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Abstract

In this note several aspects of specification tests in nonparametric models driven by an
absolutely regular process are discussed, which were recently proprosed in the literature.
In particular we give a more detailed asymptotic analysis of tests based on kernel meth-
ods under fixed alternatives using a central limit theorem for U-statistics with n-dependent
nondegenerate kernel. As a by-product it is demonstrated that several results regarding
the asymptotic distribution of goodness-of-fit tests are incorrectly stated in the literature.
Moreover, our result indicates that recent results on the asymptotic equivalence between
nonparametric autoregression and nonparametric regression cannot be used for the asymp-
totic analysis of goodness-of-fit tests under fixed alternatives.
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1 Introduction

Let (X;,Y;) denote a strictly stationary discrete time stochastic processwith Y; € R, X; € R?
and
Y, = m(Xy) + e, (L.2)

where ¢, is an unobservable error with mean 0 and m is an unknown function. Several authors
have discussed the problem of estimating the regression function [see e.g. Robinson (1983),



Tjostheim (1994) or Masry and Tjestheim (1995) among many others]. It is well known that
for a high dimensional predictor the regression function m cannot be estimated efficiently [see
Stone (1985)] dueto the so called curse of dimensionality and therefore parametric models are
usually preferred to the purely nonparametric approach. On one hand the specific parametersin
the model usually admit a direct interpretation, yet on the other hand the information available
from the observations can be increased by the application of efficient or optimal procedures.
However, misspecification of such a model may lead to serious errors in the subsequent data
analysis and many authors recommend testing the goodness-of-fit of the postulated model [see
Shillington (1979), or Neil and Johnson (1985) for early reference and Azzalini and Bowman
(1993), Hardle and Mammen (1993) or Zheng (1996) for more recent reference in the context
of independent observations (X, Y;) in the model (1.1)]. More recently several authors have
addressed the problem of testing the goodness-of-fit in the context of time series modeling [e.g.
Hong-zhi and Bing (1991), Hjellvik and Tjastheim (1995, 1996), Fan and Li (1996), Hjellvik,
Yao and Tjgstheim (1998) or Koul and Stute (1999) among many others]. The proposed meth-
ods can be roughly divided into two classes: tests based on marked empirical processes and
tests based on kernel methods.

In the present paper we will take a more careful look at the approach based on kernel methods
with three objectives in mind. First we will give a detailed analysis of the corresponding tests
under fixed alternatives. As pointed out by Dette and Munk (1998) the asymptotic distributional
properties of a goodness-of-fit test under fixed aternatives are important for the analysis of the
type 1l error and for the problem of testing precise hypotheses [see Berger and Delampady
(1987) and Sellke, Bayarri and Berger (2001)].

Note that most authors discuss only asymptotic properties of the test statistic under the null
hypothesis and local alternatives and prove consistency [e.g. Fan and Li (1999) or Kreiss, Neu-
mann and Yao (1998)]. Some recent results regarding the asymptotic distribution of goodness-
of-fit statisticsfor parametric model assumptions under fixed alternatives are given in Theorem
3.3 of Hjellvik, Yao and Tjgstheim (1998) who compared a nonparametric with a linear lag-%
predictor for the construction of atest of linearity. Our second objective is to demonstrate that
these results are incorrect and a substantially more sophisticated analysisis required to obtain
the exact asymptotic distribution under fixed alternatives.

Thethird objective of this paper refersto the recent interesting and promising work of Neumann
and Kreiss (1998), who showed the asymptotic equivalence between a nonparametric autore-
gression model and a nonparametric regression model with a nonrandom design. Although this
equivalence can be used for deriving the asymptotic distribution of a modified L ,-distance be-
tween a nonparametric estimator of the regression function and its parametric counterpart under
the null hypothesis[see Kreiss, Neumann and Yao (1998)], the results of the present paper show
that this technigue is unfortunately not applicable for the asymptotic analysis of the test under
fixed alternatives. Our results suggest that differences exist between the nonparametric autore-
gression and the fixed design nonparametric regression model, which cannot be detected by the



approach of Neumann and Kreiss (1998).

For the sake of brevity we will mainly concentrate on the problem of testing linearity and
goodness-of -fit test, which was proposed by Zheng (1996) in the context of ani.i.d. sample and
investigated by Fan and Li (1999) for absolutely regular processes. In comparision with Fan
and Li we will use dlightly different regularity assumptions, which will make the asymptotic
analysis under fixed alternatives alittle easier. In section 2 we will prove asymptotic normality
of Fan and Li’s (1999) statistic under fixed alternatives with a different rate of convergence as
under the null hypothesis. The proof is based on a central limit theorem for U-statistics with a
nondegenerate kernel, which will be proved in the appendix and can be seen as a complement to
the central limit theorems for degenerate U-statistics obtained by Hjellvik, Yao and Tjastheim
(1998) and Fan and Li (1999). Section 3 discusses extensions and gives the corresponding
results for the statistics considered by Kreiss, Neumann and Yao (1998), Hjellvik, Yao and
Tjostheim (1998) and Dette (1999). Finally, some of the proofs of the more technical resultsin
Section 2 are given in an appendix in Section 4.

2 A central limit theorem for nondegener ate U-statisticsand
its application to model checks

Consider the strictly stationary discrete time stochastic process defined in (1.1) and let
gl,...,gp:Rd —+ R

denote linearly independent regression functions. We are interested in testing the hypothesis of
linearity, i.e.

p
Hy:m(x) = Zﬂjgj(x) vz € supp(m) (2.1)
j=1
for some vy,...,7, € R, where 7 is the density of the stationary distribution of X;. Let
g(z) = (q1(x), ..., g,(x))" be the vector of regression functions and
R 1 n 1 1 n
Do = (=D 9(X)g"XD)) D (XY (22)
=1 =1

denote the least squares estimator of the unknown parameter ¥ = (;...,9,)". Following
Zheng (1996) we define the test statistic for the hypothesis of linearity by

1 1 Xi—X;\. .
byt (TR ) @3

where ¢; = Y; — 97T g(X;) are the residuals obtained under the assumption of linearity, K isa
kernel function and A is abandwidth. A straightforward calculation shows that

Tn - (Tln -2 TZn + T3n) + (2 T4n -2 T5n + TGn)a (24)
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where

1 1 X, — X,
T = Ry g i
' n(n —1) hd ( h )6 g
1 1 X, — X,
Ty = K (22 g
" n(n—1) £ b (F5)e0
1 1 (Xi— X,
T = n(n —1) ﬁK( h )61@ (2.5)
1 1 (Xi— X,
Tan = n(n —1) ﬁK( h )61AJ
1 1 X, — X,
Tn == —K . J (SZA
T n(n—1) & b (F5)0ny
1 1 X, — X,
Tep = ———— —K v J AZA
6 n(n — 1) &=~ hd ( h 7

5 = UTg(X;) — 9g(Xa), Ay = A(X;) = m(X;) — 91g(X;) and 9, ist the unique value
minimizing

that is
9o = Elg(X0)g"(X0)] " Elm(X;)g(X,)). (2.6)

Note that under the hypothesis of linearity (2.1) we have A; = 0; ¢« = 1,...,n and conse-
quently 7y, = T5,, = T, = 0. Our first result reviews the asymptotic properties of the statistic
T,, under the null hypothesis. For this purpose we need the following assumptions for some
fixede > 0.
(A1) The process (V;)icz = (Xi,&¢)iez in the model (1.1) is strictly stationary and abso-
lutely regular with mixing coefficients 5(k) satisfying

o0

> kBT (k) < . (2.7)

k=1

Thedensity = of X; has compact support and is -times continuously differentiable for
somer > 2.

(A2) Theinnovationse, inthe model (1.1) satisfy
E(e| X, FTH(X,Y)) = E(5| X)) = 0, (2.8)

Var(V;| X, = o, FL (X, Y) = B(E)|X, = 2) = 0(a), (29)



where F/~'(X,Y’) denotes the o-algebra generated by the sequence (X, Y;)!~} and
the function o2 is twice continuously differentiable.

(A3) The kernel K used in the definiton of the test statistic 7, in (2.3) is symmetric,
bounded, of order » > 2 with compact support, such that

/KZ(U) du < o,

Theregression functions g4, . . . , g, are orthonormal with respect to the stationary den-
sity m and r-times continuoudly differentiable.

(A4) Thebandwidth / used in the definition of the test statistic 77, in (2.3) satisfies as
n — oo
h—0, nh?— o0, nh* —0. (2.10)

Our first result showsthat under the null hypothesis of linearity the dominatingtermin 7', isthe
statistic 77,,, which is asymptotically normally distributed. The proof is similar to the proof of
the corresponding statement in Fan and Li (1999) [where we use Lemma 3.2 in Hjellvik, Yao
and Tjestheim (1998) instead of their central limit theorem 2.1 for degenerate U-statistics| and
is therefore omitted.

Theorem 2.1 If assumptions (Al)-(A4) are satisfied for the process defined by (1.1) and the
hypothesis H, isvalid, then the statistics 77,,, 15, 13, and T,, defined in (2.3) and (2.5) satisfy

Ton = 0p(n™"h="?), (2.11)
Ty = 0p(n~"h="?), (2.12)
nh?T, 25 N(0,V), nh*T, =5 N(0,V), (2.13)

where the asymptotic variance is given by

V=2 [ K du [(o*e)Pn ) da. (214)

We now discuss the asymptotic properties of the statistic 7,, under fixed alternatives. In this
casethetermsTy,, T5,, 15, in the decomposition (2.4) do not vanish. We will show that under
afixed aternative these random variables are of order O,(1/+/n) and determine the asymptotic
behaviour of the statistic 7,,, while Theorem 2.1 shows that the random varibles T',,, T5,, and
Ts,, are asymptotically negligible, that is

Tin = Oy(n 2h %) =oy(n"2), j=1,2,3



and
Ty =2 T4 — 2 Tsn + Ton + 0p(n 7). (2.15)

The following lemma gives a simpler representation for the dominating term on the right hand
side of (2.15). The proof is deferred to the appendix.

Lemma 2.2 If assumptions (Al)-(A4) are satisfied and the hypothesis of linearity in (2.1) does
not hold, then

T, = U, + 0y(n"3), (2.16)
where the statistic U,, is defined by
Uy =2T1, — 2Tsn + Ton (2.17)
and )
Ty = ﬁ ; ; G(X) (A, + ) A )gu(X;)7(X). (2.18)

Note that Lemma 2.2 shows that the asymptotic properties of the statistic 7', can be studied by
considering the U-statistic

U= ——— 3 ha(Vi, Vi), (2.19)
n(n —1) oy

where V; = (X;, ¢;) and h,, denotes a symmetric kernel (depending on n) defined by

X, — X;

ha(Vi, V) = h—dK( -

){SZ’A]' + Aicfj + AzAJ} (220)
-y {gz (Xo) (A +€) A (X;)m(X;) + qu(Xa)m(Xi) Asgu(X5) (A + 5j)}-

Note that the kernel of U,, depends on the sample size n and that this type of U-statistic has
recently been investigated by Fan and Li (1999), who proved asymptotic normality for a stan-
dardized version of the U-statistic in the case of a degenerate kernel h,,, that is

Elh,(v, V)] =0 ae (2.21)

Unfortunately, if the null hypothesis of linearity is not satisfied, then the kernel defined by
(2.20) is nondegenerate in the af orementioned way [see Lemma 2.4 below] and the central limit
theorem of Fan and Li (1999) is not applicable for studying the asymptotic properties of the
statistic U,, under fixed alternatives.
In order to establish a corresponding result in the nondegenerate case we will introduce a Hoeff-
ding decomposition

Uy =7+ 2H + H? (2.22)
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where v, = E%h,(V;,V;), E® denotes the expectation with respect to the product measure

1 Vj
PV @ PVi and
1 n
) = Ly o,
n
=1

(2.23)
1
Y = —— 3" WPV, V),
n(n —1) ;
where the kernelsin the statistics ") and HY? are defined by
B (v) = B(ha(0,V}) = s
(2.24)

W (v,w) = hy (v, w) = E(hn(v,V;)) = E(hn(Vi, ) + 7.

The proof of the following theorem, which gives a central limit theorem for U-statistics with
nondegenerate n-dependent kernel, is deferred to the appendix.

Theorem 2.3 Let (V;);cz denote a strictly stationary, absolutely regular R¢*!-valued process
with mixing coefficients satisfying

> kBT (k) < oo (2.25)
k=1

for somee > 0 and assume that

K, = max{ sup E|h,(V;, V;)ha(Vi, V)I'*%, sup E'®|h,(Vi, V})hu(Vi, V)|,

i;g,il;él, i;é‘]:,;écl;ﬁl,
sup B[, (Vi, V) ha(Vi, VO)I'2, sup B2 (V, V)RS (Vi Vi) [}
i#j,k#l i#j,i#l,
Ve J#

o O(h_d(l-'_g)),

(2.26)
where h — 0, nh? — oo andfor i, < iy < i3 < i, E'®, E?® and E3® denote the expectations
with respect to the measures PV @ P(Viz:Vis:Via) | p(VinVin) @ PYis and P(ViiViVis) @ PVia,

respectively. In addition, if for some ¢ > 2 the estimates

EInY (V)" =0(1) and  E[nD(V;, Vj)I? = O(h™) (2.27)
hold and the U-statistic U,, defined by (2.22) and (2.23) isnondegenerate, i.e. Var( ( 7)) # 0,
then the statistic U, is asymptotically normally distributed, i.e.
U, — E®U,
Var U,
Moreover, the variance of U,, is given by

25 N(0,1). (2.28)

Var(U,) = aVar(H{") + o)

2.29
= varn(w) +2ZCOvh1(v1) WO V) } + o). =

n



In order to apply this central limit theorem to the U-statistic U,, defined in (2.17) we use the
following representation for the kernel 1% in the U-statistic H.".

Lemma 2.4 If assumptions (Al)-(A4) are satisfied and the hypothesis of linearity in (2.1) does
not hold, then the kernel 14" can be expanded as

hi (v) = (A(x) + )[(AT) (@) = Py, ...q, (A7) (2)] = 70 + O(")

.....

uniformly with respect to v = (x, e), where Py, ., 1 f denotes the orthogonal projection of the
function f ontospan {g, . . ., g,} withrespect totheinner product ( f1, f2) = E[f1(X1) f2(X1)].

Note that the kernel 2" in Lemma 2.4 isobviously not identically zero and therefore the kernel
h., defined by (2.20) is nondegenerate. Therefore we can use Theorem 2.3 and Lemma 2.4 to
establish asymptotic normality of the statistic U, in (2.17) under fixed alternatives.

Theorem 2.5 If assumptions (Al)-(A4) are satisfied and the hypothesisof linearity in (2.1) does
not hold, then the statistic 7, defined in (2.3) isasymptotically normally distributed, i.e.

V(T — B) = N(0,W),

where the asymptotic biasis given by

B= / / K () (Am)(2) (A (2 — hv) da do,

the asymptotic varianceis
W o= 4[ / gz(x){(Aﬂ')(x) —]P{gl,m,gp}(Aﬂ)(x)}ZW(I)dx

+ Var (AQ)AT)(X)) = Py, (AT) (X1)])
+ 23 Cov([AGK) + 21 [(AT)(X1) = Py (AT) (1))

AX140) [(AT)(X141) = Plgy.0 (A7) (X110)] )|

and Py, . ,.3f denotesthe orthogonal projection of the function f onto span {g, ..., g,} with
respect to theinner product (f1, fo) = E[f1(X1) f2(X1)].

Proof of Theorem 2.5

By the discussion in Lemma 2.2 the asymptotic normality of the statistic 7', under fixed alter-
natives can be established by proving asymptotic normality for the U-statistic U,, defined in
(2.19). To thisend it is sufficient to prove that the assumptions of Theorem 2.3 are satisfied
for the kernel h,, givenin (2.20). Conditions (2.25) and (2.27) are obviously satisfied [because



of a$umption (A2) and Lemma 2.4] and an application of Holder's inequality [ ¢ + - = 1,

1+5] yieldsfor j # [ for thefirst two termsin h,,(V;, V;)

Xz' — Xk — 1+e

E‘h‘dK( Xj) {Aies + 2+ 208 bk Xl) {Der+ 2+ A}

E(14e)7 ¢
= [E‘{AZ&“] + giAj + AiAj}{AkSZ + SkAl + AkAl} ] ¢

< [l (B ()

= 0(1) x O(h™21+Ip’) = O(h=10+9)).

n(1+6)] 5

The third term of h,,(V;, V) istreated by the same arguments and it follows that

Eha(Vi, Vi) ha(Vi, )| = O (R 7019).
Similar calculations for the other cases yield for the quantitiy K, defined in (2.26)
— O(h 1+5)),

which establishes the assumption (2.26). From Theorem 2.3 it therefore follows that

U, — E®U,

D
— N(0,1
Var U, (0,1)

and it remainsto cal cul ate the expectation and the variance. Thecalculation of E®U,, isstraight-
forward and follows by similar arguments as given in Dette (1999), that is

E®U, = //K(v) A(z) Alx — ) 7(z) m(z — hv) dz dv.
For the determination of the variance we apply the second part of Theorem 2.3 and Lemma 2.4.
~ nil ~ ~
nVar(U,) = {Var AV (1A) +2 3 Cov (AV (12), A (Vi) | + o(1)
t=1

where
WD (Vi) = (A(X0) 4 20) [(AT)(X1) — Pygy,...g,) (AT) (X1)]

Var b (Vi) = Var{ A(X0)[(Am) (X)) = Py, (A7) (X1)] |
+ Var{ey[(Am) (X1) = Pig,.. (Am) (X)]}
+ 2Cov{A(X1)[(A7r)(X1) = Plgi,gp)y (AT) (X)), 1 [(AT) (X7) — P{gl,...,gp}(AW)(Xl)]}
= Var{ A(X)[(AT)(X1) = P00 (AT) (X1)] |
+ [P@{an)@) - Py (3n)@)} 70 ds

9



Cov (h{) (V1), b (Vise)) = COV{[A(Xl) + 1] [(Am)(X1) = Py, g (AT) (XA)],
[A(X144) + 1] [(AT) (X1 44) — Py,
= COV{[A(Xl) + 1] [(AT)(X1) = Pygy,g0) (AT (X1)],

AX1) [(AT)(X141) = Prgs, g (A7) (Xag0)] 5

From the proof of Theorem 2.3 it finally follows that

n—1

Tim >~ Cov (A (1A), h{P (Vi)

t=1

exists, which completes the proof of Theorem 2.5.

3 Further discussion

3.1 Asymptotic equivalence

In arecent paper Neumann and Kreiss (1998) derived a strong approximation of alocal poly-
nomial estimator in the nonparametric autoregression model

Xt = m(Xt_l, PN 7Xt—p) + V(Xt—la N 7Xt—q)6t (31)

by alocal polynomial estimator in a corresponding regression model. These results generally
suggest the application of typical tools used in regression analysis for statistical inference in
nonparametric autoregressive models. While this principle was applied successfully by Kreiss,
Neumann and Yao (1998) to derive the asymptotic distribution of atest statistic for testing lin-
earity of the function m under the null hypothesis (2.1), our resultsindicate that the asymptotic
equivalence is not applicable to obtain a complete asymptotic analysis of goodness-of-fit tests
inthemodel (3.1). To be precise, note at first, that the model in this paper contains the nonpara-
metric autoregressive model as a special case. The asymptotic distribution of the statistic 7, in
the nonparametric regression model with a fixed design under the hypothesis of linearity was
derived by Dette (1999) and coincides with the asymptotic normal distribution in Theorem 2.1.
This indicates that under the null hypothesis the principle suggested by Neumann and Kreiss
(1998) is again applicable for the statistic 7;, considered in this paper. However, under fixed
aternatives the results of Dette (1999) for the corresponding fixed and random design non-
parametric regression model yield a substantially different limiting variance of the statistic 77,,
which demonstrates that the asymptotic principle proposed by Neumann and Kreiss (1998) is
not applicable under fixed alternatives of linearity. In this case a more sophisticated asympotic
analysis, as described in section 2 and the appendix, is necessary to obtain the distributional
properties of the test statistic 7;,.

10



3.2 Related goodness-of-fit tests

It is worthwhile to mention that several related tests have been discussed in the literature in the
case of independent observations [see Gonzaez-Manteiga and Cao-Abad (1993), Azzalini and
Bowman (1993), Hardle and Mammen (1993), Zheng (1996), Dette (1999)]. Some of these
methods have been generalized to the situation of stationary time series[see Fan and Li (1999),
Hjellvik, Yao and Tjgstheim (1998), Kreiss, Neumann and Yao (1998)]. While the asymptotic
distribution of the corresponding test statistics under the null hypothesis of linearity can be
found in these papers, related results for fixed alternatives are either not available or incorrect-
ly stated in the cited references. We consider as an example the statistics proposed by Dette
(1999) and Hjellvik, Tjastheim and Yao (1998). The first author proposed using a difference of
variance estimators for a goodness-of-fit test of linearity in the model (1.1), i.e.

T = 3 = (X)) = 5 DoV = (X0 (32)

=1

n <
=1

where .
i (Xi) =Y wiY;
j=1

denotes the common Nadaraya-Watson estimator (evaluated at .X;) with bandwidth » and kernel
K and the constant f depends on the sample size and is defined by

f:n—2Zwii+ Z wa,.
i=1 ik=1
Note that the first term in (3.2) is the variance estimator in the linear model, while the second
term is a variance estimator in the nonparametric model [see Hall and Marron (1990)] and
therefore the statistic in (3.2) isthe natural generalization of the classical F'-test for hypotheses
in linear models. Under similar assumptions as stated in section 2, it can be shown that under
the null hypothesis of linearity we have

4 C3 D 2

er = (2K(0) - / K1)t ( / o2(#)m(t) dt — / o) dt).

and the asymptotic variance is given by

where

2 :2/ (25 () —K*K(u)>2du/a4(u) du.

Under the alternative asymptotic normality is still valid but with a different rate of convergence,
i.e
V(T = BIAY(X))]) = N(0,29),

11



where the asymptotic variance is given by

A2 = AB[A’(X1)0®(X1)] + Var[A?(X7)] +2 ) Cov[(A(X7) +£1)A(X)), A*(X14)]. (3.3)
t=1
A similar statistic was proposed by Hjellvik, Yao and Tjastheim (1998) [see also Gonzalez-
Manteiga and Cao-Abad (1993) or Kreiss, Neumann and Yao (1998)]
1, "
Ty == (ma(X;) — Dhg(Xi))%, (34)

n <
=1

where 1, isalocal polynomial estimator of order 7" > 0 (7" = 0 corresponds to the Nadaraya-
Watson estimator). Note that the statistic (3.4) is more general than the statistic considered by
Hjellvik, Yao and Tjestheim (1998) and contains the situation considered by these authors as a
specia case. Under the null hypothesis of linearity we have

A

d *k D 2
hE (T — 22y 25 A(0
n ( n nhd) N( nu’**)a

where the constant A; depends on the smoothing method [see Hjellvik, Yao and Tjastheim
(1998) or Kreiss, Neumann and Yao (1998)]. The asymptotic variance is given by

2, :2/(K*K)2(u) du/a4(u) du

where K is the asymptotic equivalent kernel for the local polynomial estimator under consid-
eration [see Wand and Jones (1995)]. Under the aternative it follows by similar arguments as
given in the appendix

V(T = E[AY (X)) = N(0,)2,),

where the asymptotic variance is given by

A2 = 4{E[A2 (X1)02(X))] + Var[AZ(X,)] + 2 i COV[(A(X) + 1) A(X), A (X1+t)]}.

(3.5)
Note that in the case p = 1 this statement corrects a conjecture in Theorem 3.3 (i) of Hjellvik,
Yao and Tjastheim (1998). The general case p > 1 and the two other statements in Theorem
3.3 of thisreference have to be corrected similarly.
Finally we note that the representations for the asymptotic variances under the alternative indi-
cate that in many cases atest based on 7 should be more powerful than atest based on 7*. To
be precise, assume that the innovations in the model (1.1) (£;);cz are independent of (X;):cz,
then it follows that

V2 = Var[A2(X,)] + 2§:Cov[(A2(X1),A2(X1+t)] = lim %Var(znjﬁ(xt))

12



is nonnegative. Consequently the term »2 appears with different factors in the asymptotic vari-
ances (3.3) and (3.5) and we obtain

A< N2
A straightforward analysis shows that the leading term in the asymptotic expansion for the
probability of rejection isgiven by

E[A%(X,
]
and conseguently we expect atest based on 7 to have more power in the case of an independent
process of innovations. We finally note that such a comparison is not possible for the test
based on the statistic 7;, defined in (2.3) because of its more complicated representation of the
asymptotic variance in Theorem 2.5.

)\2 — )\2 )\2

*% ) *

A Proof of technical results

We will start with a tool, which allows us to estimate the expectations of functions of strictly
stationary processes. Let (V;);cz be an absolutely regular processand let ¢, < ... < ¢ € Z.
We are interested in comparing the expectations

Eha(Vi, .., Vi) = / i APV Ve (A1)

and
E®hy(Viys o, Vi) = / hyy APV V) @ @My Vie) (A.2)

for an appropriately defined function h,,. The following result showsthat the difference of these
two expectations can be estimated by the mixing coefficient 3(¢;,, — t;). The proof is similar
to the proof of Lemma 2 in Takahata and Yoshihara (1987) and is therefore omitted [see also
Lee (1990), Hjellvik, Yao and Tjastheim (1998) and Fan and Li (1999) for similar results].

LemmaA.l If (V});cz isan absolutely regular process with mixing coefficients () and if for
somed >0and1 <j <k

M, = max{E|h,(Vi,, ..., Vi)', B h,(Vi,, ..., Vi)' T} < o0,

then
5

|Ehy(Viy, o, Vi) — B ®h, (Vi .., V)| < 3Mﬁ5m(tj+1 —t5). (A.3)
Proof of Theorem 2.3
The proof consists of three steps:
(1) We show that the statistic H* in the decomposition (2.22) is asymptotically negligible, that
is
H® = o0,(n"/?). (A.4)

13



(2) We prove the representation of the variance of U,,, especialy Var(U,) = O(=),
Var(HY") = O(L).

n

(3) We establish asymptotic normality of

Uﬁ — Tn

VVaU,

(1) The estimate (A.4) can be obtained by calculating the second moment of H @ with the aid
of LemmaA.1,

2

1<g,k<l
Observing the assumptions (2.26), (2.27) and (A4) it follows by a straightforward application
of LemmaA.1 that

BHPY = ) 2 "B{RD (Vi VD (Vi Vi) + of—), (A.5)

n’(n—1) 4 n
1<j,k<l

where " denotes the summation over pairwise different indices. For the treatment of the
leading term on the right hand side of (A.5) we consider as an example the summation over the
indiceswithi < j < k < [. All remaining cases are treated similarly. Note that the kernel h?
IS degenerate, i.e.

Er?(w,V;) =0 ae,

which implies, by Fubini’stheorem
E* {0 (Vi, V))hD) (Vi V) } = / h (v, v;) A (g, v) APV @ APV =0

and similarly
B {2 (Vi V) (Vi Vi)} = 0.

Consequently, we obtain from Lemma A.1 and assumption (2.26)

1 B <
[E{RD (Vi VD (Vi, V3] < 3Kn™ min{ 87 (j — i), A7 (I — k)}

which shows
2
= - @ (v, v @
A= e 2 I VRD (G
9 Z<J<Ic1<l
<7Knl? . %'—’,%l—k
> TL2(7’L—]_)2 3 . Z mm{ﬁu (] Z) 61+ ( )} (A6)
1<j<k<l
2 1 . )
= 27123&1”5[ YoopE(i-i)+ Y BEE(l-k).
" (n_ ) 1<j<k<l i<j<k<l
1<j—i+k iSitk—l
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We will now cal culate the two sums on the right hand side of (A.6) separately. For the first term
we have from (2.25)

n—1 k—1 j—1 j—i+k
Yo opTE( i) = >N BrE(G )
i<j<k<l k=3 j=2 i=1 I=k+1
I<j—i+k

n—1 k-1 j—1

= Y (=BT —i) = 0(n),

=1

bl
I
I\

=3 j

and similarly we obtain for the second term using assumption (2.25)

Y BTE(—k) = Z > Z BT (1 — k)

1<j<k<l Jj=2 k=j+1 I=k+1 i=j+k—I1+1

1>5+k—1
n—1 n
> S -k-nsE-k
=2 k=j+1 l=k+1
n—2 n—j—1

2307 S (=K = D= K ) = O(?),

j=2 k'= I=k"+j+1

i
(v}

M

Combining these estimates with (2.26) shows that the term on the left hand side of (A.6) can be

estimated as
K”E 1 1
An = O( n? ) - O(nZhd> - 0(5)’
where we used nh? — oo for the last estimate. A similar argument for the remaining cases
proves

BHPY] = o), (A7)

and the estimate (A.4) follows from Markov’sinequality.

(2) For the calculation of the variance we have by standard cal culation

n—

1
2
Var H) = Var(= Zh = —Varh + =5 D _(n—t)Cov(h D), K (Vi)

t=1
(A.8)
where the statistic Hy" is defined in (2.23). Moreover, we have Eh\; (Vl) =0 and
B (V)RS (V;) |5 < oo by assumption (2.27), which, using LemmaA.1, yields

Cov(hD (i), D (Vira))| = [ B (VR (Vi 1)) | < const 375 (1)
Since Y t37= (t) < oo [by assumption (2.25)] we obtain

— ZtCov (D (W), kD (ViLy)) = 0(%)
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and from (A.8) the representation

|
Var H(V = {Varh() ") +2ZCOV D V), D (Vi) | + ().

n

The assertion (2.29) now follows from the decomposition (2.22), (A.7) and Cauchy’sinequality.

(3) Following on from the discussion in the previous two steps we can prove asymptotic nor-
mality by establishing

(1)
W, = —2 2 (0, 1), (A.9)

Var HYV
To thisend we will use a central limit theorem for a-mixing arrays which was recently obtained

by Liebscher (1996). To be precise define V,; = n="/2h" (V1) /\/Var H{", then the statistic
W,, can be rewritten as
T,=> Y.
=1

Note that the random variables Y,,; are a-mixing [Lee (1990), p.146] with mixing coefficients
satisfying a(k) < 3(k) [Doukhan (1994), p.4]. We will now check the assumptions of Theo-
rem 2.1 (i) in Liebscher (1996). From (2.25) we have

>ty

k=

for p = 2 4 2¢ and (2.27) showsfor ¢ > p E|Y,i|? = O(n"2), E|Y,;|P = O(n"2),
> (Bl = 0(n'75) = o(1),
i=1

n

Y (BlYul)? = 0(1),

=1
so that all assumptions of Liebscher’'s (1996) Theorem 2.1 (i) are satisfied (note that ETV? =
Var(V,,) = 1). The central limit theorem in this reference proves asymptotic normality of 1,,,
which completes the proof of Theorem 2.3. O

Proof of Lemma 2.2
From the law of the iterated logarithm for absolutely regular processes [see Oodaira und Yoshi-
hara (1971)] it is easy to see that

1 X — X
2,0 S0 e () 00t
i,j =1
k#]

(A.10)
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where we have changed the index of summation in the definiton of T, . If T%,, denotestheright
hand side of equation (A.10), then the assertion of the lemma can be established by proving

Tsn — Tsn = 0p(n™'7?). (A.11)

To this end we show L2-convergence, i.e. E[(Ts, — Tsn)?] = o(n!), observing the representa-
tion

_ ~ 1 _
E(T5n - T5”)2 - m Z E(Sn,i1i2j1j2k1k2) + O(TL 1)7 (A12)
ll#yilkjll#?ig;?zkﬁzaén

where
p
Sn,ilizjlekle = Z ai, (Xll)(All + 6il)Ajlgl2 (Xlz)(Alz + €i2)Aj2
I1,la=1

1 (Xn — X,

o () K (P ) = o ()7,
1 X, — X,

g () g K (FE ) = g () m(X))

The expectations in (A.12) can now be estimated with the aid of Lemma A.1. To this end
several cases for the structure of the tuple (i1, is, j1, j2, k1, k2) have to be distinguished and
we discuss exemplarily two situations. As a first example we consider the summation over
i1 < k1 < jo <ip < j1 < ko. Note that

E(g(Xi)[Ai +ei]) = /A(Jf)gl(ﬂf)ﬁ(l") de =0, [=1,...,p

and therefore
1® _ 34® _
E (Sn,i1i2j1j2k1k2) =FE (Sn,i1i2j1j2k1k2) - 07

where E'® and E3*® denote the expectation with respect to the measures P Vit @ P(Vi1:Viz Via Vin Vi)
and PVi-VerVin) @ PVia @ PUVinVee) | respectively. A straightforward but tedious calculation
shows

Sn = ElSusisgikats| 7 = O UHIRT) + O HINT) + O(1) = o(h~11+9)

forany n < 1%5 and LemmaA.1 yieldsthe estimates

|E(8n,i1i2j1j2k1k2)| < Sﬁﬁﬁ(kl - 7;1)
and

1 € . . _€ . .
|E(Snivisirjskiks) — B> (Snivisjijokike)| < Snte | BT (iz — jo) + BT (ji — i2) |
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Now a similar argument as given in the proof of Theorem 2.3 shows

> min{FE (k= @), A7 (i — o) + A7 (s — i) | = O(n),

11 <k1<j2<ta<j1<k2

which givesfor the corresponding sum in (A.12) the estimate

71 — — —
nin—1)? > E(Snisisjijshiks) = O(n~°h~n") = o(n™").

11<k1<ja<ia<j1<k2

Termswith one pair of equal indices can be treated in the same way, exept inthecase of i1 = iy,
for which we have

e S (%) g (T g () (X))
D R e BTG
- [ S () o080, )

= O(h™)

and LemmaA.1yieldsfor the corresponding sumover i1 = iy < j; < jo < k1 < ko
1
nt(n —1)2 Z E(Snirinjrohihs)
1 &
< et | P S

= O(n~'A*") +o(n2h™%) = o(n™").

ZSHE

B (1 —i1) + ... + B (ky — ky)

|

All other terms on the right hand side of (A.12) are treated similarly, which completes the proof
of Lemma2.2.

Proof of Lemma 2.4
Recalling the definition of the kernel 4, in (2.20) we obtain for v = (z, e)

Blb(o, V)] = B [h K (T20) (eAC) + ) ACX;))

p
— > al@)(A@) + e) A(X)) g (X;)m(X;)
= e+ A@){(AT)(2) = Py, ...g,) (A) (2)} + O(hT),
where the last line follows from a standard calculation observing the orthogonality of the re-

gression functions ¢, . . ., g, which implies

p

P00} (AT) = > (AT, g1)g,

=1
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Using the definiton h%l)(v) = Elhy,(v,V})] — 7, the assertion of the lemmafollows.
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