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We consider an additive model with second-order interaction terms. Both mar-
ginal integration estimators and a combined backfitting-integration estimator are
proposed for all components of the model and their derivatives. The correspond-
ing asymptotic distributions are derived. Moreover, two test statistics for testing
the presence of interactions are proposed. Asymptotics for the test functions and
local power results are obtained. Because direct implementation of the test pro-
cedure based on the asymptotics would produce inaccurate results unless the num-
ber of observations is very large, a bootstrap procedure is provided, which is
applicable for small or moderate sample sizes. Further, based on these methods a
general test for additivity is developed. Estimation and testing methods are shown
to work well in simulation studies. Finally, our methods are illustrated on a five-
dimensional production function for a set of Wisconsin farm data. In particular,
the separability hypothesis for the production function is discussed.

1. INTRODUCTION

Linearity has often been used as a simplifying device in econometric modeling.
If a linearity assumption is not tenable, even as a rough approximation, a very
large class of nonlinear models is subsumed under the general regression model

Y=mX)+o(X)e, (0))

where X = (X,,...,X,) is a vector of explanatory variables, and where & is
independent of X with E(g) = 0 and Var(g) = 1. Although in principle this
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model can be estimated using nonparametric methods, in practice the curse of
dimensionality would in general render such a task impractical.

A viable middle alternative in modeling complexity is to consider m as being
additive, i.e.,

d
m(x) =c+ X, fu(x,), 2)
a=1

where the functions f,, are unknown. Additive models were discussed already
by Leontief (1947). He analyzed so-called separable functions, i.e., functions
that are characterized by the independence between the marginal rate of substi-
tution for a pair of inputs and the changes in the level of another input. Sub-
sequently, the additivity assumption has been employed in several areas of
economic theory, e.g., in connection with the separability hypothesis of produc-
tion theory. Today, additive models are widely used in both theoretical econom-
ics and empirical data analysis. They have a desirable statistical structure
allowing econometric analysis for subsets of the regressors, permitting decen-
tralization in optimizing and decision making and aggregation of inputs into
indices. For more discussion, motivation, and references see, e.g., Fuss,
McFadden, and Mundlak (1978) or Deaton and Muellbauer (1980).

In statistics, the usefulness of additive modeling has been emphasized by
among others Stone (1985) and Hastie and Tibshirani (1990). Additive models
constitute a good compromise between the somewhat conflicting requirements
of flexibility, dimensionality, and interpretability. In particular, the curse of di-
mensionality can be treated in a satisfactory manner.

So far, purely additive models have mostly been estimated using backfitting
(Hastie and Tibshirani, 1990) combined with splines, but recently the method
of marginal integration (Auestad and Tjgstheim, 1991; Linton and Nielsen, 1995;
Newey, 1994; Tjgstheim and Auestad, 1994) has attracted a fair amount of at-
tention, an advantage being that an explicit asymptotic theory can be con-
structed. Combining marginal integration with a one-step backfit, Linton (1997)
presents an efficient estimator. It should be remarked that important progress
has also been made recently (Mammen, Linton, and Nielsen, 1999; Opsomer
and Ruppert, 1997) in the asymptotic theory of backfitting. Finally, the estima-
tion of derivatives in additive nonparametric models is of interest for econo-
mists (Severance-Lossin and Sperlich, 1999).

A weakness of the purely additive model is that interactions between the ex-
planatory variables are completely ignored, and in certain econometric contexts—
production function modeling being one of them—the absence of interaction
terms has been criticized. In this paper we allow for second-order interactions
resulting in a model

d
m(-x) =c+ 2 .fa(xa) + 2 .faB(xa5-xB)7 (3)
a=1

l=a<pf=d
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and the main objective of the paper is to consider estimation and testing in
such models, mainly using marginal integration techniques. Notice that intro-
ducing higher order interaction would gradually bring back problems of inter-
pretation and the curse of dimensionality.

In the sequel the model (3) will be referred to as an additive model with
interactions as opposed to the purely additive model (2). Actually, models with
interactions are not uncommon in economics, but parametric functions have
typically been used to describe them, which may lead to wrong conclusions if
the parametric form is incorrect. Examples for demand and utility functions
can be found, e.g., in Deaton and Muellbauer (1980). Imagine that we want to
model utility for a household and consider the utility tree

foodstuffs

eating drinking housing fuel television sport
Example: utility tree for households.

In a nonparametric approach this would lead to the model

6
m(x) = c+ 2 fuxy) + fia(xy,x5) + fag(x3,x4) + fie(xs, X6),
a=1

where the x,’s stand for the inputs of the bottom line in the tree (counted
from left to right). The interaction function fi, stands for interaction in food-
stuffs, f3, in shelter, and fs¢ for entertainment; other interactions are assumed
to be nonexistent.

In the context of production function estimation various (parametric) func-
tional forms including interaction have been proposed as alternatives to the clas-
sic Cobb—Douglas model, resulting in the

a a X, + X,
Generalized Cobb-Douglas ~ InY=c+ > > c,zln — )
a=1p8=1

d
Translog InY=c+ > c,InX,

a=1
d d

+> > Cop(In X, ) (InXp),

a=1p8=1

d d d
Generalized Leontief Y=c+ > ca\/X—a +> > caB\[XaXﬁ,
a=1 a=1p=1
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d d d
Quadratic Y =c+ X ¢, X0+ > X CapXaXg,
a=1p=1

a=1

d d X
Generalized concave Y= 2 CapXpfup -,
a=1pB=1 XB

Jfap known and concave.

Although parametric, they all have a functional form encompassed by (3). For
further discussion and references see Section 7.3, where we present a detailed
nonparametric example.

Turning to the estimation of model (3), we can construct an asymptotic theory
for marginal integration and also for a one-step efficient estimator analogous to
that of Linton (1997). However, extending the remarkable work of Mammen
et al. (1999) on the asymptotic theory of backfitting seems difficult as a result
of its strong dependence on projector theory, which would be hard to carry
through for the interaction terms.

It should be pointed out that estimation in such models has already been men-
tioned and discussed in the context of a series estimator and backfitting with
splines. For example, Andrews and Whang (1990) give theoretical results using
a series estimator, whereas Hastie and Tibshirani (1990) discuss possible algo-
rithms for backfitting with splines. Stone, Hansen, Kooperberg, and Troung
(1997) develop estimation theory for interaction of any order by polynomial
spline methods. For further general references concerning series estimators and
splines, see Newey (1995) and Wahba (1992), respectively.

It should be mentioned that the approach of Fan, Hirdle, and Mammen (1998)
in estimating an additive partially linear model

d
m(x,z) =270 + c + X fo(x,)
a=1

can be applied relatively straightforwardly to our framework with interaction
terms included. Such mixed models are interesting from a practical and also
from a theoretical point of view, and they permit estimating 6 with the para-
metric \/n rate. Also, an extension to generalized additive models should be
possible. We refer to Linton and Hérdle (1996) and Hirdle, Huet, Mammen,
and Sperlich (1998) for a more detailed description of these models.

Coming finally to the issue of testing, it should be noted that sometimes eco-
nomic reasoning is used as a justification for omitting interaction terms, as in
the utility example. However, from a general statistical point of view one would
like to test for the potential presence of interactions. Additivity tests developed
so far have mostly been focused on testing whether a function m(x,..., x;) is
purely additive or not in the sense of (2). However, if pure additivity is re-
jected, the empirical researcher would like to know exactly which interaction
terms are relevant. A main point of the present paper is to test directly for such
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interactions (cf. the example of Section 7.3), and we propose two basic func-
tionals for doing this for a pair of variables (x,,xg). The most obvious one is
to estimate f,z of (3) and then use a test functional

f L2 (X s %) T (X5 X ) dx o dg, )

where 7 is an appropriate nonnegative weight function. The other functional is
based on the fact that a2m/axaax5 is zero iff there is no interaction between x,
and xz. By marginal integration techniques this test can be carried out without
estimating f,g itself, but it does require the estimation of a second-order mixed
partial derivative of the marginal regressor in the direction (x,, xB).

It is well known that the asymptotic distribution of test functionals of the
previous type does not give a very accurate description of the finite sample
properties unless the sample size n is fairly large (see, e.g., Hjellvik, Yao, and
Tjgstheim 1998). As a consequence for a moderate sample size we have adopted
a wild bootstrap scheme for constructing the null distribution of the test
functional.

Other tests of additivity have been proposed. The one coming closest to ours
is a test by Gozalo and Linton (1997), which is based on the differences in
modeling m by a purely additive model as in equation (2) as opposed to using
the general model (1). The curse of dimensionality may of course lead to
bias—as pointed out by the authors themselves. Also, this test is less specific
in indicating what should be done if the additivity hypothesis is rejected. A
rather different approach to additivity testing (in a time series context) is taken
by Chen, Liu, and Tsay (1995). Still another methodology is considered by Eu-
bank, Hart, Simpson, and Stefanski (1995) or by Derbort, Dette, and Munk
(2002), who both only consider fixed designs.

Our paper is divided into two main parts concerned with estimation and test-
ing, respectively. In Section 2 we present our model in more detail and state
some identifying assumptions. In Section 3 are given the marginal integration
estimator for additive components and interactions, for derivatives, and sub-
sequently, in Section 4, the corresponding one-step efficient estimators. The
testing problem is introduced in Section 6 with two procedures for testing the
significance of single interaction terms; also local power results are given. Fi-
nally, Sections 5 and 7 provide several simulation experiments and an applica-
tion to real data. The technical proofs have been relegated to the Appendix.

2. SOME SIMPLE PROPERTIES OF THE MODEL

In this section some basic assumptions and notations are introduced. We con-
sider the additive interactive regression model

d
Y=c+ Efa(Xa)+ 2 faB(Xa’X,B)_’_O-(X)S' (5)
a=1

l=a<pf=d
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Here in general, X = (X, X,,...,X,) represents a sequence of independent
and identically distributed (i.i.d.) vectors of explanatory variables; & refers to
a sequence of i.i.d. random variables independent of X and such that E(g) = 0
and Var(g) = 1. We permit heteroskedasticity, and the variance function is
denoted by o?(X). In the previous expression c is a constant, { £, (-)}_, and
{ fap(-)}1=a<p=a are real-valued unknown functions. Clearly, the representa-
tion (5) is not unique, but it can be made so by introducing for « = 1,2,...,d,
the identifiability conditions

B(%) = [ £, (x)d5, =0, ©

and forall l =a < B =4,

Jfaﬁ(xa’xﬁ)¢a(xa)dxa = ffaﬁ(xa’xﬁ)¢ﬁ(xﬁ)dxﬁ = 09 (7)

with {¢,(-)}¢_, being marginal densities (assumed to exist) of the X,’s.

It is important to observe that equations (6) and (7) do not represent restric-
tions on our model. Indeed, if a representation as given in (3) or (5) does not
satisfy (6) and (7), one can easily change it so that it conforms to these identi-
fiability conditions by taking the following steps.

(1) Replace all { fop(Xa, Xg) 1=a<p=d bY {fap(XasX8) = furap(Xa) = fo.ap(xg) +
Co,ap1=a<p=d> Where

foas50) = [ o) ptard,
fB,aB(-x,B) = ffas(”axg)QDa(u)d%

Coap = ffaﬁ(u,v)%(u)sog(v)dudv

and adjust the { fB(xB)}f;:,’s and the constant term ¢ accordingly so that m( )
remains unchanged;

(2) Replace all {fﬁ(xﬁ)}gzl by {f,e(xﬁ) - Co,ﬁ}gzl, where Co,p = ffB(M)SDB(M)dM»
and adjust the constant term ¢ accordingly so that m( ) remains unchanged.

In the sequel, unless otherwise stated, each f, and f,z will be assumed to sat-
isfy (6) and (7).

Next, we turn to the concept of marginal integration. Let X, be the (d — 1)-
dimensional random variable obtained by removing X, from X = (X,,..., X;)
and let X5 be defined analogously. With some abuse of notation we write X =
(X4, Xp, Xap) to highlight the directions in d-space represented by the a and 3
coordinates. We denote the density of X,, X,, Xz, and X by @, (xa), ¢.(x,),
©ap(Xap), and @(x), respectively.
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We now define by marginal integration

Fa(xa) = fm(xa’xg)gog(xg)dxg (8)

for every 1 = @ = d and

Fop(Xag) = J (X Xp. Xap) @ap(Xap) Bap,

Ca,B = ffaﬂ(u’v)¢aﬁ(u’ U)dl/ldl)

for every pair 1 = @ < B = d. Denote by D, the subset of {1,2,...,d} with «
removed,
Dos = 1(,8)1=y<8=d,y €D, N Dy,8 € D, N Dy}

The quantities F,, and F,z do not satisfy the identifiability conditions. Actually,
(6) and (7) entail the following lemma.

LEMMA 1. For model (5) the following equations for the marginals hold:

L Fyx) =f(x)+c+ > ¢

(7,8)ED e

Faﬁ(xouxﬁ) :faﬁ(xa’xﬁ) +fa(xa) +fB(xB)+C+ E Céy
(7,8)EDyp

2. Fop(xa,xp) — Fo(x,) — Fg(xp) +fm(x)go(x)dx = fup(Xas Xg) T Cop
3. Cap = f{FaB(us xg) = F,(u)} @, (u)du — Fg(xg) +fm()C)@(X)dX

faB(xouxB) = FaB(xcuxB) - Fa(xa) _f{FaB(foﬁ) - Fa(u)}¢a(u)du

We define another auxiliary function:

f;ﬁ(xavxﬁ) = Faﬂ(xouxﬁ) - Fa(xa) - Fﬁ(xﬁ) +fm(x)¢(x)dx

:faﬁ(xa’xﬁ) + caﬁ'

In Section 3 we will estimate F, and f,. These quantities are more convenient
to work with than f,, and f,,5, and as shown by Lemma 1 and the definition of
fap they can be identified with f, and f,z up to a constant. That f, is a conve-
nient substitute for f,z when it comes to testing is shown by the following
corollary.
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COROLLARY 1. Let fy5(x,,x) and f,5(x,,xg) be as defined previously.
Then

i ) = 0. fopis ) =0

The corollary suggests the use of the following functional for testing of ad-
ditivity of the ath and Bth directions.

Jffé(xmxﬁ)goag(xa,xﬁ)dxadxﬁ, )

where

N ~ R R 1

faﬁ(x&’xﬂ) - F“B(xa’xﬁ) - Fa(xa) - Fﬁ(xb’) * Z 2 Y; (10)
j=1

with estimates ﬁaﬁ, ﬁa, and ﬁﬁ of F,g, F,, and Fg being defined in the next
section and where it follows from the strong law of large numbers that

S | =

é Y, =2 fm(x)go(x)dx.
=1

In practice, because ¢,z is unknown, the integral in (9) is replaced by an em-
pirical average (cf. Section 6).

As an alternative it is also possible to consider the mixed derivative of f,z.
We will use the notation fa(g’s) to denote the derivative (9""*/0xdx3)f,p and

analogously Fo(j;s) for (0""%/dx/dx3) F,5. We only have to check whether

[0 s e

is zero, because, under the identifiability condition (7), FC(,};I) = 0 is equivalent
to faB = 0.

3. MARGINAL INTEGRATION ESTIMATION

3.1. Estimation of the Additive Components and Interactions Using
Marginal Integration

To use the marginal integration type statistic (9), estimators of the interaction
terms must be prescribed. Imagine the X-variables to be scaled so that we can
choose the same bandwidth % for the directions represented by «, B3, and g for
af. Further, let K and L be kernel functions and define K,(-) = h~'K(-/h) and
L,(-) = g 'L(-/g). For ease of notation we use the same letters K and L (and
later K*) to denote kernel functions of varying dimensions. It will be clear from
the context what the dimensions are in each specific case.
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Following the ideas of Linton and Nielsen (1995) and Tjgstheim and Aues-
tad (1994) we estimate the marginal influence of x,,xs, and (x,, xg) by the
integration estimator

n n

. 1 R N 1 .
Faﬁ(xwxg) = ; 2 m(xa’xﬁ’X[i[%)’ Fo(x,) = ; 2 m(xa,X,g), (1)

=1 =1
where X, (X,,) is the Ith observation of X with X, and Xj (X,,) removed.
The estimator ﬁz(xa,xB,XlaAB) will be called the preestimator in the follow-
ing. To compute it we make use of a special kind of multidimensional local

linear kernel estimation; see Ruppert and Wand (1994) for the general case. We
consider the problem of minimizing

2 Y, —ap—a, (X, — x,) — az(Xi/s - xB)}ZKh(Xia - xa’XiB - XB)

i=1

X Lg(Xioz_B - Xm_ﬁ) 12)
for each fixed /. Accordingly we define
ﬁ/l(xa, xﬁa Xla_,B) = el(ZZ;B VVZ,aB ZaB)ilzZv-B VVI,aB Yy

where Y = (Y,,...,Y,)7,

n

1
W, ap = diag {; Ky (Xia = %> Xig = xﬁ)Lg(Xi&B - XlaB)} .

I Xig—x4 Xig—xg
Zag=|: : : ,
1 X

na ~ Xa XnB - 'xB
and e¢; = (1,0,0). It should be noted that this is a local linear estimator in the
directions «, 3, and a local constant one for the nuisance directions af.

Similarly, to obtain the preestimator 7 (x,, X,), with e; = (1,0), we define
’/h(xoUXlg) = el(sz,aZa)7]ZZm,aYa
in which

n

1
VVI,oz = diag{;Kh(Xia_xa)Lg(Xig_Xlg)} ’

i=

[e3

1 X,—x

https://doi.org/10.1017/50266466602182016 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466602182016

206 STEFAN SPERLICH ET AL.

This estimator results from minimizing

2 {Yt —dg— al(Xioz - xa)}th(Xioz - xa)Lg(Xch - Xlg),
i=1

which gives a local linear smoother for the direction a and a local constant one
for the other directions.

To derive the asymptotics of these estimators we make use of the concept
of equivalent kernels; see Ruppert and Wand (1994) and Fan, Gasser, Gijbels,
Brockmann, and Engel (1993). The main idea is that the local polynomial
smoother of degree p is asymptotically equivalent to, i.e., it has the same lead-
ing term as, a kernel estimator with a “higher order kernel” given by

K ()= S 5, u'K () 13)
=0

in the one-dimensional case, where S = (fu'"*K(u)du)o=; =, and S~' =
($5:)o=»,1=p and where p is chosen according to need. Estimates of deriva-
tives of m can then be obtained by choosing appropriate rows of S~ !. If, e.g.,
p =1, we have

1 0
sl = ,
0 wy'

with w; = [u/K(u)du.

To estimate the functions f,, (or m) itself (v = 0) we use a local linear smoother
and have simply K§(u) = K(u).

We can now state the first main result for estimation in our additive inter-
active regression model. For this, we need the following assumptions.

(AO1) The kernels K(-) and L(-) are bounded, symmetric, compactly sup-
ported, and Lipschitz continuous with the nonnegative K(-) satisfying
JK(u)du = 1. The (d — 1)-dimensional kernel L(-) is a product of univariate
kernels L(u) of order ¢ = 2, i.e.,

1 forr=20
fu’L(u)du =40 for0 < r<gq.
¢, ER forr=gq
(A02) Bandwidths satisfy nhg?~Y/In(n) — oo, g9/h> — 0, and h = hon~ 7.

(A3) The functions f,, f,z have bounded Lipschitz continuous derivatives of
order g.

(A4) The variance function o 2(-) is bounded and Lipschitz continuous.

(A5) The d-dimensional density ¢ has compact support A with inf.c, ¢ (x) >
0 and is Lipschitz continuous.
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Remark 1. Product kernels are chosen here for ease of notation, especially
in the proofs. The theorems also work for other multivariate kernels. In the
following discussion we will use the notation |L[3 := fL*(x) dx for a kernel L
(and later also for K or K;;) of any dimension.

Remark 2. For ease of presentation we will use local linear smoothers in
Theorems 1-3. But from Severance-Lossin and Sperlich (1999) it is clear that
this can easily be extended to arbitrary degrees p = 1. Then, assumption (A02)
would change to nhg“"V/In(n) — oo, g?%/h?™" — 0, and h = hon~ /2773,
whereas in (A3) one would have to require that the functions f,, f,z have bounded
Lipschitz continuous derivatives of order max{p + 1,q}.

THEOREM 1. Let (x,) be in the interior of the support of ¢,(-). Then un-
der conditions (A01), (A02), and (A3)—(AS),

Vnh{F,(x,) = Fa(x,) = h2by(x,)} 5 N{O,0, (x,)}, (14)
where F, is given by (8) and Lemma 1, ﬁa by (11). The variance is

2
®a(x,)
—— dx,,

o) = 1K1 [ o0 22,

and the bias

bilx) = 5 AP (5.

We now have almost everything at hand to estimate the interaction
terms, again using local linear smoothers. For the two-dimensional local lin-
ear (p = 1) case the equivalent kernel is

K (u,v) := K(u,v)s,(1,u,0)7, (15)

with 5,, 0 =< v = 2, being the (v + 1)th row of

1 0 0
S'=10 w' 0
0 0 '

Using a local linear smoother we have Kj(u,v) = K(u,v), but K, becomes in-
creasingly important when we estimate derivatives. We will come back to this
point in Section 3.2. A

We are interested in the asymptotics of the estimator f;z(x,,xz) given in
(10). Since we have a two-dimensional problem, the assumptions have to be
adjusted accordingly.

(A1) The kernels K(-) and L(-) are bounded, symmetric, compactly sup-
ported, and Lipschitz continuous. The bivariate kernel K is a product kernel
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such that (with some abuse of notation) K(u,v) = K(u)K(v), where K(u) and
K (v) are identical functions with the nonnegative K(-) satisfying [ K(u)du = 1.
The (d — 1)-, respectively (d — 2)-dimensional kernel L(-) is also a product of
univariate kernels L(u) of order g = 2.

(A2) Bandwidths satisfy nh2g“=?/In?(n) — oo and nhg'“~V/In*(n) — oo,
g9/h* = 0and h = hon~"°.

THEOREM 2. Let (x,,xg) be in the interior of the support of @ag(-). Then
under conditions (Al)—(A5),
\ nhz{‘f(j?ﬁ(xa7 xﬁ) _f;B(xa’ xﬁ) - thl('xa’ xﬁ)} i) N{07 Vl(xau xﬁ)}7 (16)
whereﬁiis given by (10) and

©ap(X,p)
Vo) = 1513 [ 000 222 s,

and

By (x4, %) = po(K) = {f@“)(xa,x,;)+f;2’2>(xa,xﬁ)}.

Theorems 1 and 2 are concerned with the individual components. The last
result of this section (whose proof essentially follows from Theorems 1 and 2
and will be omitted) states the asymptotics of the combined regression estima-
tor 77i(x) of m(x) given by

d
i) = 3 Fux) S faplraxg) —(d—1) = EY 17)
a=1 I=a<pB=d

THEOREM 3. Let x be in the interior of the support of ¢(-). Then under
conditions (Al) and (A3)—(A5) and choosing bandwidths as in (A02) and (A2)
for the one- and two-dimensional component functions, we have
\Nnh2{#i(x) = m(x) = h*B,,(x)} <> N{0,V,,(x)}, (18)
where h is as in (A2),

Bm(x) = 2 Bl(xa’xﬁ) and Vm(x) = 2 Vl(xa’x5)~

l=a<B=d I=a<B=d

3.2. Estimation of Derivatives

Because the estimation of derivatives for additive separable models has already
been considered in the paper of Severance-Lossin and Sperlich (1999), in this
section we concentrate on estimating the mixed derivatives of the function F,z
Our interest in this estimator is motivated by testing the hypothesis of additiv-
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ity without second-order interaction because FO((;;U = 0 is equivalent to testing
the hypothesis that f, is zero under the identifiability condition (7).

Following the ideas of the previous section at the point (x,, xg, X;05) We im-
plement a special version of the local polynomial estimator. For our purpose it
is enough to use a bivariate local quadratic (p = 2) estimator. We want to
minimize

2:1 Y, —ag—a, (X, — x,) — a2(Xi3 - Xﬁ) —asz(X;, — xa)(XiB - XB)

—ay(Xjq — x,)° — aS(Xi,B - xﬁ)z}z
X Ky(Xia = %o Ky (Xig = xﬁ)Lg(Xia_B - Xm_ﬁ)

and accordingly define our estimator by

n

R 1
F" (X0 xg) = -~ 2 e(ZigWiapZop) ' ZigWias Y, (19)

i=1
where Y, W, .5 are defined as in Section 3.1, ¢, = (0,0,0,1,0,0), and

I X, —x, XlB_xB (Xm_xa)(Xm_X/;) (Xla_xa)2 (Xua_x;;)z
Zog =

I X=X XnB_-xﬁ (Xna_xa)(Xn/s_x,B) (Xna_'xa)z (X;zﬁ_xﬁ)z

na

This estimator is bivariate locally quadratic for the directions « and B and lo-
cally constant elsewhere.

Recalling the approach of the preceding section we can now put the equiva-
lent kernel K* to effective use. Using a local quadratic smoother we have for
the two-dimensional case

K (u,v) == K(u,0)s,(1,u,0,uv,u’v*)",

where s, is the (v + 1)th, 0 = v = 5, row of

+ w3 - -

Mg Mi 0 0 0 M2 . M2 .
Mg — M3 Mg — M3 Mg — M3
0 wy' 0 0 0 0
0 0 wy' 0 0 0

S = 0 0 0 w3 0 0
M _
=0 0 0 (p—pd)! 0
Mg — M3
M _
= 0 0 0 0 (g = p3)"!
Mg — M3
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The relationship between S~! and (Zcfﬁ Wi ap ZaB)’1 is given in Lemma A2 in
the Appendix.
If we want to estimate the mixed derivative, we use K} (u,v) = K(u,v)uvpu;>

where
fuvK_;*(u,v) dudv = 1,
fu"K;(u,v)dudv = fviK§‘(u,v)dudU =0 fori=0,1,2,3,...,

fuZUin(u,v) dudv = fuiszf(u,v) dudv =0 fori=0,1,2,3,....

To state the asymptotics for the joint derivative estimator we need bandwidth
conditions that differ slightly from (A2). In fact, more smoothing is required.

(A6) Bandwidths satisfy nh2g?~?/In(n) — oo, g%/h* — 0, and h = hon~/'°,

Further, using a local quadratic smoother, Assumption (A3) changes to the
following assumption.

(A7) The functions f,, f,z have bounded Lipschitz continuous derivatives of
order max{3,¢}.

Then we have the following theorem.

THEOREM 4. Under conditions (Al), and (A4)—(A7),

nh B (xoyxg) = F50(xo x5) — 2B, (xa0 25)} 55 N{O, Vo (xa, X)),

where

Pap(Xap)
Vi) = 1512 [ 020 22

and
L e (1,2)
B,(xq,Xg) = My fts E{faﬁ (XasXg)op + fap ™ (Xar Xg) 00}
{fJ V(X x8) 157 o 1) + L5 (Xas x5) 0

S (X x) 00 + 12 (x) 05 + 157 (x5) 00}
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with

:f%_ﬁ(xa_ﬁ) 9o(x)
Ga o(x)  ox,

Xap

and g defined analogously.

4. A ONE-STEP EFFICIENT ESTIMATOR

It is known that for purely additive models of the form

d
E[Y|X =x]=m(x),...,x5) =c+ > fulxa) (20)
a=1

the marginal integration estimator is not efficient if the regressors are corre-
lated and the errors are homoskedastic. It is inefficient in the sense that if f,..., f;
are known, say, then the function f; could be estimated with a smaller variance
applying a simple one-dimensional smoother on the partial residual

d
Uy=Y—c— 2 fu(Xia) (21)
a=2

Basically, this is the idea of the (iterative) backfitting procedure. Linton (1997,
2000) suggests an estimator combining the backfitting with the marginal
integration idea. He first performs the marginal integration procedure to ob-
tain fa,..., fd, and then derives the partial residuals

d
U, =Y, —c— X fulXia). (22)

a=2
Subsequently, he applies a one-dimensional local linear smoother on the U,.
This is equivalent to a one-step backfit.

Assuming that we already know the true underlying model, we consider an
extension of his approach to our additive interaction models of the form (5).
This ought to be of some interest, because in contradistinction to the case of no
interaction, for a pure backfitting procedure, analogous to Hastie and Tibshi-
rani (1990) or Mammen et al. (1999), it is not even clear how a consistent
estimate could be constructed. Hastie and Tibshirani discuss this point but only
for one interaction term, and they merely supply some heuristic motivation for
their methods.

At the outset we do not restrict ourselves to homoskedastic errors but let
o4(x,) = Var[Y — m(x)|X, = x,], with 0,4(x,, xz) defined analogously, and
assume the existence of finite second moments for these quantities. We present
an analogue to the efficient estimator of Linton (1997), but, as in his paper, we
can claim a smaller variance than for the classic marginal integration only in
case of homoskedasticity.
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Consider model (5) and the two partial residuals

l]ioz = Yl - 2 fy(xiy) - 2 fyB(X577X[B) + 2 C73

yFa 1=y<B=d (y,8)ED,,
=Y, —m(X;) + F,(X,), (23)
d
l]iaﬁ = Yr - 2 fy(Xiy) - 2 f‘yﬁ(xiy’XiS) + caB
y=1 I=y<é=d
(7, B)# (e, B)
=Y, —m(X;) +f;B(Xia’XiB)- 24

For the estimation of the functional form it does not matter whether we correct
for the constants (c,g) before or after calculating the efficient estimator. To be
consistent in our presentation with the preceding sections we have chosen the
latter option. Further discussion of this issue can also be found in Linton (1997,
2000).

Let now Fo‘j”’ be the local linear regressor of Uy, in (23) with respect to X,
and f;g”’ the one of U,z in (24) versus (X,, Xz). From Fan (1993) and Ruppert
and Wand (1994) we know that under standard regularity conditions the asymp-
totic properties are

R AE (x,) = Fo(x,) — h2b,(x)} = N{0,v,(x,)}, (25)

B2 F (X x5) — £ (Xar Xg) — B2 B (Xe x5)} = N{O,V, (x0r x5)} (26

with
1
bolx) = wa(0) 3 FO (), vlx) = [T Bo(x) e (5,

1
Be(xa’-xﬁ) = /'LZ(J) E{f@’O)('xa!xﬁ) +f(0’2)(xa’xﬁ)}’

Ve(xou-xﬁ) = ”J”%a-ogﬁ(xonxﬁ)goojﬁl (xaaxﬁ)’

where J is the one- or two-dimensional kernel (corresponding to (23) and (24),
respectively) with w,(J) = fu?J(u)du in the one-dimensional case and £, is
the associated bandwidth.

Suppose now that the kernel J is the same as the kernel K used to define
ﬁaﬁ(xa,xﬁ) and F,(x,) in gll). Then the bias expressions are the same
for the efficient estimators F7”(x,) and f,5"(x,,xs) and the original mar-
ginal integration estimators. Using the simple trick of Linton (1997), it is also
straightforward to verify that if o(x) = o, > 0 is a constant, then Fo'(x,)
and f;ﬁ”’(xa,xﬂ) have smaller variances than F,(x,) and Faﬁ(xa,xg), respec-
tively. The appellation “efficient estimator” is justified in the sense that this
estimator has the same asymptotic variance as if the other components were
known.
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Now we replace Uy, Uy by U., ﬁmg by replacing the real functions F,, f,/”‘a
by their marginal integration estimates defined in the preceding sections. The
efficient estimator F,(x,) for F,(x,) is defined as being the solution for ¢, in

° ~ Xia — Xq
min 2 {Uia —Cp— Cl(Xioz - -xa)}2‘]<h—>' (27)

€0sC1 j=1

Similarly, for f;5(x,, xz) it is defined as being the solution for ¢, in

Qg Xl-a—xa Xi - X
min E{Uiaﬁ_co_cl(xia_xa)_Cz(Xiﬁ_Xﬁ)}2]< A , Bh B)-

€0,€1,C2 j=1
(28)

From the discussion in Linton (1997) it is clear that slightly undersmoothing
the marginal integration estimator, i.e., h, g = o(n 1/5), leads to the desired
result that asymptotically the efficient estimators F, and faﬁ inherit the prop-
erties of Fo', f*"”’.

THEOREM 5. Suppose that conditions (Al)—(AS) hold, that the kernel J
behaves like the kernel K, and g, h are o(n™'), h, = Cn™'>,C > 0. Then we
have in probability

\nhAF,(x,) = F&"(x,)} 50, (29)
N2 Fs(x x5) — 257 (x x )} 25 0 (30)

forall a,B =1,...,d.

Apart from the theoretical differences made apparent by (25), (26), (29), and
(30), there is also another, substantial, difference between backfitting, marginal
integration, and this efficient estimator. The backfitting consists in estimating
the additive components after a projection of the regression function into the
space of purely additive models. The marginal integration estimator, in con-
trast, always estimates the marginal influence of the particular regressor, what-
ever the true model is (see, e.g., Sperlich, Linton, and Hérdle 1999). The efficient
estimator is a mixture and thus suffers from the lack of interpretability if the
assumed model structure is not completely fulfilled. This could be a disadvan-
tage in empirical research. Moreover, in the context of testing model structure
this may lead to problems, especially if we use bootstrap realizations generated
with an estimated hypothetical model.

5. COMPUTATIONAL PERFORMANCE OF THE ESTIMATORS

To examine the small sample behavior of the estimators of the previous sec-
tions we did a simulation study for a sample size of n = 169 observations.
Certainly, an intensive computational investigation of not only ours but also
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alternative estimation procedures for additive models would be of interest, but
this would really require a separate paper. A first detailed investigation and com-
parison between the backfitting and the marginal integration estimator can be
found in Sperlich et al. (1999) but without interaction terms.

Here, we present a small illustration to indicate how these procedures be-
have in small samples. The data have been generated from the model

3

m(x) = E(Y|X=x)=c+ 2 f;(x;) + fia(xy, x5), 31
j=1

where

fiu) = 2u, fo(u) = 1.5sin(—1.5u), (32)

fs(u) = —u*+ E(X?) and f,(u,0) = auw

with a = 1 for the simulations in this section. The input variables X;, j = 1,2,3,
are i.i.d. uniform on [—2,2]. To generate the response Y we added normally
distributed error terms with standard deviation o, = 0.5 to the regression func-
tion m(x).

For all calculations we used the quartic kernel (15/16)(1 — u?)?1{|u| = 1}
for K(u) and L(u), and we used product kernels for higher dimensions. We
chose different bandwidths depending on the actual situation and on whether
the direction was of interest or not (in the previous sections we distinguished
them by denoting them % and g). For a discussion of optimal choice of band-
width, we refer to Sperlich et al. (1999), but it must be admitted that a com-
plete and practically useful solution to this problem remains to be found. This
is particularly true (also for the bandwidth &,) if applying the one-step efficient
estimator.

When we considered the estimation of the functions f,, f,3 we used 2 = 0.9,
g = 1.1. For the one-step backfit (efficient estimator) we used & = 0.7, g = 0.9,
and h, = 0.9, as we have to undersmooth.

In Figure 1 we depict the performance of the “simple” marginal integration
estimator, using the local linear smoother. The data generating functions f;, f>,
and f; are given as dashed lines in a point cloud that represents the observed
responses Y after the first simulation run. The interaction function f, is given
in the lower left window. For 100 repetitions we estimated the functions on a
grid with the previously mentioned bandwidths and kernels and plotted for each
grid point the extreme upper and extreme lower value of these estimates. For
the one-step efficient estimator we did the same. The results are given in
Figure 2.

The results are quite good having in mind that we have used only n = 169
observations. As intended, the estimates, at least for the interaction term, are
smoother for the one-step efficient estimator. The biases can be seen clearly for
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FIGURE 1. Performance of the “simple” marginal integration estimator. Real functions
(dashed) and extreme points for 100 of their estimates (solid). For the first run also the
response variable Y (points) is given. Position: f; (top), f> (upper left), /5 (upper right),
fi2 (lower left), and extreme points of its estimates after 100 simulation runs (lower

right).
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FIGURE 2. Performance of the “efficient” estimator. Real functions (dashed) and ex-
treme points for 100 of their estimates (solid). For the first run also the response vari-
able Y (points) is given. Position: fi (top), f> (upper left), f3 (upper right), fi» (lower
left), and extreme points of its estimates after 100 simulation runs (lower right).
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both and are similar. All in all, for a sample of this size the two estimators give
roughly the same results.

6. TESTING FOR INTERACTION

The second major objective of this paper is to provide tests of second-order
interaction. For the model (3) we consider the null hypothesis Ho op:fop = 05
i.e., there is no interaction between X, and X, for a fixed pair (a, 8). Applying
this test to any pair of different directions X,, X5, 1 =y < 8 = d this can be
regarded as a test for separability in the regression model.

6.1. Considering the Interaction Function

We will briefly sketch how the test statistic can be analyzed and then state the
theorem giving the asymptotics. The detailed proof is given in the Appendix.

We consider [ f 5 2(xa,x[,,)gpmg()ca,x[,;)dxadx,;. In practice, because @,z is
unknown, this functional will subsequently be replaced by an empirical aver-
age in (37). Note first that by Theorem 2, equation (16), and some tedious cal-
culations we get the following decomposition:

2
Jfaﬁ (-xa’ xﬁ)¢aﬁ(xa’ xﬁ)dxadxﬁ

=2 2 H(Xi7857Xj78j)+EH(Xiysi’Xi’si)
i=1

1=i<j=n

+ ff;g(xa’ xﬂ)¢aﬁ(xa, xﬂ)dxadxﬁ

+ 2h2ff;ﬁ(xa’xﬁ)Bl(xa’ xﬁ)goaﬁ(xavxﬁ)dxadxﬁ + op(hz)’

where

1
H(X;, 8i’Xj’ 8,’) =& ij ; (Wiaﬁ — Wia — WiB)(WjaB — Wiq T Wjﬁ)
X U(Xi)o(Xj)¢aB(xa’xﬁ)dxadxﬁ

with weights w;,, w;g, and w;,s defined in the Appendix, equations (A.2) and
(A.5).

We then calculate the asymptotics of the sums of the H(X;, €, X;,&;)’s and
the H(X;,&;, X;, sj) ’s, put the results together, and obtain (see the proof of Theo-
rem 6 in the Appendix) the following theorem.
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THEOREM 6. Under Assumptions (Al)—(AS),

o @ (N2
nhff;ﬁ z(xa’xﬁ)qoaﬁ(xa’xﬁ)dxadxﬁ - w
h
P, (Za,z )@i (Za )
f : QDB(Z)j 07 (2)dz

- nhff;ﬁz(xa’xﬁ)@aﬁ(xa’xﬁ)dxadxﬁ

- Znh3 Jf;ﬁ(xa7 xﬁ)Bl('xa’ xﬁ)goaﬁ(xa’ xﬁ)dxadxﬁ

=5 N{O,V(K, ¢,0)},

in which

@5/3(1104, Zlﬁ)goazj(zla_ﬁ)goé%(ZZa_B)
@(21)@(210 2185 22ap)

VK o) = 20K

X Uz(Zl)Uz(Zla,Zlﬁ,Zza_ﬁ)dzldea_ﬁ,

where K® is the two-fold convolution of the kernel K and where B, is defined
in the formulation of Theorem 2.

It should be noted that under the null hypothesis of no pairwise interactions,
the terms involving f,; vanish identically. Thus it is not necessary to estimate
the bias term B;.

To derive the local power, denote by S,z the support of the density ¢.5 and
let B,5(M) be the function class consisting of functions f,4 satisfying

”faBHHZ(SaB) =M,

where one denotes by | fusls+(s,,) the Sobolev seminorm

: 9 fap(Xa» Xp) |2
\/2 [M} dx dxg,s = 2,3,...
Sap

u S—u
=0 0"x, 0" “xg

and M > 0 is a constant. Consider the null hypothesis Hy ,5: fap(XasX5) =0
versus the local alternative H; ,g(a): fop € Fup(a) where, for any a > 0,
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faﬁ(a) = {faﬁ S BQB(M) : HfaB”LZ(S,,B,ngﬁ)

= \/J; fazﬁ(xonxﬁ)@aﬁ(xa’xﬁ)dxadxﬁ =ap.
oB
Based on Theorem 6, the test rule with asymptotic significance level 1 — 75 is
as follows.

Test Rule. Reject the null hypothesis Hj .5 in favor of the alternative
H],aﬁ(a) if

T, = C(n;h, K, ,0), (33)

where the test functional is

T, = nhfff;z(xa,xﬁ)goaﬁ(xa,xﬁ)dxadxﬁ (34)

and the critical value
C(m;h,K,,0) =0 (1 =)V (K, ¢,0)

2KD(0)}2 [ Pap(Zas2p) Pap(Zap)
* h f ¢ (2)

o2(z)dz, (35)

in which ® is the cumulative distribution function of the standard normal vari-
able. The following result concerns the local power of the preceding test.

THEOREM 7. Under assumptions (Al)—(AS), let for | =i=n

d
Yi,n =c+ 2 f'y(Xi'y,n) +faﬁ,n(Xia,n’Xi,B,n) + E fyS(Xi'y,n’X[S,n)
y=1

1=y<é=d
(v,8)#(a, B)

+ O-(Xi,n)si,n (36)

be the data array generated from the i.i.d. array (X;, €. ,),] =i = n,
for each n = 1,2,..., with fixed main effects {fy}‘;zl and interactions
{fyot1=y<6=d,(v,6)%(a,p) and with the afth interaction (f,g ,), -1 a sequence
of functions such that f.g , € Fup(a,) where {a,} is a sequence satisfying
a,' = omh + h™%) = 0(n”®) as n — co. Denote by p, the probability of
rejecting Hoy ap:fop,n(Xasxg) = 0 in favor of the local alternative
H, o5(a,)  fup,n € Fapla,) based on the data (X, ,,Y;,),1 =i = n as defined
in (36). Then lim,_,,, p, = 1.

Theorem 7 guarantees that asymptotically, the proposed test procedure (33)
is able to detect an interaction term of the magnitude n >/ with probability 1.
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To implement the test procedure (33), the critical value C(n;h, K, ¢,o)
can be obtained as the wild bootstrap quantiles of the test statistic 7, =

nh fﬁ‘;z(xa,xﬁ)qoaﬂ(xa,xﬁ)dxa dxg. Because the density ¢,z is unknown, 7,
is approximated, using a law of large numbers argument, by

. n /*\ 5 n /*\ >

T, = nh Zfo}g (Xjes Xig)/n="h Efa,B (X Xip)- 37)
=1 =1

The following theorem ensures that this substitution is asymptotically feasible.

THEOREM 8. Under Assumptions (Al)—(AS),

F— 2{K?(0)}* f Pap(2ar2p) Pap(Zap) o2(2)dz

! h @(z)

- nhff;[%(xa’xﬁ)¢aﬁ(xa,xﬁ)dxadxﬁ

- 2nh3ff;ﬂ(xa’xﬁ)Bl(xa,xﬁ)@&ﬂ(xa’xﬁ)dxadxﬁ

=5 N{0,V(K, ¢,0)}.

Hence, Theorem 6 and test rule (33) are not affected by replacing 7, with T,.
Further, this holds for Theorem 7 also, provided the same additional assump-
tions are true.

6.2. Considering the Mixed Derivative of the Joint Influence

In contrast to the preceding method one can test for interaction without esti-
mating the function of interaction f,z explicitly but looking at the mixed de-
rivative of the function F,s. Our test functional is fﬁi};l)z Cap(Xar Xg) dx, X
dxg = ffi};l)zgoaﬁ(xa,xﬁ) dx,dxg.

As can be seen from the proofs of Theorems 1, 2, and 4—6 in the Appendix,
the derivation of the asymptotics for this test statistic is the same as in the proof
of Theorem 6 with the only difference that we now have to deal with K3 and
end up with asymptotic formulas containing K| instead of K; see the definition
in Section 3.1. Thus we state the following theorem without an explicit proof.
Again, it can be noted that the convergence rate is slower than that obtained in
Theorem 6, so it could be asked why this test statistic should be looked at. In
fact, as will be seen in the simulations in Section 7, large samples are needed
to approximate the asymptotic properties, where /arge can mean thousands of
observations. So, even if the test procedure proposed in Section 6.1 should at
some point beat the one we consider here, this is not clear for a small or mod-
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erate sample, which is typical for many real data sets. Further, it is well known
that even though a certain test based on the estimation of a functional form is
superior in detecting a general deviation from the hypothetical one, a single
peak or bump can often be better detected by tests based on the derivatives.

THEOREM 9. Under Assumptions (Al) and (A4)—(A7),

i (1,1)2
nhsch(zB ) (xaaxﬁ)¢aﬁ(xa,xﬁ)dxadxﬂ

2K f Pap(Zas 26) Pap(Zap)

o2(z)d
() (2)dz

h
- nhsff;é’l)z(xa’xB)gDaﬁ(xa’xB)dxade

- 2nh7ffa%’l)(xa’-xﬁ)B2(xa’xﬁ)¢aﬁ(xa’xﬂ)dxadxﬁ

2 2 2

Cap(Z1ar218) Pap(Z1ap) Pap(22ap)

e‘No,zlle@)ll‘z‘f —
QD(ZI)GD(ZIa,Z]ﬁ,ZzaAB)

X 02(21)0*(Z1as 218> ZZa‘B)ledZZa‘B}’

where B, is defined in the formulation of Theorem 4.

Again, we note that under the hypothesis of no interactions the terms con-
taining fa(,lg’l) drop out and consequently the bias term B, need not be estimated.
Now let B,5(M) denote the function class consisting of functions f,z satisfying

| faplirtsup) + 1 fapllt®(s,e) = Mo

where M > 0 is a constant. Consider the null hypothesis Hy op: fup(Xa,xg) =0
versus the local alternative H; ,z(a): fop € Fup(a) where, for any a > 0,

faﬁ(a) = {faB € BaB(M): ”fa%l)”ﬁ(sm,%ﬁ)

= \/f fa%,l)z(xa’xB)gDaB(xa’xB)dxade = a}'
Sap

Based on Theorem 9, the test rule with asymptotic significance level 1 — 7 is
as follows.
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Test Rule. Reject the null hypothesis Hy g in favor of the alternative H, .5 (a)
if

i (1,1)2
nhsfFéﬁ : (xaaxﬁ)(PaB(xa’xﬁ)dxadxﬁ

2K P(0) f Pap(Zas 28) Pap(Zap) (s

h ¢(2)

2 2 2
N G%ﬁ(leZlﬁ)%%_ﬁ(zla_ﬁ)@a_ﬁ(zza_ﬁ)
21113 [

¢ §0(Zl)€0(21m21/3a12a_ﬁ) . (38)

Z(1—77)

X UZ(ZI)O-Z(Zla’ZIB’ZZCLB)dZI dzziﬁ

The following result concerns the local power of the preceding test.

THEOREM 10. Under Assumptions (Al) and (A4)—(A7), let ¥; ,,1 =i =n
be the same data array as in Theorem 7 but with the a3th interaction f,g , €
Fapla,) where {a,} is a sequence satisfying a,' = o(nh® + h™%) = o(n'?) as
n — oo. Denote by p, the probability of rejecting Hy op: fop,n(XarXg) = 0
in favor of the local alternative Hy ,5(a,) : fop,» € Fapla,) based on the data
(X0, Yi0),1 =i =nas defined in (36). Then lim,_,,p, = 1.

Thus Theorem 10 guarantees that asymptotically with probability 1, the pro-
posed test procedure (38) is able to detect an interaction term whose mixed
derivative is of the magnitude n~'/2. The proof of Theorem 10 is similar to that
of Theorem 7 and is therefore omitted. Also, Theorem 8 can be extended to the
test rule (38), but we have omitted its statement because of similarity.

6.3. A Possible F-Type Test

Both Theorems 6 and 9 are used to test pairwise interactions. As remarked by
one of the referees, methodologically speaking we propose two individual #-type
statistics to check for a given interaction. Because of possible high multicolin-
earity among the explanatory variables, as in the classical linear regression con-
text, it may happen that individual test statistics are insignificant but their joint
effect is significant.

To consider such a situation, in general let G,z be a functional for testing
Jfap = 0. We have shown that

g1, 1){Gop — E(Gop)t -5 N(0,V,p),

where g(n, h) is a normalizing factor and V,4 is the asymptotic variance.
Let G = {G,p,1 = a < B = d} be the vector obtained by considering all
pairwise interactions. It has dimension p = d(d — 1)/2 corresponding to the
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number of possible interactions. If it can be proved that G is jointly asymptot-
ically normal,

g(n,W{G = E(G)} 5 N(O,V),
where V is a covariance matrix of dimension p, then one would have that
g*(n,W{G — E(G)}'V{(G - E(G)}

is asymptotically Xﬁ—distributed. But studentizing and by analogy with ordi-
nary multivariate analysis (cf. Johnson and Wichern, 1988, p. 171), one might
expect that

g2(n,){G — E(G)}"V (G — E(G)}

should be more accurately described by an F-type statistic. Such a statistic would
yield an F-type test for all of the pairwise interactions. It is a natural sugges-
tion, but it is far from trivial to establish, and it is a topic for further research.
For example it is not clear how one should choose the number of degrees of
freedom. Some discussion of this point is given in a related framework by Hastie
and Tibshirani (1990, Secs. 3.5, 3.9, 5.4.5, 6.8.3) looking at the trace of the
smoother matrices. However, theory is lacking, and Sperlich, Linton, and Hér-
dle (1997, 1999) found reasons to doubt the generality of these methods, espe-
cially for the marginal integration estimator. This was partly confirmed by Miiller
(1997) in the context of much simpler testing problems than considered here.
Further it was briefly discussed in Hérdle, Mammen, and Miiller (1998), also
in a different context of testing.

7. AN EMPIRICAL INVESTIGATION OF THE TEST PROCEDURES

In nonparametric statistics one has to be cautious when using the asymptotic
distribution for small and moderate sample sizes. We have the additional prob-
lem of having complicated expressions for the bias and variance of the test
statistics, which means that asymptotic critical values are hard to obtain. More-
over, we are dealing with a type of nonparametric test functional that has been
known (Hjellvik et al., 1998) to possess a low degree of accuracy in its asymp-
totic distribution. It is therefore not unexpected when a simulation experiment,
to be described in this section, for n = 150 observations reveals a very bad
approximation for the asymptotics, and we must look for alternative ways to
proceed for low and moderate sample sizes. For an intensive simulation study
of the performance of marginal integration estimation in finite samples see also
Sperlich et al. (1999).

7.1. The Wild Bootstrap

One possible alternative is to use the bootstrap or the wild bootstrap, the latter
being first introduced by Wu (1986) and Liu (1988). The wild bootstrap allows
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for a heterogeneous variance of the residuals. Hirdle and Mammen (1993) put
it into the context of nonparametric hypothesis testing as it will be used here.

The basic idea is to resample from residuals estimated under the null hypoth-
esis by drawing each bootstrap residual from a two-point (a,b) distribution
G(a.p).; that has mean zero, variance equal to the square of the residual, and
third moment equal to the cube of the residual for all i = 1,2,..., n. Thus, through
the use of one single observation one attempts to reconstruct the distribution
for each residual separately up to the third moment. For this we do not need
additional assumptions on & or o (-).

Let 7, be the test statistic described in Theorem 6 or 9 and let n* be the
number of bootstrap replications. The testing procedure then consists of the
following steps.

(1) Estimate the regression function mg = mg o under the hypothesis Ho, g that f,5 =
0 in model (3) for a fixed pair (a, 8), | = a < B = d, and construct the residuals
i; = il ap = Y; — mo(X;), fori=1,2,...,n.

(2) For each X;, draw a bootstrap residual u; from the distribution G, ;) ; such that
for U ~ G(a,h),,-,

EG(«,m,i(U) =0, EG(a,b),i(Uz) = ﬁiz’ and EG(a,b),i(U:") = IZ?

(3) Generate a sample {(Y;*, X;)}'_, with ¥;* = m + u. For the estimation of m, it is
recommended to use slightly oversmoothing bandwidths (see, e.g., Hérdle and
Mammen, 1993).

(4) Calculate the bootstrap test statistic 7, using the sample {(¥;",X;)}'_, in the
same way as the original 7}, is calculated.

(5) Repeat steps 2—4 n* times and use the n* different 7" to determine the quantiles
of the test statistic under the null hypothesis and subsequently the critical values
for the rejection region.

For the two-point distribution G, 5 ; we have used the so-called golden cut con-
struction, setting G(,,,).; = ¢6, + (1 — g)8, where §,, 8, denote point measures
ata = i;(1 — V5)/2, b = ii,(1 + \5)/2 with ¢ = (5 + V5)/10.

For the marginal integration estimator Dalelane (1999) recently proved that
the wild bootstrap works for the case of i.i.d. observations. In the setting of
times series some work on this has been done by Achmus (2000). Dalelane
showed via strong approximation that it holds in supremum norm, whereas Ach-
mus proved that the wild bootstrap works at least locally for time series. Im-
portant general progress in this area has recently been achieved by Kreiss,
Neumann, and Yao (1999). There is still some work needed to establish a theory
of the wild bootstrap for the test statistic we are using.

7.2. The Simulation Study

The small sample behavior of the estimators has already been investigated and
discussed in Section 5. For testing we again use the model (31), (32) where
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a = 0 under the null hypothesis and @ = 1 under the alternative. Again, X; ~
U[—2,2] i.i.d. for j = 1,2,3, and the error terms are normally distributed with
standard deviation 0.5. Sample size is now always n = 150.

To calculate the test statistic we used the (product) quartic kernel for K(u)
and L(u) as before. When we considered the test statistic based on the estima-
tion of f (direct test) we used h = 0.9, g = 1.1, and for the preestimation to do
the wild bootstrap we used 2 = 1.0 and g = 1.2. To calculate the test statistic
based on the joint derivative fl(zl = testing derivatives, which generally requires
more smoothing (cf. (A6)), we selected h = 1.5,g = 1.6 and h = 1.4,g = 1.5,
respectively.

We consider first the null hypothesis Hy 1»: fi2(#) = 0 and look at the asymp-
totics. In Figure 3 we have plotted kernel estimates of the standardized densi-
ties of the test procedures compared to the standard normal distribution. The
densities of the test statistics have been estimated with a quartic kernel and
bandwidth 0.2. To make the densities comparable we also smoothed the normal
densities using the same kernel. We see clearly that the test statistics we intro-
duced in the previous sections look more like a y>-distributed random variable
than a normal one. Thus, even if we could estimate bias and variance of the
test statistics well, the asymptotic distribution of them is hardly usable for test-
ing for such a moderate sample of observations.

This conclusion is consistent with the results of Hjellvik et al. (1998)
for a similar type of functional designed for testing of linearity. For that
functional roughly 100,000 observations were needed to obtain a good
approximation. The reason seems to be that for a functional of type

Densities

density

FIGURE 3. Densities of the test statistics; direct method (solid), testing derivatives
(dashed), and normal density (thick, solid)
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TABLE 1. Percentage of rejection under H,,

Significance level in % 1 5 10 15 20
Direct method 3.0 6.0 12.7 17.3 22.3
Testing derivatives 0.5 4.5 11.4 14.4 18.2

I fas z(xa,xﬂ)vr(xa,xﬁ)dxa dxg several of the leading terms of the Edge-
worth expansion are nearly of the same magnitude, so that very many obser-
vations are needed for the dominance of the first-order term yielding normality.
We refer to Hjellvik et al. (1998) for more details.

To get the results of Table 1 and Figure 4, describing the bootstrap version
of the tests, we did 249 bootstrap replications and, following Theorems 6, 8§,
and 9, considered the test statistics

Power, 1 percent Power, 5 percent

100
100

80
80

60
power
6‘0

power

40

40

20
20

0 025 0.5 075 |

100
100

80
80

60
power
60

power

40
40

20
20

pam—_

0 025 0.5 075 1 0 025 05 0.75 1
a a

FIGURE 4. Power functions at the 1, 5, 10, and 20% significance levels for both proce-
dures: direct method (solid) (see equation (39)) and testing derivatives (dashed) (see
equation (40)). We used 249 bootstrap replications and performed 300 iterations at each
point (0.0, 0.1, 0.2, ...) to determine the probability to reject.
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12—
~ 2 (X Xy) I X, = 1.6 fork=1,2} (39)
i=1
and
n A2
-S> FOV (X, X,) 1{|X,| = 1.6 fork=1,2}, (40)
n =1

respectively; i.e. we have integrated numerically over the empirical distribu-
tion function and used a weight function (the indicator function 11) for the test
statistic to remove outliers and avoid boundary effects caused by the estima-
tion (cf. Hjellvik et al., 1998).

Table 1 presents the error of the first kind for both methods and at different
significance levels; the rejection probability was determined by performing 500
iterations.

Obtaining an accurate error of the first kind with the aid of the wild boot-
strap depends on a proper choice of bandwidth, although the results are fairly
robust for a reasonably wide range of bandwidths. In the absence of an optimal
procedure for choosing the bandwidth, Table 1 must be interpreted with cau-
tion as far as a comparison of the two testing procedures is concerned. But it is
seen that the wild bootstrap works quite well and can be used for this test prob-
lem. For a comparison of the direct method against the derivative approach
and to be able to judge the tests more generally we have to look at the error of
the first kind and the power for a wide range of examples. The power as a
function of a in (32) is displayed for both methods and for different levels in
Figure 4. Both procedures appear to work well. For this particular model the
power function of the direct method is steeper (also when the tests are adjusted
to have the same level). This is intuitively reasonable as the estimator and the
test statistic have smaller asymptotic variance for this method, but for a finite
sample it is quite likely that the comparative advantages of the two methods
depend on the particular model or design. For instance, the derivative test is
more designed for detecting a less smooth interaction term having high-frequency
components.

Obviously a much more detailed simulation study would be of interest, in
particular concerning the interplay between model complexity and (optimal)
choice of bandwidth. However, it is beyond the scope of the present paper. At
the moment, bandwidths have been chosen somewhat arbitrarily, but we have
been pleased to observe that the same set of bandwidths seems to lead to satis-
factory results for both estimation and testing.

7.3. An Application to Production Function Estimation

In this section we apply the estimation and testing procedures to a five-
dimensional production function. There has been much discussion in the past
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whether production functions can be taken to be additive (strongly separable)’
for a particular data set. It goes back at least to Denny and Fuss (1977), Fuss
et al. (1978), and Deaton and Muellbauer (1980, pp. 117-165). Our test pro-
cedure is an adequate tool to investigate the hypothesis of additivity.

We consider the example and data of Severance-Lossin and Sperlich (1999)
and look at the estimation of a production function for livestock in Wisconsin.
In that paper strong separability (additivity) among the input factors was as-
sumed, and the additive components and their derivatives were estimated using
the marginal integration estimator. Whereas the interest there was focused mainly
on the return to scale and hence on derivative estimation, presently we are more
interested in examining the validity of the assumption of absence of interaction
terms looking only at second-order interactions, as these are the only interpret-
able ones. We use a subset of n = 250 observations of an original data set of
more than 1,000 Wisconsin farms collected by the Farm Credit Service of St.
Paul, Minnesota, in 1987. Severance-Lossin and Sperlich removed outliers and
incomplete records and selected farms that only produced animal outputs. The
data consist of farm level inputs and outputs measured in dollars. The output ¥
in this analysis is livestock; the input variables are family labor X, hired labor
X,, miscellaneous inputs (e.g. repairs, rent, custom hiring, supplies, insurance,
gas, oil, and utilities) X3, animal inputs (purchased feed, breeding, and veteri-
nary services) X4, and intermediate-run assets (assets with a useful life of 1 to
10 years) Xs.

The underlying purely additive model is of the form

In(y) = c+ 2 fufln(xa)}. “n

This model can be viewed as a generalization of the Cobb—Douglas production
technology. In the Cobb—Douglas model we would have f,{In(x,)} = B.In(x,).
We have extended this model by including interaction terms f,z to obtain

d
In(y) =c+ 2 fulln(r )b+ 2 fpfIn(ro),In(xp)l, 42)
a=1 l=a<B=d
and the assumed strong separability (additivity) can be checked by testing the
null hypothesis Hy ,z:f.s = 0 for all «, 8 using the approach of Section 3.
First we estimated all functions of type f, and f,z. The estimation results are
given in Figures 5-7. Because we want to plot the functional forms jointly
with the real data point cloud, we depict F, for the one-dimensional impact
functions; for the interactions we plotted f,5, the functions we will use
for the test procedure. Again, quartic kernels were employed for K and L. The
data were divided by their standard deviations so that we could choose the same
bandwidths for each direction. We tried different bandwidths, and 2 = 1.7 and
g = 3.3 yield reasonably smooth estimates. However, we know by experience
that the integration estimator is quite robust against a relatively wide range of
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FIGURE 5. Function estimates for the univariate additive components and partial residuals

choices of bandwidths. For a detailed discussion of the bandwidth choice and
robustness we refer to Sperlich et al. (1997).

In Figure 5 the univariate function estimates (not centered to zero as
in (6)) are displayed together with a kind of partial residuals 7, = y; —
ZW&Q }:"Y(X,-y). To see clearly the shape of the estimates we display the main
part of the point clouds including the function estimates. As suggested already
in Severance-Lossin and Sperlich, the graphs in Figure 5 give some indication
of nonlinearity in family labor, hired labor, and intermediate-run assets. They
even seem to indicate that the elasticities for these inputs increase and finally
could lead to increasing returns to scale. An obvious inference from an eco-
nomic point of view would be that larger farms are more productive.

In Figures 6 and 7 we have shown the estimates of the bivariate interaction
terms f,,z. For their estimation and presentation we trimmed the data by remov-
ing 2% of the most extreme observations and used the quartic kernel. The same
kernel and trimming were used for the testing, and we did 249 bootstrap repli-
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Family Labor and Hired Labor Family Labor and Miscellaneous Inputs

Hired Labor and Miscellaneous Inputs

FIGURE 6. Estimates of the first six interaction terms

cations. To examine the sensitivity of the test procedures against choice of band-
width, we tried a wide range of bandwidths. For the first method, which employs
the estimate of the interaction term directly, we used & = 1.3-2.1, g = 2.9-3.7
for the preestimation to get estimates for the bootstrap and & = 1.6-2.4, g =
3.1-3.9 to calculate the test statistics. For the second method, which involves
the mixed derivatives of the interaction term, we used 7 = 1.6-2.4, g = 3.1-3.9
for the preestimation to get estimates for the bootstrap and 7 = 2.1-2.9, g =
3.1-3.9 to calculate the test statistics.

To test the different interaction terms for significance, we used an iterative
model selection procedure. First we calculated the p-values for each interaction
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Hired Labor and Intermediate-Run Assets Miscellaneous Inputs and Animal Inputs

FIGURE 7. Estimates of the last four interaction terms

term f,g including all the other functions f,, 1 =y =d, andf,5, 1 =y <5 =4,
with (y,d) # (a, ) in the model (42). Then we removed the function f,z with
the highest p-value and again determined the p-values for the remaining inter-
action terms as previously. Stepwise eliminating the interaction terms with the
highest p-value, we end up with the most significant ones.

This procedure was applied for both testing methods. For large bandwidths
the interactions are smoothed out, and we never rejected the null hypothesis of
no interaction for any of the pairwise terms, but for small bandwidths some of
the interactions terms turned out to be significant. For the first method, where
we consider the interaction terms directly, the term f5 (family labor and mis-
cellaneous inputs) was significant at a 5% level with a p-value of about 2%. Of
the other terms f35 and fi5 came closest to being significant.

For the second method, considering the derivatives, f;s (family labor and
intermediate-run assets) and f35 (miscellaneous inputs and intermediate-run as-
sets) had the lowest p-values, f5 having a p-value of less than 1%. Among the
others, fi3 came closest.

Both procedures suggest that a weak form of interaction is present and that
the variable family labor plays a significant role in the interaction. The fact
that the two procedures are not entirely consistent in their selection of relevant
interaction terms should not be too surprising in view of the moderate sample
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size and the lack of any strong interactions. There are fairly clear indications
from Figures 6, and 7 that f5 and f;5 are not multiplicative in their input fac-
tors. This would make it difficult for many parametric tests to detect the inter-
action as they usually are based on multiplicative combinations of the regressors.

NOTE

1. The expression “strong separability” is equivalently used for “additivity” or “generalized
additivity” (see, e.g., Berndt and Christensen, 1973).
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APPENDIX

Proof of Lemma 1.

1. Both formulas follow from the definitions of D ,a, Dag, Cop and equations (8) and

).

2. Note first that the population mean is simply

fm(x)go(x)dx =c+ > Coy-

(1=y<é=d)

Using this and the formulas in item 1, one arrives at
Fop(Xa, xg) = Fo(x,) — Fglxp) +fm(X)<o(X)dx

= aﬁ(xoux/;) + z Coy + E Coy — 2 Coy — 2 Csy

l=y<é=d (7,8)ED,p (¥,8)EDq (v,8)EDpp
= faﬁ(xa7 -xB) + CaB'

3. We only need to integrate both sides of the equation in item 2 and note that the
right-hand side comes out as ¢,z because of the identifiability condition (7). The
rest follows by the equation in item 2. u

Proof of Corollary 1. First assume that fJ3(x,,x5) = 0. By Lemma I,
FaB(xouxB) - Fz_y(xa) - FB(XB) + fm(x)ga(x)dx =0 lmphes faﬁ(xa?xﬂ) + Cap = 09
or fop(Xas Xg) = —cap, which by (7) gives

0= ffa,e(xmxﬁ)‘/?a(xa)dxa = _fCaB¢B(xB)de = T Caps

and therefore f,5(x4, xg) = 0.
On the other hand, by the definition of c,g, fug(xa,xg) = 0 gives cog = 0, and thus
faﬁ(xaaxﬁ) + Caﬁ =0. u

Proof of Theorems 1 and 2. The proof of Theorems 1 and 2 makes use of the fol-
lowing two lemmas, whose proofs are not difficult. We refer to Silverman (1986) or Fan
et al. (1998).

LEMMA Al. Let D,,B,, and A be matrices, possibly having random variables as
their entries. Further, let D, = A + B, where A~ exists and B, = (by)1=i,j=a Where
b = 0,(8,) with d fixed, independent of n. Then D,;' = A~'(I + C,) where C, =
(¢cij)1=i,j=a and c;; = 0,(8,). Here 8, denotes a function of n, going to zero with increas-
ing n.

LEMMA A2. Let Wy o, W, ap,Zas Zag, and S be defined as in Section 3.1 and H =
diag(hi_l )izl p+1- Then

.....

(a). (H'ZITW, . Z H )" = ;S‘{I+O <h2+ Inn }
G @©(x0s X1) r nhg?™!
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and
(b). (H™'ZI,W, apZagH ") = ! S‘{I+0<h2+ | o >}
LaB“ap ¢(xa7xﬁ5xla_[3) 14 nthd72 *
Define E[-1=E[|X;1,...,Xis] and E.[-] = E[-|X], where X is the design matrix
{Xia}i =11 The proofs of Theorems 1 and 2 can now be divided into two parts corre-

sponding to the estimators F, and faB? respectively.

(i) We start by considering the univariate estimator F,. This is also a component of
the estimator f,J; of interest in Theorem 2. First we will separate the difference between
the estimator and the true function into a bias and a variance part.

Defining the vector

C+fzx(xa)+ 2 fay(xa’Xiy)+ 2 fy(X[y)+ 2 f‘yé(Xiy’Xié)

(¥,8)ED0

)+ 3 £ (X Xiy)

YED,

and applying Lemma A2(a), we have

1 n
== e,(ZIW, o Z,) ' ZIW, .Y = F,(x,)
ni=1

1 n
== 2 e\ (ZIW, o Z,) " ZIW, (Y = Z, F)) + 0,(n""/?)
ni=i

LS [ Inn
=~ S71 1+ 0 h2+ _— H*lzTW. Y—Z F.
h ; (xctha) { [7( I’lhgdil >} « l’“( @ ’)

0,,(n71/2).

Computing the matrix product and inserting for ¥; = o (X;)e; + m(X;) the Taylor ex-
pansion of m(X;) around (x,, X,,), we obtain

Folx4) = Ful(xa)

Inn
2 Kh(Xluz xa)Lg(X]g - Xig) {1 + Op <h2 + d—1 )}

nhg

B

i=1 ¢(xa7qu) n;g

X

X —
{%{mu )t 2 fay °>(xa,xly)} + 2 X)) (X))

YED, YED,

+ O (X — xS {fya(x,y,xm—fy5<xiy,xig>}+a<xl>sl]

(¥,8)ED 4o

+0,(n""?). (A.D
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Separating this expression into a systematic “bias” and a stochastic “variance” we have

12 Ela; 12 a,—E(a; h? Inn
(a;) 1 (,)+0)< N \ >

Fo(x,) = Fulxy) = = Z

i=1 Qo(xm ) n = QD(xw ig) nhg‘F1 nhgd71
where
A 1 -
a; = ;l E Kh(Xlu - Xa)Lg(ng - Xi(_x) X[...]
=1

and the expression in the brackets [...] is as in formula (A.1). It remains to work with
the first-order approximations.
Let

12 Ef(a;) 1
T, = — S EE— = —
o n z:El @(Xa,Xig) n ;

a, — E;(a;)
qo(xa’Xla)

For the bias part we prove that

Tl,,=h2m<1<)%{ D)+ > - Eff(”(x Xl-y>}+o,,<h2).

YED,

Consider ¢(x,, X;,) 'E;(4;), which is, in fact, an approximation of the (conditional)
bias of the Nadaraya—Watson estimator at (x,, X;,). This is, by Assumptions (A1)—(A3)
and (A5)

E() 1
(P()Ca,xig) @(xa’xig)

1 n
X Ej| = 2 Ky(Xjo = X)) Ly(X1o — Xi)

n =1

YED,

2
y [%{ O+ S 2 ‘”(mezy)}

+ 2 {5 (X)) — f,(X)}

YED,

+ > {fya(xly,xm)—fy5<xiy,xi3>}+o,,{<x,a—xa>3}“

(7,8)€Dqq

meh(Z X)L (w— X)) o(z,w)

_ 2
X[%{p( Dt D L Q,Xm}

yED,

+ 2 {f'y W) fy(Xry)}Jr 2 {fyé(w'y’wé)_fyé(xiy’xié)}

YED, ¥,0)ED 40

+0,{(z— xa)3}:| dwdz + 0,(1)
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me(u)L(v)go(x + uh, X, + vg)

[(uh) {fn(z)( S fDEzO)(x X,y)}+0p{(“h)3}

YED,

+ > (X, + gv,) — £, (X))}

YED,

+ S (X + g0y, X+ 058) —fﬁ(x,-y,x,-s)}] dvdu + 0,(1)
(7,6)EDqyq

=) [0+ 5 57 X |+ 0,000+ 0,00

YED,

because E.(g;) = 0, respectively E;(g;) = 0 for all i and I. We have used here the sub-
stitutions u = (z — x,)/h and v = (w — X;,)/g, where v and w are (d — 1)-dimensional
vectors with yth component v,,, respectively w,,.

Because the random variables ¢ (x,, X;,) ' E;(d;) are bounded, we have by using (A2)

1

T, = thz(K) 5{ 2)()5 )+ 2 2 o 0)(mei7)} + Op(hz)
YED,

and note that

92
2f<2 O (X Xiy) = %ff,w(xa, )@, (1), + 0,(n"72) = 0+ 0, (n"72)

by (7), for any y € D,.
For the stochastic term we use the same technique as in Fan et al. (1998) and
Severance-Lossin and Sperlich (1999) to prove that with w;, given by

1 wa(Xia)
K _—, A2
Wio = = Ky (xo — Xjo) (v Xo) (A.2)
we have
Ty, = 2 w0 (X)) & + 0,{(nh)""?} (A.3)
i=1
and hence

F,(x,) = F,(x,) = 0,{(nh)"'?} + 0, (h?).

It is easily seen that the preceding expressions imply Theorem 1 (cf. Severance-
Lossin and Sperlich, 1999).

https://doi.org/10.1017/50266466602182016 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466602182016

238 STEFAN SPERLICH ET AL.

(i) Analogous to the univariate case of ﬁa, we proceed for the bivariate case consid-
ering F,g. We need the following definition.

¢ +fa(xa) +f[3(x5) +fa5(xa7x[3) + 2 {}

yEDuﬁ

Fo= [ 06D+ D fay (s Xiy) + fag” (s Xp)

YED, p

PG+ 3 f0xs X)) + L (X0 xp)
B

YEDq,

where {---} is

{fwm,xw) tfa (X5 X)) H (X )+ S fﬁ(X,-y,Xm)}.

¥,8€ED,g
Applying Lemma A2(b) we have

ﬁaﬂ(xa, xg) = Fop(x,,xg)

12 . -
= ; Zlel(ZZz,BVVi,uBZa,B) ]Z;,vai,aBY_ Fcz,B(xou-xB)

1 n
= :t 2 el(ZZﬁWi,aBZa,B)HZZﬁ Wi,a,e(y_ ZaﬁFi) + Op(nil/z)
i=1

1 1 Inn
=-> ———— ¢, 51+ 0, h2+ /—)}
n l:El go(xarxﬁ’xiaﬁ) “ { p< nhzgd_z

X H'ZEW, 0p(Y = Z,g Fi) + 0, (n"12).

As previously in (i) we do the matrix calculation, replace Y, by Y, = o (X,)g; + m(X;),
and use the Taylor expansion of m around (x, xg, X;ag). Then we obtain

ﬁaﬁ(xom xﬁ) - FaB(xom xﬁ)

12 1 1
=S S KX — x)K (X5 — x5) L (Xpg — Xi
ni:[@(xa,xﬁ,x,'a_ﬁ) n[:21 h( la a) h( B ,8) (;( lap j)

[ Inn
X{I+0p<h2+ W)}
nn-g

— 2
X [—(X’“ Ze) {f;2><xa>+ > fii"”(xa,x,y)+f;§’°)(xa,xﬁ>}

2 YGDn.B

i (XIB - xB)z {

2 1206+ 2 50 (e X)) +fa(2’2)(x“’xﬁ)}

'yEDu‘B

+ 1,(Xy) — f, (X)) + > s (X Xis) — £5(Xiy Xis)}
YED, (¥,8)EDqp

T (Xpo = x0)(Xjg — xﬁ)fa(‘gl)(xa’xﬁ) + 0 {(X1e — %)%}

+ Op{(Xza - xa)(XIB - Xﬁ)} + Op{(X[B - x5)3} + U'(Xz)&'z:| + Op(nil/z)' (A4)
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We go through the same steps as for the one-dimensional case and separate this ex-
pression into a systematic “bias” and a stochastic “variance”:

1 E;(a;) 1 2": a; — E;(a;) Lo h? N \VInn
ni=1 qo(xa9xﬁ5XiaAB) n ;= ( afxﬁ’XiaAB) \'nhzgd_z nthd*Z
where
N
a; = ; E K, (X — xa)Kh(XlB - xﬁ)Lg(XlaB - Xiaﬁ) X[...]

=1 - -

and [...] is the expression in the large brackets of equation (A.4).
Again, we only have to work with the first-order approximations. Let
1 E;(a;)

1
T, == 4 _ 1
i= 1¢(xa7x57 taﬁ) n

- B
i=1 go(x()mxﬁy zaﬁ)

We first prove that

Ty = h2us(K) = {f;2><x )+ > Eff O (Xgs Xiy) + 57 (x5)

YEDGp Vi
+ > 2 1550 G X))+ Fig (X %) + gy (X Xp)
YED, B
+0,(h?).
Consider gp(xa,xﬁ,X,-a_B)_'E,-(&,-), which is again an approximation of the (conditional)

bias of the Nadaraya—Watson estimator at (xa,xB,X,«a_B). By Assumptions (A1)—(A3)
and (A5) we have

E;(a;)
go(xayxﬁyxi%)
1

= ————— | Ki(za = x)Ki (25 = xp) L, (W — Xip) 0 (2,W)
¢(xa’xB7Xia_[3)f h n\Zg B/ g B

y |:(Za ;xa) {fa@(x )+ > 80 Q,X17)+fa20)(xmx3)}

YED,, B

+M 0+ S 9, X, )+ £
2 {/3 Xp Toy (%8 Xiy) + fup (xa’xﬁ)}

YED, g

+ 2 AW = (X))}

yEI)a'E

+ 2 {f'yﬁ(wy7wé) _.fyﬁ(Xiy7Xi5)}
¥,8€EDyp

+ (2o = %) (25 = X 5 (X xg) + 0, {(z0 — x,)°}

+0,{(zp = x)*} + 0,{(z0 — %) (25 — xB)}] dwdz + 0,(1)
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1

- @ (Xas X, Xiap) fK(”a)K(”B)L(W)w(xa + g h, X+ ugh, Xiap + 08)

x{(h o) {ff)( BEED>S f;”)(xwxm+f:é'°)<xmxﬁ>}

YED, p

+M o) 2.0) ©,2)
) {fﬁ xp)t D Sy (3 X)) + fap (meﬁ)}

yEDa'ﬁ

+ 2 AKX, +gv,) — f,(X)}

VEDn,B

+ 2 {fyS(Xiy + gvy’Xié + gus) *fya(Xi«/,Xis)}
(7,8)EDp

+ (huy) (hug) £ " (X0 xg) + op(h3)] dvdu + 0,(1)

B2 (K) - {f@(x 4 S OO0 X,) + A2 (1)

YED,

Y 20X, )+ L2 (kg0 xg) + £ ”(xa,x[»}

YED, g
+0,(h*) +0,(g7)
because E.[&;] = 0. We have used here the substitutions u = (z — (x,,x5)")/h and v =

(w— X,-ﬂg)/g, where v,w are (d — 2)-dimensional vectors with yth component v,,, w,,.
Because the ¢(x,, xB,Xia_lg)_lEi(&i) are independent and bounded, we have

1
Tip = h?u,(K) < {f;2><x>+ > Efof”)(x X))+ f57(xg)

‘yEDa B i’l

+ E Efﬁ(z O)(XB?X ) +f(2 0)(xou-xﬁ) +f(0 2)(xa’xﬁ)}
yEDHﬂ

+0,(h?).

Thus, combining with the bias formulas obtained for F,(x,) and Fj(xz), the bias of
Fop(Xay xg) — Fo(x,) — Fg(xp) is as claimed in the theorem:

1
2By = h*uy(K) {f;Z;‘”(xmxB) - f Jag” (S t) @0 ()
+ g (X xp) = j 1857 (g xg) @5 (w) du} +0,(h?).
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We now turn to the variance part 75,. In Fan et al. (1998) it is shown that for

= 1K( X Xig) Pop g (A.5)
Wiap = no" t iar 1 ” QD(xa,stXi@)’ )
7—271 = 2 WiaBO-(Xi)Si + op{(nh2)71/2}7 (A.6)

i=1

where the term

S, Wiapr (X5, = 0, {(nh?) 72}

i=1

is asymptotically normal and dominates the corresponding stochastic term
é Wi (X;)e; = 0,){(”}1)71/2}

i=1

from part (i) of the proof. This means that f;’-“;(xa, xg) as defined by (10) is asymptoti-
cally normal.

. Finally, we want to calculate the variance of the combined estimator ﬁa,;(xa,x,;) -
Fo(xq) — Fg(xp). Because of the faster rate of the stochastic term in (i), it is enough to
consider (ii), i.e., 2/_; w0 (X,)€;. It is easy to show that the variance is then

gDaB( aB)
115 [ 0200 ZL 2
@(x) =
Theorem 2 follows. |

Proof of Theorem 4. This proof is analogous to that of Theorems 1 and 2 for the
two-dimensional terms. The main difference is that at the beginning the kernel K(-) has
to be replaced by K(-); i.e., K5 (u,v) = K(u,v)uvu; > and the weights are

1 L X.) goa_,B(Xia_B) A7)
ta,B h 3,h Xo la?xﬁ ia QD(XQ,XE,XI-%;), .

where K3 ,(+,-) = (1/h*)K3 (- /h,-/h). |

Proof of Theorem 5. Because the proof follows the arguments of Linton (1997, 2000)
we give only a sketch here. Further, we only discuss the statement in (29), because for
(30) the reasoning is the same. We have

Z 2 {F'y(Xi'y) - F'y(Xi'y)} + E {f;B(Xiy’XiB) 7]{};(Xiy’XiB)}:|

2 [w&a v<B

+ OP(n*l/z)
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with

Xo _Xia
w; = J(h—>{snz = (%0 = Xia) S }

21( - )(x - X,..)4 1=1,2.

We consider the differences for the one- and two-dimensional functions separately.
From Theorem 1 and its proof in this Appendix we know that the leading terms of
F,(X;,) — F,(X;,) are

2 go'y(Xj‘y)
h?b,(X,,) EKIZ( ,)m o(X))e;

with

by(X,) = = {f<2><x,7)+2 Z <2°><Xiy,xj5>}.

SED. j 1

All these terms are additive over 7, and the correlation between the marginal integration
estimators is of smaller order. Multiplying /#2b,(-) with w; /27, w; and summing we
still get a term of order /2, which by assumption is o(n=%").

Also, if we consider the stochastic part of F,(X;,) — ﬁy(Xh/), we can see that for

[=0,1
12 1 & @y (X;,)
= 2 (X = Xi) (x = X)X = X K (X, = X)) ————— o (X))g;
n = nj:l (Xry’ jy)
1 n
= 21 Ay @,(X;) 0(X))g (A.8)
J=
where we have
, 1
nl/'y 2 ‘Ih Xia)(xa - Xia) Kh(ij - z ) —-
(nya '}/)

But A,;, is bounded, and the whole expression (A.8) is of order O, (n=12).
For the interaction terms the reasoning is virtually the same. The leading terms of

ny(anXlS) fyS(erXlB) are

1 gD'yS(ijS)
h2B,(X,,, X;5) + K X — Xs) — " 5(X))e,
( iy 16) I’ljg h( 17 jé 15) (XW,XIB,XI-@) U'( J)Sj

with By(-) defined in Theorem 2. Again, all of these terms are additive and asymptoti-

cally independent. Further, multiplying #2B,(-) with w;/>7_, w; this term stays of or-
der h? = o(n™27).
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For the remaining term we have (/ = 0,1)

I X)X % - Ky, — X X — ) — 20
Xo T Ajg) Xy = Kig - jy — iyrAjs T A Ty v v 19 i) €j>
(I, n S R TR o (X X Xys)

M:

1
n i

where now 1y is also allowed to take the value o (compare (23)). Nevertheless the same
arguments of boundedness apply as previously.

The rest of the proof is along the lines of Linton (1997). For the interaction term in
(30) all of the arguments are the same (compare (24) and (28)), but the rate is slower
(by one bandwidth) because of having one dimension more to estimate. n

Proof of Theorem 6. Consider the decomposition

=2
ffcjﬁ (xaa xﬁ)¢aﬁ(xa7xﬁ)dxa dx,B

n

= > H(X,e, ,,s)+2H(X,,s,,X,,a)

l=i#j=n

+ ff;g(xa3 XB)QDQB()CQ, XB)dxadXﬂ

+ ZhZIf;’b(xmxg)Bl(xa,xﬁ)%ﬁ(xa,xg)dxadx[; +0,(h?)

in which

H(X;,&:,X;,8)

1
=& ij n_z (Wia/3 ~ Wia — z/a)( ja ~ Wija — Wj/a)U'(Xi)O'(Xj)¢a,3(xmxﬁ)dxadx/s
(A9)

with Wi., Wig, and w;ag as in equations (A.2) and (A.5).
We first simplify H(X;, €;,X;,€;) by substituting alternatively u = (x, — X;o)/h, v =
(XB - Xi,@)/ h:

H(X[78[7 /7 )

«, i «, Xi
-] {K(umu) 2 Bit) ) Oelie) ) 2o B)}

e(X;)h e(X;) e(X;)

s {4 Ke =K\ u+X’B_X"B Oop Kia)
h h gD(Xia?XiB?Xja‘B)h

X,'Q_X'a goa(X‘a) Xi - X; P, (X )
—klu+ J a\ o —klo+ B iB BB
h ¢ (Xio» X)) h ¢(Xig, Xjp)

X 0 (X)) 0 (X)) @op(Xin, Xig)dudv{l + 0,(1)}.
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Denoting by K" the r-fold convolution of the kernel K, one obtains

2 H(Xi»shxjrsj): Z (Hl+H2+H3+H4+H5){1+0,;(1)},

l=i#j=n 1=i<j=n
where
g g0(X,)o(X;) Xio = Xja Xig— X
= pETe K@ P K@ - Pup(Xiap) Cap(Xjap)

G%B(Xiaa XiB) GDaB(ij Xjﬁ)
{qo(xi)@(xiarxiﬁixjiﬁ) 4’()(;)40(Xfwxj;;’xfﬂs)}’
_sisjo(Xi)O'(Xj) Pap(Xjap)
n’h @ (Xia> Xig> Xjap)

Xia_X'a goa(Xia) Xl' - X @, (Xz )
X{KQ)(—h ’) CA +K(2)< Bh ./B> B\ip up(Xian Xig)

‘P(X,‘) QD(XI')
gg,0(X;)o(X;) §0a_,e(Xia_B)
n’h ¢(XjaszﬁaXiiﬁ)
X0 = Xia | a(X;e) Xis— X\ 95(Xip)
o e Pallie) | g 28— Zis ) TATE Cop(Xias Xi),
h (X)) h o(X;) o
gist'(Xi)O'(Xj) QDa_ﬁ(Xia_B)
n’h GD(X,')
Xia = Xia | PaXia) Xig = Xig\ _¢p(Xip)
X K@ J e K@ B B B\B ¢aB(Xia’ XiB)
h ¢ (Xijas Xja) h ¢ (Xig, Xjp)
€80 (X;)0(X;) CapXjap)
n’h QO(Xj)
X=X\ €a(Xi) X~ Xig\ 25 Xig)
X AK® E — +K®@ i £ rPe QDaB(ijXjB),
h ) e(Xjas Xig) he ) e(Xig, Xip)
g g0(X;)o(X;) x® Xio = X\ 0a(Xia) qog(XB)
n? h (X)) o(Xi, Xj0)
Xis— X5\ 25(Xig)  ¢5(X;p)
+K® & B EE pe ‘Paﬁ(ximxiﬁ)
h SD(Xi) §D(XiB’Xf§)
+8i8j0'(xi)0'(xj) K® Xjo = Xia QDg(ng) Qog(xfg)
2 h o (X)) (Xja, Xia)
@ Xig—Xip\ 26(Xjg)  ¢p(Xip)
h ¢(Xj) ‘P(Xjﬁ,Xig)
- g:8,0(X)0(X) [ 0.(Xn) @p(Xip) +%ﬁ(xi§) ¢a(Xia)
3 n? §0(Xi) 90(XiBaX_,'§) @(Xi) SD(XimX_/g)
+s,~sja'(X,~)0'(Xj) ©.(X;4) QDB(X,'@) €0aB(Xj§) . (Xi)
2 gD(Xj) QD(Xjﬁ,Xig) ‘P(Xj) QD(ijXig)

H;

H, =

n

} €0aﬁ(ij X_,-B),

} Pap (Xias Xiﬁ)

n } gDa,B(ijjo,B)'
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All of these are symmetric and nondegenerate U-statistics. We will derive the asymp-
totic variance of Hy, and it will be seen in the process that H, to Hs are of higher order
and thus negligible. Now we calculate

E{HIZ(XHSHXZ, 82)}

1 Zia ~ Z2a Z1p~ 2o
= ntht JK(2)2< h K®? h Qoi_ﬁ(zm_ﬁ)@i_g(Zzﬂg)

%%/;(lezus) Saaﬁ(ZZa,Zzﬁ) 2
40(11)90(2141,11/3,12.1_3) ¢(Z2)¢(ZZQ9Z2B’ZIQ_ﬁ)

X 02(21)0%(22)e(2)) @(2,)dz, dz,.
Introducing the change of variable
Zog = Z1a — hu, Zp= 15—
we obtain

E{le(XhthZ’eZ)}

1
= i [ KO 0K 20625210 0202200 (20 210 24002

{ Q%/;(Zlmzlﬁ) n QDQB(Zlle/;) 2
)

@(Zl)fp(zlmzlﬁ,zza_ﬁ) GD(ZlayZ]ﬁ,Zz&B)GD(Zl

X @(21)@(2145 ZIB’ZZaAB)dZI d“dUdeaAB{l +o(1)}

or

E{le(XhSl’Xz, 82)} =

1K@ H4J ¢&3(Zla_ﬁa)¢i¥(z2a_ﬁ)¢§ﬁ(zla’ZIB)
2
¢(Z1)¢(Zlavzlﬁ7z2a_[3)

n*h?
X Gz(zl)az(zlavzlﬁ’zhx_ﬁ)dzl dZZuz_,B{l +o(D)}.

To prove that ZKJ- H,(X;,&;,X;,&;) is asymptotically normal, one needs to show that
E{Gi(X,8,, X5, &)} + n 'E{H(X,, &, X,,8,)} = o[{EH{ (X}, 81, X5,8,)}7],
where

GI(X,89y75) = E{Hl(X|,8|,X,8)H|(X],81,y,5)} (A'lo)

(see Hall, 1984).

LEMMA A3. As h — 0 and nh? — oo,

’lilE{Hf‘(XhEl,Xz, 32)} = 0(’179}176) = 0[{EH12(X17817X2, 82)}2]~
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Proof. As in the case of the second moment, the fourth moment can be calculated as

E{Hf(xlv €1, X5, 82)}

2

h
= WSh® JK(z)4(“)K(2)4(1))40&;(11&3)@31_5(220(_3)0'4(21)0'4(ZlmZwyzza_ﬁ)

{ €0aﬁ(21a,215) Qpaﬁ(zlmzlﬁ) }4

?(21)¢(21a,Z1p:22ap) P (Z1as Z1ps T2ap) P(21)
X go(zl)go(zla,zlﬁ,zzaj)dzldudvdzziﬁ{l +0,(D)},
which implies that
n 'E{H}(X,,&,,X,5,&)} = O(n °h~°) ={EH?(X,,&,,X5,8,)}?0O(n"'h™?),
which proves the lemma as n~ 'A% — 0. u
LEMMA A4. As h — 0 and nh? — o,

Gl(xv g, )%5)

_ 280@ap(Xa, X5) Pap(Xap) Pap(Yap) o (X) 0 (¥) X <xa - ya>K(4) <x,3 - y5>
n*h%p(x) h h

Pap(Var Vp) Pap(Xar Xp)
Xf B B N B B
QD(y)qD(yasvaZaAB) Qp(xa’xﬂ’zoiﬂ)go(xarxﬁ’y&ﬂ)
X (pé;(za_/;)cz(xa,xg, Za_B)dZﬂ_ﬁ{l + 0(1)}.

Proof. According to the definition of G,

Gl(x787y’8) = E{Hl(Xlaalyxyg)Hl(szl’y75)}

= &0 Elk® Xia = Xa K@ Xip ~ %
n*h* h h

Goa,e(xwxﬁ) Q%B(lexw)
‘P(x)éo(xmxﬁ,xa‘g) @(Xl)GD(leXlB,xaAB)

X €0a_13(X1a_B)<Pa_ﬁ(xa_ﬁ)0'(X1)0'(x)

% K(2)<Xla _ya>K(2) <Xl,3 _y,3>
h h

{ Goaﬁ(ya,)’ﬁ) ‘Paﬁ(xlmxlﬁ) }
N (Yar Vg Xap)  ©(X)@(X10 X1, Vap)

X €0a_B(X1a_B)§Da_B(ya_ﬁ)0'(X1)0'(y):|
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or

6505 (Xap) @ (Vap) 7 (1) ()

n*h*

X K(2)<M>K(2)<ZB_XB>
h h

{ ¢aﬁ(xa5x3) + <Paﬁ(zayzﬁ) }

€0(x)(P(xa,x;3»Z(LB) gD(Z)QD(Za,ZB?x@)

“ K<2><M>K<z><u>
h h

Pap(Yar V) Cap(Zar2p)
(Ve (VarYpr2ap)  ©(2)@ (205285 Yap)

Gl(x78’y35) = fﬁDQs(ZQ_ﬁ)Uz(Z)

}qo(z)dz-

Introducing the change of variable
24 = X, T hu, g=xgth
we obtain

G(x,¢,y,0)

S‘SQD@(X@)QD@(Y@)U(X)U()’)

= n4h4 f@@(ziﬁ)gz(xa’x3>ziﬁ)

gDaB(xaa-xB) gpaﬁ(xaaxﬁ)

X K@ u)K® (v)
go(x)gp(xa’xﬁ?Z@) ¢(xa7x5’zil3)¢(xa7xﬁax%3)

X, — Xg —
XK(2)<M+“Tya)K(2) <U+BTyB>

« %B(ymyﬁ) " G%B(xmxﬁ)
€D(Y)§D(yw)’3,z&3) qo(xa’xﬁfzaAB)QD(xa’xﬁryaAB)

X @(Xy,Xg, Z&B)hzdudvdzaj{l +o(1)}.

Using convolution notation, one has

G,(x,¢,y,6)

_ SSQD@(X@)@@(Y@)O'(X)O’()’) K@ (xﬂ - ya>K(4) (xB - y5>
n*h? h h

f 299043()%, xﬁ) %ﬁ(ym )’B) @aﬁ(xm xﬁ)
e () e(x,, Xgs Za‘ﬁ)

X QD&?(Za‘ﬁ)UZ(xa!xﬁ’Za‘ﬁ‘)ga(xavxﬁ’za‘ﬁ)dza‘ﬁ{l +o(1)}
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or

28690513()65(’xﬂ)goaAB(xaAﬁ)gDaAﬁ(yaAB)U(x)o-(y)
G,(x,e,y,8) = o

n*h?e(x)
o k@ <xa —ya>K(4) (xB - yﬁ)
h h
% f @aﬁ(}’a,ys) n ¢aﬁ(xa7xﬁ)
40(}’)@()’04, yﬁvziﬁ) <P(xa7-x37 Z%;)¢(xa,xﬁa y%?)

X @ap(2ap) 0% (Xas Xp, Zap)dZapil + 0 (D)},

which is what we set out to prove. u

By techniques used in the two previous lemmas, we have the following lemma.

LEMMA AS. As h — 0 and nh? — oo,
E{GI(X1’81>X2782)2} = O(n_sh_z) = 0[{EH1(X1’81>X2782)2}2]‘

Lemmas A3 and A5 and the martingale central limit theorem of Hall (1984) imply
the following propositions.

PROPOSITION Al. As h — 0 and nh? — oo,

nh Y, H(X;,&;,X;,€;)

1=i<j=n

2 2 2
‘Paﬁ(ZlmZlﬁ)‘Paﬁ(Zmﬁ)ﬁ%ﬁ(Zzaﬁ)
£ n{o21k@ s [ e
@(21)¢(210s 218> 22ap)

72(21) 0% (2105 21Bs ZZ%E)dzI deﬂa}

The “diagonal” term X./_, H(X;, ¢, X;, €;) has the following property.
PROPOSITION A2. As h — 0 and nh* — o,

2{K@(0)}2 f Pap(Zar 25) Pap(Zap) 1 )
nh? o(z) \Nnnh?*)’

Proof. This follows by simply calculating the mean and variance of H(X, &1, X1, &1).

Putting these results together, Theorem 6 is proved. u

EH(XMSHXHS,'): U’z(z)dz+0p<
i=1

Proof of Theorem 7. To prove Theorem 7, first note that the support S,z of @, is
compact. Hence there exists a constant C > 0 such that

HBI ”LZ(S,dg,(pﬂﬁ) = \/fBlz(xa, xﬁ)goaﬁ(xou xﬁ)dxa de =CM (A'll)
for any f,g € Bag(M). Here

1
Bi(xa, xp) = p2(K) 7 {fag” s ) + fag ™ (s X))

https://doi.org/10.1017/50266466602182016 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466602182016

NONPARAMETRIC INTERACTION IN ADDITIVE MODELS 249

is the bias function of Theorem 2. Meanwhile, because

f;ﬁ(xm xﬁ) =fuB(an xﬁ) t Caps Cap= ffaﬁ(wa xﬁ)¢aﬁ(xa7 xﬁ)dxadxﬁ
it follows that

Jf;,é(xmxﬁ)qouﬁ(xu,x,;)dxudx,; = Jfaz,;(xmxﬁ)goaﬁ(xa,x,;)dxadxﬁ
+ zcaﬁffaﬂ(xayxﬁ)¢a6(xa3 xﬁ)dxadxﬁ + CczzB
= ffjﬁ(xa’xﬁ)¢aﬁ(xu7xﬁ)dxadxﬁ + 35343

= f_ffﬁ(xa,xﬁ)gpaﬁ(xa,xﬂ)dxadx[;.
Hence for any f.5 € F,g(a), one has
il s = [ Fi3 ) 0 g ity = . (A.12)
Now forn =1,2,..., let

T, = nhffs‘;,zl (X0, X5) Pup(X4s Xg)dx, dxg

Z{K(z)(o)}z f goaB(ZQ,ZB)QDéB(ZQAﬁ) 2( )d
_ o~\z)dz

h ¢(2)

- nhff;g,n(xayxB)¢aB(xa7xﬁ)dxadxﬁ

- 2nh3 ff:ﬁ,n(xarxﬁ)Blrl(xa, XB)qDaB(ch’xB)dxadx‘B’

where (faﬁ,,,);,'o:, is the sequence in Theorem 7 and By, the corresponding bias coeffi-
cients. Note that although the function f ,(x,,x,) is different for each n, a careful re-
view of the proof of Theorem 6 shows that it still holds because the second-order Sobolev
seminorm of each ij,,,(xa,xB) is bounded uniformly for n = 1,2,..., and all the main
effects {fy}ff:1 and other interactions { f,s}1=y<s=4,(y,5)=(a, g) are fixed. Hence

7, 5 N{O,V(K, ¢,0)} (A.13)
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as n — oo. Now let

tn = nh Jf;,(%,n(-xa? -x,B)gDa,B(xcw xﬁ)dxadxﬁ

+ 2]’!]’13 ff;ﬁ,n(xa7xﬁ)Bln(xa,xﬁ)¢aB(xaaxﬁ)dxadxﬁ'

Then

t, = nh ”f;ﬁ,n”iz(sw,%ﬁ) —2nh? ”fz;ﬁn ”Lz(s,,ﬁ,w,,,;)HBln”Lz(s,yﬂ,‘p“B)
= nh”f(:B,n ”L2<S(,,;,¢,¢){“f;5,n||L2(s,,ﬂ,%ﬂ) —2h? ”BInHLZ(S“B,(p,,B)}

t, = nha,{a, — 2h*CM},

which, using the condition that a, ! = o(nh + h™?), entails that t,, — co0 as n — co. By
the definition of the test (33)

pu=PIT +1, =07 (1 = nV'2(K,p,0)]. (A.14)

Now (A.13), (A.14), and t, — oo yield lim,_,,, p, = 1. u

Proof of Theorem 8. In parallel to the proof of Theorem 6, one can decompose

n — _ n ~
Zf:[-; (Xla!XIB)/n = 2 H(Xhei’Xi’ej) + 2 H(X;,&;,X;,€;)
=1 i=1

I=i#j=n

+ 2 L3 (X Xip)/n + 202 2, fia( X, X1p) By (X1 X i) /1
=1 =1

+0])(h2)9
in which
_ L U _ _ _ _ _
H(Xirgisxjrsj) = &§; 2 n_3 (WiaB,l ~ Wia,1 — Wi,rs,/)(WjaB,/ — Wia,1 T Wjﬁ,/)U'(X,')U'(Xj)
=1
with
1 ¢a(Xia)
Wia,1 = ~ KXo = Xia) ——, (A.15)
n ¢(Xla7Xi(_1)
L (X~ X X — X )—‘pa—ﬁ(xi”—’g) (A.16)
w. = = - X, -X, . .
pl g e i b @(lexlﬁyxm_ﬁ)

It is directly verified that for w;, defined in (A.2) and w;,s defined in (A.5)

n

1
2 ; (WiaB,l = Wia,1 T WiB,/)(W_/‘aB,I = Wia,1 T W.iBJ)
=1

= f(wiaﬁ  Wia — W[,B)(Wjaﬁ  Wija — Wjﬁ)épaﬁ(xmx/;)dxa de{l + Op(nil/z)}

uniformly for all 1 =i,j = n.
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Note also the fact that E(&;|Xy,...,X,) = 0,E(e?|X,,...,X,) = 1, and using the in-
dependence of ¢,...,g,, one obtains

2 H(Xnai,xi,si) ={l1+ 0,)("71/2)} 2 H(X;,&;,X;,8),
i=1

i=1

whereas

> H(X,&,X,e)= 2 HX, &, X,¢)+0,0n"?)

1=i#j=n 1=i#j=n

with H as defined in (A.9). These, plus the trivial facts that

Zf;ﬁ(X,a,X,B)/n = ff;l?(xa,xﬁ)goaﬁ(xa,xB)dxade + Op(nfl/z)
=1

2fa*/s(szX//;)B1(szxzﬁ)/” = ff;B(xa,xﬁ)Bl(xmxﬁ)ﬁﬁaﬁ(xmxﬁ)dxadxﬁ
=1

+ 0,,(1171/2)

establish Theorem 8. |
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