty [ Bz} 1 0.
P
(CLT2) ZITZI]E[Z%’TL%_LT] - V.
This yields (A.4). u
Proof of (CLT1). We can write

Lot ]_ 1629E[e}n24+2
-

//Z Z E[Wt,T@,K)WY,T(M,X)WS/,T(M’,X’)

t=1(s,s',s",s"e.s;
ﬂ(x)...ﬂ(x///)w(u)“.w(u///)

dxdu,

F2u,x).. 2", x") Xau

where .; denotes the set of index tuples (s s 8", 8"y with s,s57,5" 5" <t, 0ou) =

Tuel),u= @w,u,u’,u"), and x = (x,x’,x" ”’) Moreover,

X WS”,T (u//, X//) WSW, T (M///, x///)]

2
o1
Wit @) = K. Kut.r Kt Kt K. Kot r Koo Ko (07 (52 X))

Wr,T(uax) = Ku,s,TKx,s,Tgs,Ta
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and Wy 7 (', x"), Wor 7 (", x""), Wy 7 (u”’, x"") denote analogous expressions. We now
partition .#; into the subsets

LS’,(I) ={(s,5',s",s"") € # | the indices s, s",s”,s”" are all different}

57@(2) ={(s,s",s",s"") € 7 | exactly two of the indices s,s5’,5”,s”" are the same}

$(3) = {(s, s',s",5"") e 7 | exactly three of the indices s, s’,s”,s” are the same}

5”[(4) = {(s, s',s",s") e 7 | the indices s, s",s”, s are all the same}

Yt(s) ={(s,5",5",5"") € S | the indices s, 5", s”, 5" form two different pairs}

and write

T
>e[zt]=0f s 0P

t=1

with

y o 1624E[shn2dt2 o T
Q(Tl) = %//Z > E[Wz,T(ﬂ:&)Ws,T(u,x)Ws/,T(u’aX’)
t=1 (s,s’,s”,s”’)e&”,(i)
" "
z(x)...t(x"No)... o )dxdg

20 2wy

% WS”,T (u//’ x//) Ws///, T (u///’ x///):l

fori =1,...,5. In what follows, we show that Qg) — Ofori=1,...,5. To lay out the

proving strategy, we give a detailed account of the arguments for the term Q(TS). The other
terms can be handled in an analogous way.

To analyze the term Q?), we first have a closer look at the index set 5”,(3). Because of
symmetry considerations, we can assume w.l.0.g. (without loss of generality) that s > s’ >
s” > s Given this, the following two cases are possible:

A s=s"=s">s" B)s>s' =s"=s".

An index k is said to be separated from another index k’, if the two indices are further
away from each other than C,log T for some large constant C» < oo to be specified later
on, i.e., [k —k’'| > CologT. Using this definition, we can further split up case (A) into the

two subcases

(A)) s=s"=5s">5" and s” is separated from s = 5" = 5"

(Ay) s =s" =5" > 5" and " is not separated from s = 5" = 5.
Analogously, we can distinguish between the two subcases

(B))s > s =s" =s" and s is separated from ¢

(By) s > s =s" = 5" and s is not separated from .
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Introducing the index sets

FBAD — {(s,5',5",5"") € S | the indices satisfy (A;)}
EZ(S’AZ) ={(s,s",s",s"") € 7 | the indices satisfy (A7)}
5”,(3’31) ={(s,s",s",s"") € # | the indices satisfy (B})}
5”,(3’32) ={(s,s",s",s"") € # | the indices satisfy (B)},

we obtain that

Q(T:‘;) :4(Qg§sAl)+Qg§aA2)+Qg_3aBl)+Qg_3aBZ)),

where the terms Q(Ts’k) are defined analogously as Q(T3) fork = Ay, Ay, By, Bo. We now

)

consider the terms Q(T3’k one after the other.

(A1) As the model variables are mixing (with exponential decay) and s”’ is separated

from s = s’ = 5", we can use Davydov’s inequality (see e.g., Bosq, 1998, Cor. 1.1)
to get

‘E[Wt’T(ﬂ,l)Wg,T(M,.X)Ws/’T(M/,x/)Wg//’T(M//,x//)WS///’T(I/l///,X/// ]‘

= |Cov(Wi, 1w, W, 1 (u, 2)Wyr 1 (oYW 7 "), W (x|
l— A — AN/NEERY 47—:—6

< Ca(CylogT) 730~ 7 (E\WSW,T(M )| )

i
x (E[We,r () We 1, )Wy 7 (/XY Wy ) [2H0) 550

<cr™ 5,

where C3 is a large positive constant (which can be chosen as large as desired by
picking C, large enough). This immediately yields that Q(T?”Al) < CT~% with
some arbitrarily large constant C4. As a result, Q(T3’A1) — 0.

(A3) As s” is not separated from s = s’ = s”, the number of elements contained in
the index set ZG’AZ) is smaller than ClogT for each given ¢, where C is a large
positive constant independent of #. From this, it is easy to infer that Q(T3’A2) <

logT
Coappam — 0.

Using analogous arguments as for (A1) and (A;), we further obtain that Q?’Bl) — 0 and
Q(T3’Bz) — 0. As a result, Q(T3) — 0. |

Proof of (CLT2). To show (CLT2), it suffices to verify that

T P
> BLZ7 71 Fio1 11 =EIZ] 7]) — 0 (A.6)
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r 2
> ElZi 1= Wi (A7)
We first prove (A.6). Letting .7 be the set of index tuples
S = {(t,t/,s,s/,s”,sm) | 1<t,t,s,s",s",s" <T withs,s" <tands”,s"” < t/},

we can write
T 2
E (> (B2} 1 F—1, 11— EIZ} )
t=1
1624124+2

=—L > / / it st s s (0, x)q (u, x)dudx,

T4
(t.,t',s,5',s",s")eS
where we use the shorthands

(x)...t(x"NoW)...ow")

CI(Z, X) = fz(u,x) L fz(u/”,x”’)

and

Ft,t’,s,s’,s”,s”’ (u,x)=E [WI,T(”s u/rxa xl)Wx,T(Ms x)Ws’,T(”/» x/)
x Wt/,T(MU, M/N, x//, x///) Wv//’T (u//, x”)WS///’T (u///, x///)]
- E[WI,T(M,u,,X,X/)WS,T(H,X)VVS/,T(M/,X/)]
X ]E[Wt/jr(u//, u///’x//, XW)WS//’T(M//, x//)Ws”/,T(u///, x’//)]

with

/ / 2(1
Wt,T(M,M ,X,X0) = Ku,t,TKu/,t,TKx,t,TKx’,t,TU (?,Xt,T)
WS,T(usx):KM,S,TKX,S,Tgs,T'

Similarly to the proof of (CLT1), we partition the index set .7 into different subsets. By
symmetry considerations, we can restrict attention to subsets with t > ¢/, s > s/, and s” >
s”"". Thus, the following cases are possible:

" " "

(At >t >s,5,5"s B)yt>s>t' >5"5",s O)t>s,8" >t >5"s".
Let .7 C .7 be the subset of index combinations which fulfill the requirements of case

i € {A, B,C} and write

. 16/14h2d+2
Q(Tl') = 17174 Z // rt,t/,s,s’,s‘”,s”/(E’i)q@’é)dﬂdi'

(1,1,5,5" 5" 5" .

To complete the proof of (A.6), we establish that Qg) — Ofori = A, B, C.In what follows,
we give the details of the proof for case (A). The other cases can be handled by analogous
arguments.
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To show that Q(TA) — 0, we first split up the case (A) into the following subcases:

(Ay) t >t >s,5,s",s" and the indices s, s",s”,s"" are all different

(Ay) t >t >s,s',s”,s"” and exactly two of the indices s,s’,s”,s” are the same
(A3) t >t >s,5",s",s" and exactly three of the indices s, s’,s”,s” are the same
(Ag) t>1 >s,s,s"”,s"" and the indices s,s’,s”, " are all the same

(As) t >t >s,s',s”,s"" and the indices s,s’, s”, " form two different pairs.

Letting .7 (4%) and Q(TA") fork =1,...,5 be defined analogously as the expressions .7 (4)
and Q(TA), it suffices to show that Q(TA") — Ofork=1,...,5. We start with (A}):

(A1) By definition of case (A1), the term Q(TA') only contains elements whose indices s,

s’, 5", s"" are all different. W.Lo.g., we can assume thatt >t > s > s’ > s” > 5",

As in the proof of (CLT1), we say that an index k is separated from another index
k" if |k —k’| > CylogT for some sufficiently large constant Co. With this notation
at hand, we can distinguish between the following situations:

(A1.1) the indices fulfill (A) and s,s’,s”,s” are all separated from ¢’

(A1) the indices fulfill (A1) and only s, s”, 5" are separated from ¢’

(A13) the indices fulfill (A1) and only s”,s"" are separated from ¢’

(A1) the indices fulfill (A1) and only 5" is separated from ¢’

(A1.5) the indices fulfill (A{) and none of s,s’,s”,s"” is separated from ¢’
5 p

In the case (A1.1), we can apply Davydov’s inequality to get

|1",,,/,_Y,x/,x~’xw(g,g)‘ = ’COV(W,,T(M,u’,x,x')W,/,T(u”,u”’,x”,x”/ R
Wit (u, X)Wy 7 ', X YWy 7 ", x" YW 7 (", x"))
— COV(W;qT (u,u', x, x/), W, (u, x)Wsz’T(u/, x’))
X ]E[Wt/)r (u//7 u///, x//’ x///) WSN)T (u//’ x//) Ws///”r (u///, x///)] |

<CT™,

where C3 is a large positive constant (which can be chosen as large as desired
by picking C, large enough). This immediately shows that the sum of terms
Ty ¢ 5.5 5”5 (u, x) whose indices s, s, s”,s” are separated from 7’ can be asymp-

totically ignored, or put differently, Q(TAH) — 0. By the same token, we obtain

that Q(TA“‘) — 0 for k = 2,3,4. It thus remains to show that Q(TAI'S) — 0. As
none of the indices s,s’,s”,s” is separated from ¢’ in the case (A]_5), the index
set .7/(A1-5) contains at most C T2(log T)4 terms. Using this fact and bounding the

elements of Q(TAI'S) in an obvious way give that Q(TAI‘S) — 0. As aresult, we arrive

at Q(TAl) — 0.

Making use of the same techniques as above, we further obtain that Qg-Ak) — 0 fork =

2,3,4. To cope with the term Q(TAS), some additional arguments are needed:
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(As) By definition of (As), the indices s,s’,s”,s” form two pairs. More precisely, two

" "
N

different situations are possible: (i) s = s” and s” = 5" or (ii) s = s” and 5" =5"".
We partition (As) into these two subcases which are denoted by (As.1) and (A5.p),
respectively. First consider the subcase (As.1). To keep the notation tractable, we
introduce the shorthands

Y = Wl‘,T(”’”’axax/)
Wy = Wl/,T(u”,u”’,x//,xW
Ys,s' = Ws,T(ua X)Ws’,T(u/a x/)

1 " " "
l//s”,s’” = Wsun(u X )WS’”,T(M , X )
With this, we can write

Cr o5t (U, ) = Blyr we ws s s s 1 = Bly ws o 1B Ly wr 5]
= Cov(yr, o Ws,s Wsr s7) — Covyi, we o )ELyy ysr s ]
+ELy: ICov(yr, ws.s wsr sm) — Ely [ELys ¢ 1Cov(yyr, wsr sm)
+ELy JELy 1Cov (5.5, Wy sm)s

i.e., we can reformulate I'; /¢ o o o (u,x) in terms of covariance expressions.
This allows us to employ the techniques from (A;) again. Specifically, we first con-
sider the case in which some of the indices are separated from each other and apply
Davydov’s inequality to show that this case is asymptotically negligible. In a sec-
ond step, we can then take for granted that these indices are not separated, which

enables us to bound the number of elements in the index set. Setting up the proof

along these lines, we arrive at Q(TAS'I) — 0.

We next turn to (As_»). Similarly as above, we can write

rt,t/,s,s’,s”,s/” (u, X)— E[Wt]E[l//t/]E[V/x,s/ l//s//,s///]
= Cov(yr, Wy s, s W sm) — Cov(yr, wy s ) Elyy wer g
+ E[W[]COV(WI/, V/s,s’ l//&//’s///)

as well as

E[WI]E[wI/]E[V/S,s’ l//s//’sl//]
= IE[W,,T(M, u',x, x/)]IE[Wt/,T(u”, u” x",x" ]
X E[WS’T(M,X) WS”,T("{/” X//)]E[WS/,T(M,,X,) WSW,T(M//” )C///)]

=TI u,x).
t,t',s,s",s",s" L’ 7)

The same reasoning as for (As.1) yields that

47,2d+2
Q(As-z) _ 1647h
T = T4
x D J[ Fisr 0 00,0+ o),

(t.1,5,5' 5" ") e.S 45-2)
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Recalling that s = s” and s’ = s”” in case (Aj5.»), introducing the shorthand
Kt,t’,s,s’ :/"'/‘KM,Z,TKM/,T,TKIA”,I/,TKu/”,t’,T

X KM,S,TKu”,s,TKu’,S’,TKu”’,s’,T |a)(u) .. ,co(u”/)dg,

and w.l.o.g. assuming d = 1, we further obtain that

\// Ty 000w, x)duds]

<cx,,H/ // 2‘K(X x,)K(x xl)
([T i)

([l () (S

all )K( )‘th/’T(xt’)dxl’)

Fxop G)d )

K

N

"

([ ()R (5 e )
xa(x)...t(x"dx...dx"
SCK!,I’,S,S’/.../(/h—l‘K(x x! +¢) )
(3 k(S5 o)k ao')
(/ I‘K(x +¢//)K((/)//) d¢//)
(/ ‘K ( +¢”’)K (") dq;”’)

xa(x)...t(x"dx...dx"

SCK,J/,H//.../(/|K(W+¢)K(¢)}d¢’)
S

(/ |K (v + (p”)K(<ﬂ”)Id¢”)

(/h ‘K( x”_H// +¢/”)K(¢)W)

xdydy'm(x"o(x")dx'dx"

)

+gz/+go/)

d(pw)

-1
<
< CKt,t’,s,s’h .
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In the general d-dimensional case, analogous calculations lead to the bound
Chy s, S/h_d. With the help of this bound, it is straightforward to show that

r*

16i4h2d+2
R L / S sty 0w D)dudx = o(1).

IT4 Z

(1,1,5,5',s" 5. A5-2)

As aresult, Q( N

Putting everything together, we finally arrive at

T 2

E( > (B2} 1 Fm1, 1 -EIZE 1)) | =0,
t=1
which implies (A.6).
Turning to the proof of (A.7), it holds that

4/1 hd+l
ZE[Z T]_ // ZKutTKutTKuaTKus/T

t=1s,s'<t

2
X (//EI:Kx,t,TKx/,z,Tgt,TKx,s,TKx’,s/,Tgs,Tgs/,T:l

7 (x)7 (x')
NI it
f2u,x) f2 ', x)
Once more taking advantage of the mixing conditions and applying Davydov’s inequality,
it is seen that

Lor,q 4 h d+1
ZE[Zz,T] // D Kurm Ko 17 Kus, 7K s
t=1

t=1s<t

' 2 2
X (//E [Kx,t,TKx’,t,ng,T] E[Kx,s,TKx/,s,Tgs,T]

7 (x)7 (x')
« — P
F2u,x) 2’ x)
In a next step, we successively replace the nonstationary variables X; 7 by the approxi-

mations X, ( %). To do so, we apply the techniques from the proof of Theorem 4.2 in Vogt
(2012), which yield

ZE[Z?T

dxdx’)w(u)a) ' )dudu'.

dxdx/) ow)o W )dudu' +o(1).

41 hd+l

//ZzKutTKu tTKu:TKu’s T

t=1 s<t

(// )] O &) R )
[Tl -GN -G )

ﬂ‘-('x)n’-(x) ’ / /
dedx ) oW)w W )dudu +o(1).
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Exploiting the smoothness conditions on m, ¢, and the densities f in a standard way, we
can now infer that Zszl IE[Zt2 71=V1+o0(1), thus completing the proof. n

Proof of Lemma A.5. First note that

T
1 t N
T Z Kyt 1Ky, rmr (?, Xt,T) =m(u,x) fr(u,x)
t=1
+ A7 2@, x)+ A7 3(u,x), (A.8)
since m7 (w, z) = m(w, z) + ¢ A(w, z) with m satisfying the null hypothesis. This allows
us to write

Thd%l (/ BT(u,v,x)VT(u,v,x)n'(x)dx)dudu
IxI \.
=24 Wr 1 —Wro+ A Wr3—Wr4)+op(1)
with
Wr.1 :Thd%l/(/AT,l(u,x)AT,z(u,x);[(ix)dx>du
I fe(u,x)
W Th%/ (/A (o 2) A7 (0, x) ) d)dd
T2= 7,1, X)A7 2 (0, X)——————dx | dudv
’ IxI ’ ’ flu,x)f(v,x)

WT,3:cTTh%/I(/AT,l(u,x)ATj(u,x)%dx)du

W Th%/ (/A () AT 30, x) — ) )dd
T.4=CT 7,1, x)Ar 3, x) ———— udv,
IxI fu,x)f(v,x)
where we have used the uniform convergence results from Lemmas A.1-A.3 to replace the
kernel density estimates f, (u, x) and fj, (v, x) by the true densities f(u,x) and f (v, x).
We start by analyzing Wr 1. As a first step, the term is split up into two components:

_whB v
Wrai=Wr +Wp,

with
2 7 (x)
WT] —Th // T2ZKM[TKX,Z,Tgt:TAtuT(u’x)dedu
i 7 (x)
WT 1= =Th>2 // T2 ZZKH t TKu,s,TKx t,TEt TKx,s,TAs T(u x)mdxdbL

t=1 s#t

It is easy to see that E(W 1)2 < C— 77 — 0, which immediately implies that WT =

Th‘”

0p(1). To cope with the term WT 1» we further decompose it into two parts:
V _wV \4

Wri=Wria+Wras

with

d+1
WT La=Th?2 // ZZKM,Z,TKM,S,TKX,I,TSI T

t=1s%#t
7 (x)
X (Kx,s,T AS,T(M’ x)— IE[Kx,s,T AS,T(M’ x)])

———dxdu
f2(u,x)
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d+l
W= [ [ XS K Kusr Kenren

t=1s#t

X]E[KX,S,T AS,T(M, X)]2(7X)dxdu.

I, x)

The second moment of W% la is given by the expression

2
WV 2dl K K K, K,
E( T,la h+/l><1~//T4 2 § w,t, T Bu,s, T Bu' 1", T

t,t'=1s%#t,s'#t’
X E[Kx,t,Tgt,T (Kx,x,T AS,T(“a x)— E[Kx,s,T As,T(’fi’ x)])

Kx’,t/,Tgl/,T (Kx’,s’,T As’,T("‘/a x/) - E[Kx’,s/,T AS’,T ("‘/’ x/)]):l

7 () (xoo(w)ow ')
[Hu,x) f2 )

Using similar techniques as in the proofs of (CLT1) and (CLT2), this expression can be

shown to converge to zero, which yields that W}/ 1.a = 0p(1). We next turn to the term

WT 1b° It holds that

dxdx'dudu’.

7 (x)
[,

Replacing the occurrences of X; 7 in IE[AT,Z(u,x)] by the approximating variables

Wy, = Th*/ /AT 1w E[AT 2, x)] = )dx)du+o,,(1) (A.9)

X (%) analogously as in the proof of (A.3) yields that
E[Ar2(e)] = Z i T/HKW — )

(o)) )
uniformly in # and x. Next note that
T
53 () ) 1 (1)
/Kh(u—w)(m(w ) —m(u, x))f(w z)dw+0( h2) (A.10)

uniformly in u, x, and z, which follows upon regarding the term on the left-hand side as a
Riemann sum. Using (A.10), we get

d
E[A7,20,0)] = // Kp—w) [ ] Kn(x/ =27)
j=1

x (m(w,z) —m(u,x)) f(w,2)dwdz + O(T;,d + #)
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Finally, exploiting the smoothness conditions on m and f together with the properties of
the higher-order kernels, standard arguments yield that

1 1
E|A W] =0 (W +—+— Al

[A7.26e 0] ( Thd " Th? a1
uniformly in # and x. We thus arrive at

2
E(Th% /1 / AT,I(u,x)E[ATyz(u,x)]%dxdu)

T
1
=T2hd+1/ // <72zKu’,,TKM/,,,TIE[Kx,,,TKx/’,yTstzaT])
Ix1 ==

7 ()7 (x")
F2u,x) f2',x)

— 0(Th”’+1 (h’ + # + #)2) =o(1).

Recalling (A.9), this implies that W}/l 5, = 0p(1). As aresult,
Wr1=o0p(1)

and analogously Wr > =0, (1). Similar arguments can be used to show that Wz 3 = 0, (1)
as well as Wz 4 = 0 (1). This completes the proof. n

XE[ATJ(M,)C)]]E[AT,Z(M/,X/)] dxdx'dudu’

Proof of Lemma A.6. Using (A.8), recalling that cp = (Th(d‘H)/z)_l/2 and apply-
ing the uniform convergence results of Lemmas A.1-A.3 to replace the kernel densities
fn(u,x) and fy (v, x) by the true densities f (u, x) and f (v, x), we obtain

d+1
Th% (/ B%(u, D,x)n'(x)dx)du
I
=2(A1Pr,1—Pr2)+4(A1Q711— Qr.2) +2(A1R7,1 — R 2) +0p(1)

with

_ d+1 2 7 (x)
Pr,1 =Th> /[(/AT’Z(M’X)ifz(u,x)dx) du

Al 7 (x)
Pro=Th 2 /[xl (/ AT’2(u’x)AT’2(D’x)if(u,x)f(v,x)dx) dudv

07,1 :cTThd%]/I (/AT’Z(u,x)AT’g(u,x)%dx) du
7 (x)

7dx) dudv
F o) f@,0)

. ( / A720 ) A7 3(0.)

m(x)
K1 Z/I (/A2T=3(”’”)f2 u,x)dx) e
7 (x)

RT,2 = ./IXI (/AT,3(M,X)AT,3(U,X)WL1X) dudv.

Straightforward calculations yield that

2(A7Rr.1 —R7.2) 2/1 ) (/[A(u,x) - A(v,x)]zn'(x)dx) dudv +op(1).

d+1
Q7= CTThT/
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To analyze the term Pr 1, we decompose it according to
Prao=Pria+2Prips+Pric

with
d+1 1 r
Prog=Th" /1 [ 35 2 Kuat KusaKeo 82, 0.0) = BlK 7 817 0,0)
t,s=1
(x)
x (K A u,x)—E[K A u,x)])————dxdu
( x,s,T s,T( ) x,s,T s,T( ))fz(u,x)

T
d+1 1
Prao=ThF [ [ 25 3 Kunt KusaBlKnsr A1)
1 t,s=1 ()
(X

fz(u,x) dxdu

X (Kx,s,T As,T(”» x)— ]E[Kx,s,T AS,T(M’ x)])

d+1 1 ’
Pric=Th 2 /1 / =5 2 Kt TKus  BIK 7 A7 (,0)]
t,s=1

KE[Ky 7 Ay, (1t 3)] =)

In what follows, these three terms are considered separately. To start with, the same ar-
guments as used to analyze the term W}/,l,b in Lemma A.5 yield that Pz |, = op(1).
Moreover, it holds that

dtl 2 m(x)
Pr1.=Th2 // E|A72(u,x)|)” ———dxdu.
,L,c I ( [ 5 ]) fZ(M,x)
Together with (A.11), this immediately implies that Pr | . = 0, (1) as well. To handle the
term Pr 1 4, we split it up into two parts,

dxdu.

_ B v
Pria=Pria+Priq.

where
T
B —TpF LZKZ (Keor Arr(t,x) —ELK 07 A 7 (1, 1)) ) rdu
T,l,a = ) T2 u,t, T x,t,T Bt, T\U, x,t,T B, T\U, fz(u x)
t=1 ’
d+1 1 T
PYLa=ThE [ [ 33 Kt K (K v 0,0) = BLK 1 v )
” I r =1 s#t
% (Ky.s Mg (tt, x) = BIKy .7 Ay 7 (11, %)]) 2O vdu
X,S, s, 5 X,s, s, 5 fz(u,x) .

Applying the techniques from the proofs of (CLT1) and (CLT2), we can show that
E(PE, ,—E[PE, ,)*— 0and thus

B B
Pr1a—EPr d=0p(1).
Slightly varying the arguments for the proof of (A.11), we can further establish that
E[Pf | =47 'Brs,

which in turn yields that Pf la= Al_l Bt 3+0p(1). Finally, once more applying the tech-

niques used to derive (CLT1) and (CLT2), we obtain that P}/ la™= 0p(1). As a result,
-1

Pr1,a=4; Brz+op(l).
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Putting everything together, we arrive at
Pry=27"Br3+o,(1).
Slightly modifying the above arguments, we further get that Py » = By 4+ 0p(1) as well
as QT71 :o,,(l)and QT,2=0[;(1). u
Proof of Theorem 4.4

The proof mimics the arguments for Theorems 4.1-4.3 in the bootstrap world. We write
* d+l * * 2
Sy =Th 2 o ( [VT(u,v,x)+BT(u,v,x)] n(x)dx)dudu
X

with
T

1 o
Vi) = =3 Kuar K retr [ )

t=1

T
1 o
7 zKu,t,TKx,t,Tg;:T/fh(Uax)
t=1
T

1 B o
B (4,0,%) = = > Kut, 7 K, 710 (X2, 1) / fila )
t=1

T
1 - A
_? § KU,I,TKX,I,ng(Xt,T)/jh(Dax)
=1

and show that under the conditions of Theorem 4.4,

®1) 1h'E / ( / (V;(u,v,x))zn(x)dx)dudv—2(BT,1—BT’2)i>N(O, V)
Ix1I

conditional on the sample {Y; 7, X,,T}tT:1 with probability tending to one as well as

d+1 * * —
(B2) Th> /le (/BT(u,v,x)VT(u,u,x)n(x)dx) dudv = op(1)

d+1 "
(B3) Th% / (/ (B (u, v,x))zn'(x)dx) dudv =2(Bt 3 — Bt 4)+o0p(1).
IxI
Combining these three statements completes the proof. |

For the proof of (B1)—(B3), we use the notation

T
1
A;‘,l(uax) = ? ZKu,t,TKx,t,TSZT
t=1
1 T
App(x) == > Kurr Kyt 1 A7 7).
t=1
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where A¥ . (u, x) =g (X, ) =7 (x) and 7 (x) = Jym(u,x)du/ [; du as defined in Sec-
tion 4.3. Moreover, we let P*( - ) :=P( - [{Y; 1, X;, T} _1)- Analogously, E*[ - ] and

Var*( - ) are used to denote the expectation and variance conditional on the sample
{Yz,T,Xt,T},T=1-

Proof of (B1). Letting

d+1

Ur=ThS (/(VT*(u,v,x))zn(x)dx)dudv,
JIxI .

. * ® _ pr% .
we can write Uy = 2(UT’l UT,Z) with

it ()
Up. =4 ThS /(/(A“( (bix)dx)du
% a2 * * 7 (x)
U :Th A LX)A ,X)————F——dx ) dudv.
Fa=ThE le(/ R R APy o x) e

Similarly as in Lemma A.4, it suffices to show that

U ;’1 — Bt $ N(0,Vy) cond. on the data with prob. tending to one (A12)
U;’z—BT,z =op(l). (A.13)
. . P . .

Note that (A.12) is equivalent to P* (U} | — By, < x) —> ®(x) pointwise for each x € R,
where @ is a Gaussian distribution function with mean zero and variance V;. In what

follows, we restrict attention to the proof of (A.12). (A.13) follows by simpler but similar
arguments. To prove (A.12), we decompose U7, | according to

B,
Uj=U7 *+UT1 +op(1)
with

. A h ( *
U%l == /Z utT(/ x,t,szn(i:)x)dx) (gz,T)zd“

/1 h 7 (x)
V, 1
U ¥ /ZZKM,I,T u,s, T (/ Kx,t,T x,s,T f2(u )dx) S:TS;TdM,

t=1s#t

where we have replaced the kernel density fh (u, x) by the true density f(u,x). To do so,
we have exploited the fact that %ZITZI Ku,t,TKx,l,T‘(;;k’T = 0p(\/logT/Th+1 +h")
uniformly in « and x. This can be shown by using the uniform convergence results from
Lemmas A.1-A.3 and noting that the array {&; 7 - 77;} has the same mixing properties as
{er, 1} (cp. Theorem 5.2 in Bradley, 2005). In the sequel, we prove that

UP = Br.i+op(1) (A.14)

P* (UT L <x) N D(x). (A.15)

Combining (A.14) and (A.15) immediately yields that P*(U7. | — Br,| < x) N D (x),
thus completing the proof of (A.12). ' n
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Proof of (A.14). Noting that
~ 2 t N t
T =énT +28,,T[m(?, Xt,T) —mp (?, Xz,T)]

+[m(%,xtj)—rhh(%,xﬂ)]z, (A.16)

we have

* * A h 2 .
E [UB _ M /Z utT(/ %l,r%dx)gtzjdu
Arh T (
= ]T/IZKZJ,T (/Kit,Tf;Tx,)x)dx) Edeu +op (1)
i h (
2 [ [([ )

= E[UT,I] +Up(l),

where the second equality uses the fact that m (u, x) — iy (1, x) = Op(V1og T/ Tha+! 4
h") uniformly in u and x and the third one follows by an application of Davydov’s inequal-
ity. From Lemma A.4 we already know that IE[UYI‘!-g 1= Br,1+0(1), leaving us with

B,
E* [UT’I*] = Bry+o,(1).
Moreover, it is not difficult to see that U?’l* — ]E*[Uf’l*] =op(l). u

Proof of (A.15). We rewrite U’} as

with

T f Ku,t,TKu,s,T(fo t TKX,S,Tﬁ*dx) [ Ts;‘,Tdu for ¢ ;ﬁs

0 otherwise.

*
ws,l,T -

As the bootstrap residuals are independent conditional on the sample {Y; 7, X; 7}, we can
directly use the results of de Jong (1987) on quadratic forms to show (A.15). In particular,
it suffices to show that the following three conditions are satisfied (see Theorem 2.1 in de
Jong, 1987):

(CLT1#) Var* (U}/ f) Loy,

5

(CLT2*) Var* UV,* _lmax T Var* (w* P 0
7 1<s<7 2=y Var* (Wi, p) — 0.

5

-2
LT3 Varr (U)7) T B UL D .

5
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To show (CLT1%*), we proceed similarly to the proof of (A.14). The details are omitted.
For the proof of (CLT2%), note that

1<s<T

T
d N
max > Var'(w], 1) < € / // max (1Ko 7 ([ K 1d0) | Ko Kot 7182 1)
1 =5=
t=1

T
1 R
X (ﬁ Z |KusmKysT KX/,,,T|812,T)77:(X)7T(x/)dxdx/du

t=1

with a sufficient large positive constant C. Using (A.16) together with the fact that
max|<g<T asz = OP(TZ/”) for v =8+ J, we obtain that

T2/v
d a2
max (1Ko 1y K, 1) Ko K, 122 ) = Op (7 )- (A17)
Moreover, it is easily seen that
1 T
= /1 > K 7] ( I/ |Kx,t,er/,,,T|n(x)n(x/)dxdx’) 82 du
t=1
1
= 0,,(?). (A.18)

Combining (A.17) and (A.18), we arrive at

T
1
max ZVar*(w;‘,t,T) =0, (W) =op(l),

<s<
l_s_Tt:1

the last equality following from the conditions on the bandwidth 4 listed in (C3). This
shows (CLT2%*). For the proof of (CLT3*), we use that

4
* V., _ * * * * *
1 1/5s! 1T 1 s

2
-2 > E*[(w;,,ﬂ) (wg’t4’T)2:|+8ZIE* [(w;‘]’,ﬂ)“]

n#ERFE, n#n

* * * * *
+48 > E [“’tl,tz,T“’tz,tz,T“’ts,t4,T“’t4,t1,T]
L #DF 3

* * * 2 *
+192 > E [wtl,tz,T(wtl,ts,T) wlz,l3,T]
Hn#OLF#

2 2
+48 Z 12 [(w;kl,lst) (wl*z,tmT) ]
h#h#83
= 071+ 072+ 073+ 074+ 075
Exploiting the mixing conditions on the model variables yields that Q% ; = op(1) for

i =2,...,5. Below, we give the proof for 07, 5 which is the most difficult term to handle.
As a result, we obtain that ’
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4
\%
E*(UT;;*) =12 > B[], P, )] +op().

N#LF3F#l
. v, . v,
Noting that Var* (UT, )= 22 4 ET (u);*l ,tz,T)z’ it is now easy to see that E* (UT, 1*)4 =

3Var* (U;/’l*)2 +0p(1). This completes the proof of (CLT3*).
We now provide the details of the proof that Q*T 3 = 0p(1). Using the shorthands

(/A)l‘l = IKx,tl,TKx’/’,tl,T|‘§t21,T
¢ =K. Kwr iy, 7V, 1
‘/A’t3 = IKX/,Z‘3,TKX”,I3,T|§t23,T
biy = |Kx”,t4,TKx”’,t4,T|§t24,T
as well as
Kty,00,03,04 = 1 Ku,t), T Ku,ty, TKu 1y, T Kit 13,1
XKy . 1K 10,7 K 1,7 K 11,715
it holds that

Ci‘}h2d+2

|Q;,3| < /~~-/Ktl,tz,l3,t4¢tl¢fz¢t3¢t4

4
T NF#LFBFEL

7). n6") dxa () ...ou")du

sz(u’x)‘_.fz(u///,x///) 2

withu = (u,u’,u” ,u”"y and x = (x,x’", x”,x"""). Next, by (A.16), we have

2 2
‘/’tl = |Kx,t1,TKx”’,t1,T|'9t1,T +2|Kx,t1,TKx”’,t1,T|

I ~ (0
X [m(?, le,T) —mp (?, Xt],T):lgtl,T
1 . (1 2
+|Kx,t],TKXW,II,Tll:m(?’ th,T) —my (?, th,T):I

= (:bl‘l +$t1 +$t] .
We thus obtain
C/14h2d+2
|Q;,3| S IT4 Z /"'/”fl,tz,ls,l4¢t1¢lz¢ta¢t4
L # D F 37
x(x)...x(x")

P2y fR A

472d+2
CATh=+ _
e — Kll,tz,t3,t4¢t1¢lz¢lg¢t4
1 #EDLF3

7()...x&") dxo)...ow”)du

sz(u,X)-nfz(u/”,x”/) =
+ ...

dxo@)...ow”)du

T4

Lok *
= 073,1t073,1



856 MICHAEL VOGT

In what follows, we show that Q% 3.4 = 0p(1), the other terms being op (1) by similar
arguments. It holds that ”

412d+2
or . = ST 3 .
T.,3,a T4 11,02,13,04

L FE D F3#l
X (¢t| - E[¢t1 ] + ]E[¢t| ]) (¢t2 - ]E[¢t2] + ]E[¢t2])
X (¢t3 - E[¢t3] + E[¢t3]) (¢l4 - IE[(;2514] + E[¢l4])
r(x)...t(x")
X
fz(u x). .f2(u”’,x”’)
Cﬂ.4l’l2d+2
Cord / /"tl,tz 53,14
1 #tz;ﬁl‘%;ﬁm
x {Elen JEL40, 1EL 41, EL 1, ]
+ (¢1, — El¢r, DE[¢r, [E[dr; 1El by, ]
+ ((/)l] - E[¢t} ])((/)tz - E[¢tz])E[¢t3]E[¢t4]
+ (¢r, —Elér, 1) (b1, — Eldr, 1) (b1 — Eldrs DE[ by, |

+ (@1 — Elpn ) s — Bl ) G1s — Bl Dy — Bl D+ |

x(x)...x(x") dxo@). ..o )du

X
O R
=01+ 405+

dxo)...0Ww”)du

We have that Q1 < C h?. Moreover, exploiting the mixing conditions by means of Davy-
dov’s inequality similarly as in the proofs of (CLT1) and (CLT2), we can show that
IE[QiZ] =o(1) fori =2,...,5. The other terms contained in Q*T,3,a can be handled in the
same way. Note that to apply Davydov’s inequality in this context, we require the moment
condition E[e,8+5] < 00 to hold for some small J > 0. Proceeding along these lines, we
finally arrive at Q;",3,a =o0p(1). n

Proof of (B2). It holds that

d+1

Th 2 /le (/ B;(u,v,x)\/;(u,1),x)7r(x)dx) dudv =2(Ag WY*",I - WY*",Z)

with
* 44l * * ( )
WT,] =Th Er /1(/AT’I(M’X)ATJ(M’X)fg(:,x)dx)du
. dtl . i (%)
=Th A , X)A ,x)——————dx ) dudv.
WT’2 e /le (/ T,1("‘ *) T’Z(U )fh(u x)fh(v X) ) nav
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We first consider the term W | in more detail. Writing

T
1 t
AT, x) = T ZKu,t,TKx,t,T (m (T Xy, T) iy, (7, Xt,T)) 1t

=1
T

1
+ ? Z Ku,t,TKx,t,Tgt,Tﬂt
t=1

=: A*T,l,a(“>x)+A;,1,h(”’x)
and

T
1 _ _
A7 p(x) = = > Kur 1 Ko7 [1g (Xe. 1) =X, )]
t=1
1 T
+ T ZKu,t,TKx,t,T[m(Xt,T) —ﬁ(x)]
t=1

AT 2a W)+ AT (),

we can split up W. 1 into additive components according to
d+l 7 (x)

W;,l =Th 2 /(/ ;,la(“ x)ATza(u X)) dx)du
I fRu,x)

il 7 (x)

+Th AT 1.a s X)Asz(” X)) = dx

fh u,x)

) dx

)

)du
(
a1 w(x
+Th2 /I(/ 7.1 h(” x)AT2a(u X)———— fh(u > )du
)du
(

dil m(x
+Th ) /I(/ T.1 b(u x)Asz(u x)%dx

. * * * %
= Wr e "W Lab YW pa W1 06

857

Using the uniform convergence results from Lemmas A.1-A.3 together with some

straightforward additional arguments, it is not difficult to verify that

logT
A 0) = 0p(¢Thd+1+hr)
logT
Tha’+1

[logT
ATZa("‘x) ( ;ggd +g)

A;,l pu,x) =

(A.19)

(A.20)

(A.21)

(A.22)
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uniformly in # and x. Now define €7 to be the event that

inf | f(u,x)| > ¢ > 0,
u,x

logT
sup |y, (u,x) —mu,x)| < C +h" ],
up i 1, ) =, )| (‘/W,+1 )

logT
sup | A% u,x)|<c{ |—=—+g" ), and
SUp[ A7 5,40 0)| < ( Tod T8

logT
sup |A% u,x)| <cf,/ +hn"
u,f| T,2,b( )| = ( Thd—1

for some fixed constants 0 < ¢ < C < o0. If the constant ¢ is chosen sufficiently small and C
is large enough, then the probability of €7 not occurring converges to zero. Put differently,
P(¢7) = o(l), where €7 denotes the complement of the event %7. This follows upon
inspecting the proofs of the uniform convergence results A.1-A.3.

Keeping in mind the above remarks, we obtain that

P(IWT.1.aal > 0) SPUWF | gl > 0,67) +P(6])
= IP’(]I(‘KT)|W;’1,M| > 6) +o(1)
for each fixed 0 > 0. Moreover,
PIEDIWF 14l > 9) < E[IEDIWE 1 10]/0?
= E[E*[LE)IWF 1 4al"1]/9
Exploiting the independence of the bootstrap residuals #;, we obtain

E*[(ET)IWF. | 4ql’]
= 1(¢r)T2hd ! /1 ) / / Nf 5o, ) AT, X))
X

1 r t t 2
X ﬁ;Ku,t,TKu’,t,TKx,t,TKx/,t,T(m(?’Xt,T)_’ﬁh(?sxt,T))
() (x")
FEHu,x) fE x)
and thus

E[16DIWE ol

2 2

logT logT
2,d+1( |_1O8 r /108 r
<CT*h (Thd+1+h)( ng+g)

T
"1
x E / // ﬁZ|Ku’,’TKu/’t,TKx’,’TKX/’,’T|7r(x)7r(x/)dxdx’dudu’
Ix1
t=1

dxdx/)dudu/

=o(l),
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where the inequality is by the definition of the event €. As a result, P(H(%T)lw; Laal >
(5) = o(1), which immediately yields that W, = op(1). Repeating the above argu-

* * *
ments, Fhe terms WT,l,ab’ WT,l,ba’ and WT,l,bb can be shown to be o, (1) as well. We
thus arrive at

W7 =o0p(1).
Analogously, we obtain that W 5 = 0, (1). This completes the proof. n

Proof of (B3). The result easily follows by using the uniform convergence rates (A.21)
and (A.22). |





