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NONPARAMETRIC ANALYSIS OF COVARIANCE!

BY HOLGER DETTE AND NATALIE NEUMEYER

Ruhr-Universitidt Bochum

In the problem of testing the equality of % regression curves from
independent samples, we discuss three methods using nonparametric esti-
mators of the regression function. The first test is based on a linear combi-
nation of estimators for the integrated variance function in the individual
samples and in the combined sample. The second approach transfers the
classical one-way analysis of variance to the situation of comparing non-
parametric curves, while the third test compares the differences between
the estimates of the individual regression functions by means of an L2-
distance. We prove asymptotic normality of all considered statistics under
the null hypothesis and local and fixed alternatives with different rates
corresponding to the various cases. Additionally, consistency of a wild boot-
strap version of the tests is established. In contrast to most of the proce-
dures proposed in the literature, the methods introduced in this paper are
also applicable in the case of different design points in each sample and
heteroscedastic errors. A simulation study is conducted to investigate the
finite sample properties of the new tests and a comparison with recently
proposed and related procedures is performed.

1. Introduction. An important problem in applied regression analysis is
the comparison of a response Y across several groups in the presence of a
covariate effect. In general, this model can be written as

(1.1) Yljzgl(tlj)+o-l(tlj)8l]7 i=1,...,k, j=1,...,ni,

where ¢;; are independently identically distributed errors, g;, o; are the regres-
sion and variance function in the ith group (i = 1,..., k) and the covariate
¢;; varies in the interval [0, 1]. In this paper we are interested in the problem
of testing the equality of the mean functions, that is,

Hy, g, =g9=---= g, versus

(1.2)
Hy: g, #g; forsomei, je{l,...,k}.

Much effort has been devoted to this problem in the literature [see, e.g., Hardle
and Marron (1990), Hall and Hart (1990), King, Hart and Wehrly (1991),
Delgado (1993), Young and Bowman (1995), Kulasekera (1995), Kulasekera
and Wang (1997), Hall, Huber and Speckman (1997) and Dette and Munk
(1998)]. Most authors concentrate on the case of two samples (¢ = 2) and
a homoscedastic error in all groups. Hardle and Marron (1990) consider a
semiparametric approach in the case of equal designs (i.e., n; = -+ = ny,
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tij=t;i=1,..., k). King, Hart and Wehrly (1991) and Hall and Hart (1990)
discuss the completely nonparametric homoscedastic [i.e., aiz(t) = o?

it =
1,..., k] model in the case of equal design points. While the latter approach
can be generalized to the case of unequal design points [see Hall and Hart
(1990)], Kulasekera (1995) points out some drawbacks of the test in this case
and proposes several alternatives which are applicable to the model (1.1) under
the additional assumption of homoscedasticity in all groups. This approach can
detect alternatives which converge to the null at a rate of order 1/,/n but the
author also mentions some practical problems of this procedure. On the one
hand, the level of the test depends sensitively on the smoothing parameter;
on the other hand, larger noises yield levels substantially different from the
nominal levels [see also Kulasekera and Wang (1997) for a detailed simula-
tion study and data-driven guidelines for bandwidth selection]. Moreover, a
generalization to a heteroscedastic error or a multivariate predictor seems
to be difficult. A rather different test was introduced by Young and Bowman
(1995) who generalized the one-way analysis of variance to the model (1.1).
Under the assumption of normally distributed homoscedastic errors over all
groups, these authors proposed a y2-approximation for the distribution of the
test statistic. Although the finite sample properties of the test under these
assumptions look promising, a generalization to the general heteroscedastic,
nonnormal case does not appear trivial and the asymptotic properties of this
test have not been investigated so far. To our knowledge the problem of test-
ing the equality of the regression functions in the completely heteroscedastic
model (1.1) with a univariate predictor and unequal design points was first
considered by Dette and Munk (1998), who introduced a simple estimator of
the distance

> [ a0 - g0 ds

i<j

and proved an asymptotic normal law with a ./n-rate for a corresponding
test statistic. As a consequence, this test can only detect alternatives which
converge to the null hypothesis at a rate of order n—1/4.

In this paper we discuss various tests for the hypothesis (1.2) which are
directly applicable in the general model (1.1), do not require any additional
assumptions (such as homoscedasticity or equal design points) and improve
on the asymptotic efficiency of the test of Dette and Munk (1998). More-
over, the new methods can easily be extended to the case of multivariate
predictors. A first method for testing the hypothesis (1.2) is based on a dif-
ference between a nonparametric variance estimator in the combined sam-
ple {Y,-jIj =1,...,n;,i=1,..., k} and the corresponding estimators in the
individual samples {YiJ-I J=1,...,n;} and yields in fact an estimator of an
alternative measure of equality. Our second proposal is to use Young and
Bowman’s (1995) test also in the situation of a heteroscedastic error. Finally,
we suggest a generalization of King, Hart and Wehrly’s (1991) test to the gen-
eral setup (1.1), which compares the estimates of the regression functions in
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the individual samples. This method is closely related to an approach intro-
duced by Rosenblatt (1975) in the context of testing independence and further
developed by Hardle and Mammen (1993) and Gonzalez-Manteiga and Cao
(1993) for the problem of testing the parametric form of a regression function.
We prove asymptotic normality of all proposed test statistics under the null
hypothesis and fixed alternatives with different rates of convergence corre-
sponding to both cases. In Section 2 we introduce the different methods, state
the main asymptotic results and discuss various links among the different
approaches. In Section 3 we investigate the finite sample properties of some
of the proposed tests and perform a comparison with alternative procedures
which have been suggested in the literature [see Hall and Hart (1990), Delgado
(1993), Kulasekera (1995), Kulasekera and Wang (1997)]. It is demonstrated
that a wild bootstrap version of the test based on the difference of variance
estimators has excellent finite sample properties and is very often remarkably
more powerful than several other tests proposed in the literature, which can
detect alternatives converging to the null at a parametric rate. Finally, some
of the proofs, which are cumbersome, are given in Section 4.

2. Testing the equality of regression functions by kernel-based
methods. To motivate the different methods for testing the hypothesis of the
form (1.2) and to investigate the asymptotic distribution of the corresponding
test statistics, we need a few regularity assumptions. Let N = Zl};l n; denote
the total sample size and assume

n; 1 :
(21) NL:K1+O<N>’ l:].,...,k,
for given constants kq, ..., k; € (0,1). Let rq, ..., r, denote positive densities

on the interval [0, 1] such that the design points ¢;; satisfy

tij J . .
2.2 (t)dt =L, —1,...,n,i=1,...,k
(2.2) [ riwdi==L ni, i

1

[see Sacks and Ylvisaker (1970)]. Throughout this paper we will assume the
continuity of the variance functions o?(-),i = 1, ..., k, and additionally that
the design densities in (2.2) and the regression functions are sufficiently smooth,
that is,

(2.3) g, r; € C0,1], j=1,...,k,

where r > 2 and C(")[0, 1] denotes the space of r-times continuously differen-
tiable functions on the interval [0, 1]. Let

22;1 K((t—1t;)/h;)Y
Z’}i:l K((t—t;;)/h;)
denote the Nadaraya—Watson estimator of the ith regression function g; and

h; the corresponding bandwidth [see Nadaraya (1964) and Watson (1964)].
We assume that the kernel in (2.4) is supported on a compact interval, say

(2.4) g.(t) =
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[—1,1], and is of order r > 2 [see Gasser, Miiller and Mammitzsch (1985)],
that is,

(-1)7 (1 , 1, J=0
(2.5) . / Kwu/ du =10, l<j<r-1,
J: - kr # 0> J=r

where |1 K%(u)du < co.
If the hypothesis of equal regression functions is valid, the total sample
could be used to estimate the common regression, that is,

Yi YL K((t—t;)/R)Y

Y X K((¢—ty)/h)
where A is an additional bandwidth. For the sake of simplicity, the asymptotic
analysis of the statistics proposed below is performed for the case of equal

bandwidths h; = h,i = 1,... k&, in the estimators (2.4) and (2.6) where the
bandwidth A satisfies

(2.6) 2(t) =

(2.7) th — 00, h = O(N_2/<4r+1)),

2.1. Comparing variance estimators. Our first measure of equality between
the different regression functions is obtained by comparing the nonparametric
variance estimators of the individual samples with a nonparametric variance
estimator of the pooled sample. To be precise, let

. 1 & . :
(28) O'lz = n_ Z(Yl] —_ gi(tij))z, 1 = 1, ceey k,
i j=1

denote the estimator of the variance of the ith sample introduced by Hall
and Marron (1990), where g; is the nonparametric estimator of the regression
function in the ith sample defined in (2.4). Although these authors considered
only a homoscedastic model, it will be shown (see Lemma 4.0) that in the het-
eroscedastic model 62 consistently estimates the integrated variance function
fol o2(¢)r;(t) dt of each sample (i = 1, ..., k). In the following we will consider
the analogue of (2.8) for the total sample size

n;

12 R
(2.9) 6% = N Y2y - g(tij))Q'

i=1j=1

It is proved in Section 4 that under the hypothesis of equal regression curves
this is essentially an estimator for a convex combination of the individual
integrated variance functions, that is,

k 1
>k /0 o2(t)r;(¢) dt.
=1
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For these reasons we propose as a test statistic
TV =52 - 3 0,62
= ;07
N3

The asymptotic properties of the statistic Tg\l,) are listed in the following
theorem.

THEOREM 2.1. Assume that (2.1), (2.2), (2.3), (2.5) and (2.7) are satisfied.

(i) If the hypothesis of equal regression functions is valid, then the statistic
Tg\l,) satisfies
1
Nﬁ(TS},) — BVRY — N7 D(1)> (0, B2)),

where

Bm—ﬁf«gmm @1 B (1)L

R(t)
k 1 dt
r (r)2
(2.10) —kzg’q/o ((glrj)( ) — 8175 ) (t)ma
) - k (t)rj(t) L,
Dt =|:/_1K(u)du—2K(0)]j§</o W / O'j(t)dt>,
the asymptotic variance is given by
B: = 2/_11(21{ — K+ K)%(u)du
ko1 k:r () 2
2.1D) X{Z/ {0l 0N 1) de
2 2 J J(t)Klrl(t)
+JZIZf 2(t)o (f)—RZ( 5 t},

I#j

K % K is the convolution of the kernel with itself and R denotes the convex
combination of the underlying densities, that is,

k
Jj=1

(i) Under the alternative g; # g;, for some i, j € {1, ..., k}, the statistic
T%) satisfies

1 9
\/N(Tgv) - Mi,l) — (0, 72,1)7



1366 H. DETTE AND N. NEUMEYER
where

Kjrj(t)Klrl(t)
(2.12) M3, = ]Zﬁf gl)z(t)Tt) dt

I<j

and the asymptotic variance is given by

k

, k 1( 3 Kkry(t)
(2.13) vk,1—4jZ=1/0 L(ei0) - et Ry R(t)

) o¥(t)k,r (1) dt.
1#]j

2.2. An ANOVA-type statistic. The following method for testing the equal-
ity of the regression functions was introduced by Young and Bowman (1995)
in the context of a homoscedastic normal distribution for the error over all
k samples. The corresponding statistic is closely related to the difference of
variance estimators introduced in Section 2.1. It will be shown in this section
that the method proposed by these authors is also applicable in the general
situation of nonnormal heteroscedastic errors. The test statistic of Young and
Bowman (1995) is motivated by the classical one-way analysis of variance and
given by

N, @
Yy=5TW,
§
where
(2) 2
(2.14) Ty == Z Z[g(t,]) gi(t)]

Ll]l

A

8, 84,..., 8, are defined in (2.6) and (2.4), respectively, and

k n;—1
A2 2
S 2(N k) lXi Zl(YL J+1 = i,j)
J
is a pooled mean of the difference-based estimators for the variances in the
individual samples [see, e.g., Rice (1984)]. The statistic §? is also a consistent
estimator of

k 1
(2.15) s* = lejf() o?(t)r;(¢)dt,
=

which follows by a straightforward calculation [see also Kulasekera and Wang
(1997) for a related result under homoscedasticity]. Note that there is a strong

link between the statistics Tg&) and Tg?,). While the statistic Tgé) is comparing

the regression functions through residual sums of squares, the statistic Tﬁ)
compares the curves through the fitted values. In the case of a fixed design,
equal homoscedastic variances in all groups and a normally distributed error,
Young and Bowman (1995) proposed a y2-approximation of the corresponding
test statistic under the null hypothesis. These restrictions allow a rapid and
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accurate calculation of the p-value [see Young and Bowman (1995) for more
details]. It is also worthwhile mentioning that the use of the same smoothing
parameters in the estimates of the individual regression function yields a
direct cancellation of the bias.

Obviously, the numerator of Y 5, given in (2.14) is an estimate for an appro-

priate measure of equality of the %k regression curves and we will also use TS\Q,)
as a test statistic for the hypothesis (1.2) in the general situation of not nec-
essarily homoscedastic and normally distributed errors. The following result
makes this heuristic argument more precise and provides the asymptotic prop-
erties of the statistic (2.14). As a by-product, it also proves consistency of the
test proposed by Young and Bowman (1995) if the required assumptions for
the finite sample size approximation used by these authors are not satisfied.
Moreover, critical values could be obtained from an approximation by a normal
distribution or a wild bootstrap procedure as proposed in Section 3.

THEOREM 2.2. Assume that (2.1), (2.2), (2.3), (2.5) and (2.7) are satisfied.

(i) If the hypothesis of equal regression curves is valid, then the statistic
T(AZ,) defined in (2.14) satisfies

(2)

2 2),9, D 9
N«/Z(T(N) + B — _Nkh) = (0, B3 ),

where B( ) B( ) is defined in (2.10),

i)
R(t)

(2.16) D?:[ K2(u)du2/< ) o¥(t) di

and the asymptotic variance is given by

Bia=2 (K+K)(w)du
ri) L\
(2.17) {Zf 4”( R(0) 1) dt

2 2 ] ](t)Klrl(t)
+1212/ OOy dt}.

I#j

(i) Under the alternative g; # g;, for some i, j € {1, ..., k}, the statistic
Tg\z,) defined in (2.14) satisfies

9
IN(TF - M3 ,) = 4 (0,9,),

where M , = M7 | and v} , = v} | are defined in (2.12) and (2.13), respectively.
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2.3. Pairwise comparison of regression curves. Following Rosenblatt (1975),
Héardle and Mammen (1993) and Gonzalez-Manteiga and Cao (1993), an obvi-
ous alternative test of the hypothesis (1.2) could be obtained from a pairwise
comparison of the estimators of the regression functions. To this end, we con-
sider the statistic

(2.18) T(S)—iii/l[“(t)—ft w,;(t) dt
: N — 0 8i g]( )] le() )

i=1j=1

where w;(-) are positive weight functions satisfying w;; =w;;,1<j <i <k.
A similar statistic was considered by King, Hart and Wehrly (1991) in the case
of two samples with equal design points (here the integral was approximated
by a sum and a constant weight was used). A calculation similar to that given
in the proof of Lemma 4.0 shows that

Nh
1
Nh

1 1
—DEES) + O<N)’ under H,,
(2.19) E[TV)] = ; 1
Di)+M%’3+O<N>, under H17

where the constants Df’) , M %,3 are defined by

ko1 O'Q-(t) k
3) _ 2 J .
(2.20) DY = /K (u)dujglfo D (% wﬂ(t)> dt,
k k 1
(2.21) M, =Y Z/o (g; — g)*(Hyw ;(t) dt.
j=11=1

I<j

Note that, in contrast to Theorems 2.1 and 2.2, there does not appear a term
of order A%" in (2.19), which is in fact a result of the application of equal band-
widths in the estimates of the regression functions in the individual samples.
The following result can be proved using similar arguments as given for the
proof of Theorem 2.1 in Section 4.

THEOREM 2.3. Assume that (2.1), (2.2), (2.3), (2.5) and (2.7) are satisfied.
(i) If the hypothesis of equal regression curves is valid, then the statistic

Tg\?}) defined in (2.18) satisfies

3 1 3 9
Nﬁ(TEQ - WD; )) = (0, B2),
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where the asymptotic variance is defined by

Bra= [ (K » K))du

O i
2.99) x{?/ (0) (Z le(t))

2t)al(t
+22/%w§l(t)dt}.

j=1 =1

(i) Under the alternative g; # g;, for some i, j € {1, ..., k}, the statistic
T§\3,) defined in (2.18) satisfies

3 7
VN(TR = M3 5) = 40, 7}.5).
where M %,3 is defined in (2.21) and the asymptotic variance is given by

k k 1 2(t)
ZZ A (8:(t) — &1(1))(8:(t) — g,()w jiOwi()-——=-3 (t)

Yig=4]

N
IIMw
R

o
s

i

REMARK 2.4. Itis worthwhile mentioning that there is a strong link among

the three statistics Tg\l,) , TS\%) , TS\?}), which can nicely be explained by looking
at the classical one-way analysis of variance model, where

Xij""e/f/(/.l,l',o'z), j=1,...,ni,i=1,...,k.

Here the denominator of the corresponding F'-test corresponds to the statistic
T(Az,) of Young and Bowman (1995) and can be decomposed as

k _ _ 2 kE n; .2 k n; _\2
229 Y% -X) =L X(X;-%) -2 (¥~ X’
i=1 i=1 j=1 i=1 j=1
where the first term on the right-hand side is an estimator of the variance from
the pooled sample (assuming equal means in all 2 samples) and the second
term is a combination of the variance estimators in the individual samples.
Consequently, the right-hand side of (2.23) corresponds to the statistic Tg\l,)
introduced in Section 2.1. Therefore in linear models both statistics are equiv-
alent, while for nonparametric models there appear to be differences because
the cross-product terms involve a nonvanishing bias. Similarly, we have the
representation

k k k

= T \2 1 = o 2
Z (X —X.) =—2szninj(Xi~—Xj) ,
i1 i=1 j=1

which establishes an analogy between the statistics T%) and T(]?,).
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2.4. Some asymptotic power comparisons. As a consequence of Theorems
2.1-2.3, we obtain consistent, asymptotic level-a tests by rejecting the hypoth-
esis of equal regression curves whenever

(@)

i i D )
(2.24) N«/Z(T(N) — BV — N—kh> > Brilli_a  i=1,2,8,

where Bf’) =0, B(L), DS:), B% ; are defined in Theorems 2.1-2.3 and have to be
replaced by consistent estimators. In the following section we will illustrate
the performance of a wild bootstrap version of the tests given by (2.24), because
the speed of convergence under the null hypothesis is usually rather slow [see
also Azzalini and Bowman (1993), Hjellvik and Tjgstheim (1995) and Alcal4,
Christébal and Gonzalez-Manteiga (1999) for similar observations].

Moreover, the second parts of Theorems 2.1-2.3 provide an important advan-
tage in the application of these tests (compared to most of the procedures
proposed in the literature). It is well known that in the problem of testing
goodness of fit the essential error is the type II error and a large observed
p-value does not give any empirical evidence for the null hypothesis [see, e.g.,
Berger and Delampady (1987) and Staudte and Sheater (1990)]. The second
parts of Theorems 2.1-2.3 now provide an approximation for the type II error
of the test by

Vi ko NVh
VNM?, .
~O —— 1, 1=1,2, 3.

P(“rejection”) ~ @(m{Mz Uy oBr.i })

(2.25)

Yk,i

We note that the approximation by a normal distribution under fixed alter-
natives is more reliable than under the null hypothesis, because it is similar
to the approximation by a normal distribution in the classical central limit
theorem (see the proof in Section 4.3). Moreover, the second parts of Theorems
2.1-2.3 can also be used for testing the precise hypotheses [see Berger and
Delampady (1987)]

(2.26) Hy: M, >A versus Hy: M}, <A,

where A is a sufficiently small constant such that, whenever M %’i < A, the
experimenter agrees to analyze the data under the assumption of equal regres-
sion curves. Note that the rejection of H in (2.26) allows us to show that the
regression functions are “close” at a controlled error rate.

REMARK 2.5. The possibility of choosing the weight functions in (2.18)
leaves some freedom for the statistic Tgf’,) and using

(2.27) w;; = %
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gives a statistic with an asymptotically similar behavior as described in
Theorems 2.1 and 2.2 for the tests based on Tg\l,) and T(]\Z,>. This weight function
is very natural because under the additional assumption of homoscedasticity
it maximizes the asymptotic power for comparing the curves g; and g; with
respect to the choice of the weight function. To be precise, assume that 2 = 2.
Then a straightforward calculation [see also the derivation of (2.25)] shows
that the probability of rejection is an increasing function of

(M%,3)2 _ (fol(glfgz)z(t)wlz(t)dt)z
')’% 3 o? fol(grgz)Z(t)w%z(t)(l/K1r1(t)+1/K2r2(t))dt
1 -1
IO -] [ ST
(2'28) = o2 fO (gl g2) <K1r1(t) + K27‘2(t)> @
(M3
73,1

where M2 21 = = M3, and 72 1= y22 are defined in (2.12) and (2.13), respec-
tively, and the second line follows from Cauchy’s inequality. Now discussing
the equality in (2.28) shows that the maximal power (with respect to the
choice of the weight function w,) is obtained by the weight (2.27). For these

reasons, the tests based on TS?,) [Young and Bowman (1995)] and Tg\l,) (pro-
posed in Section 2) should be preferred because they automatically adapt to
the best possible (but unknown) weight function for the maximization of the
power at any fixed alternative.

REMARK 2.6. In the remaining part of this section, we will concentrate on
the asymptotic behavior of the different tests with respect to local alternatives.
For the sake of transparency, we will concentrate on the case of & = 2 samples.
There is no difference in the discussion of the general situation of £ > 3
regression functions. We will adopt an approach of Rosenblatt (1975), who
considered alternatives of the form

(2.29) () = g1 + st(%),

where s is a continuously differentiable function of order r and ¢ € [0,1] a
given constant. In addition, 6, and 7y, are sequences converging to 0 such
that

1

230) SEyy = 1.
NYN =N

R ()

(a typical example in the case r = 2is h = N2/, §y = N713/36 and yy =
N~1/6), For alternatives of the form (2.29) satisfying (2.30), it follows by similar
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arguments as given in Section 4 for the proof of Theorem 2.1 that

DY’

2.31 NVR(TY — BV p2r
(2.31) ( W - By'h — 2k

g .
) - '/1/(/1’(1)7 B%’i)a

where the constants Bg), Dg:’) and B%’i are defined in Theorems 2.1-2.3 (note
that Bf) =0) and

1
‘ / sz(x) dx - Kk1Kgri(c)ra(c) , ifi=1,2,
(2.32) u® = 01 Kky7r1(c) + Kara(c)
/ s2(x) dx - wys(c), ifi =3.
0

A similar result is obtained for local alternatives of the form (2.29) with ¢ = 0
and yy = 1, that is, g; = g3 + s - (Nvh)~'/2. In this case (2.31) is still valid,
with a different expectation in the limit distribution, that is,

/1 Sz( KyKoT1(x)Tg(x) dx, ifi=1,2,
(2.33) p® =17 K171(%) + Ko7y (%)

/ s2(x) w1y (x) dx, ifi =3,

0

For an asymptotic analysis of the three testing procedures with respect to
these local alternatives, we use the optimal (but unknown) weight function

(2.27) for w;s in the definition of the statistic Tgs). The comparison can now
easily be performed by looking at the different variances in (2.31) and observ-
ing the relation

/(K « K)2(x)dx < /K2(x)dx < /(2K — K« K)X(x)dx,

which has been proved by Biedermann and Dette (2000). From this inequality
it follows that B%)z = 33,3 < 33,1, and, consequently, the procedures based on

Tg\z,), TE\B,) are asymptotically more efficient as the test based on Tgé).
However, some care is necessary with this interpretation, because the speed
of convergence in (2.31) is rather slow and the asymptotic analysis usually
requires a rather large sample size [see Azzalini and Bowman (1993), Hjellvik
and Tjgstheim (1995) and Alcal4, Christobal and Gonzalez-Manteiga (1999) for
similar observations]. For realistic sample sizes the approximation (2.25) indi-
cates a similar behavior of all three methods. Moreover, for moderate sample
sizes the bias always has to be taken into account and the superiority of one
of the three methods cannot be established in general. In the examples pre-
sented in Section 3, we observe a much better performance of the test based

on Tg\lf).
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2.5. Generalizations: different bandwidths, smoothing techniques and
random design.

REMARK 2.7. Note that we have assumed the equality of all bandwidths in
Sections 2.1-2.3, which substantially simplifies the presentation of the asymp-
totic results and their proofs. Nevertheless, in practice, it is strictly recom-
mended to choose the bandwidth A;,i = 1,..., %k, and A& of each estimator g,
and g according to the size of the corresponding sample. If there exist con-
stants by, ..., b, € (0, 1) such that these bandwidths satisfy (2.7) and

h;

1 .
(234) %Zbl—i—o(w), l—l,...,k,

as N — oo, similar results as given in Theorems 2.1-2.3 can be established,
where the constants Bg) and Dg) additionally depend on the proportions

by, ..., b, (note that Bf) does not vanish in this case). For more details we refer
to Neumeyer (1999) and Dette and Neumeyer (1999).

REMARK 2.8. It should also be pointed out that the asymptotic results
given in Theorems 2.1-2.3 do not depend on the special structures of the
smoothing procedures used in the construction of the variance estimators. We
used the Nadaraya—Watson estimator for the calculation of residuals because
for this choice the proofs given in Section 4 are more transparent. For example,
a local polynomial estimator [see Fan (1992) and Fan and Gijbels (1996)] can
be treated in the same way with greater mathematical complexity but without
changing the structure of the asymptotic results. Although local polynomial
estimators have various advantages for the estimation of the regression func-
tion, particularly at the boundaries, our simulation results showed that this
superiority is not reflected in the problem of testing the equality of regression
functions. A heuristical explanation of this observation is that the methods
presented in Sections 2.1-2.3 essentially avoid the direct estimation of the
regression function and only use estimates for quantities smoothed by lin-
ear integral operators. Nevertheless, there are still theoretical advantages to
using local smoothing in the definition of the statistics T(]\?,i =1,2,3. On
the one hand, the use of these estimators allows weaker assumptions on the
design densities, because only the continuity of the design density is required
(for local polynomials of odd order). On the other hand, the bias of local polyno-
mials of odd order is the same for all curves irrespective of the design pattern.
More precisely, if equal bandwidths are used for the local polynomial estima-
tion of the individual regression functions [see (2.4) and (2.6)], the terms Bg)
and Bf) in Theorems 2.1 and 2.2 vanish, while the kernel K in the asymptotic

bias Dg) and in the asymptotic variance B%’i, i =1,2,3, of Theorems 2.1-2.3
has to be replaced by the equivalent higher order kernel corresponding to the
local polynomial estimator [see Wand and Jones (1995)]. A similar observation
was made by Alcala, Christébal and Gonzalez-Manteiga (1999) in the context
of testing for a parametric form of the regression function.
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REMARK 2.9. The test statistics Tg\l,) , TE\Q,) and T(AB;) can be directly used for
a multivariate predictor and a random design. Under the assumption of a ran-
dom design, t;;, ..., t;, are realizations of i.i.d. random variables Ty, ..., T},
with positive density r; on the interval [0,1],i = 1, ..., k. In this case, the
first parts of the statements of Theorems 2.1-2.3 regarding the asymptotic
behavior of the statistics and the hypothesis of equal regression functions
remain valid and consistent tests are obtained exactly as in the case of a
fixed design. However, it is worthwhile mentioning that under the alterna-
tive a different asymptotic variance is obtained in all three cases. Consider,
for example, the situation of Theorem 2.1 in the case of 2 = 2 independent
random samples. Under a fixed alternative, the asymptotic variance of the

statistic Tg&) is given by

4K1K2

Q)
TY)=
var(Ty') N

[(81 = 82O (kara(D)o2(2) + k171(8) 3 (D))
ri(B)ra(®)

(k171 + KaT9)?(2)

2

K1 K
+ ;v2var<(g1 — 82)%(T11)

wor5(T11) + 2671 (T11)ro(T1y)
(k171 + Kor2)?(T11)

Kk175(Ta1) + 26271 (To1)ro(Ta1)
(k171 + Kkorg)?(Toq)

K%Kz 2
+ Tvar (81— 82)(Ty)

+o 1
~ )
3. Simulation results. In similar problems it was observed by several
authors [see, e.g., Azzalini and Bowman (1993), Hjellvik and Tjgstheim (1995)

and Alcala, Christobal and Gonzalez-Manteiga (1999)] that the asymptotic
normal distribution under the null hypothesis does not provide a satisfactory

approximation of the distribution of the statistics T(A? for reasonable sample
sizes. For these reasons, many authors propose the application of bootstrap
procedures in these problems [see, e.g., Hall and Hart (1990) and Héardle and
Mammen (1993)]. In this section we study the finite sample performance of a
wild bootstrap version of the test (2.24) and compare its power properties with
several other procedures suggested in the literature. Some remarks regarding
the consistency of this procedure are given in Section 4.4.

Because all simulation results published so far consider the two-sample
case with equal homoscedastic variance [i.e., 02(t) = 02(t) = o?], and we
are interested in a comparison, we mainly restrict our study to this case.
Moreover, we will concentrate on the statistic Tg&,) based on the difference of

variance estimators, because it performed better than TS\Z,) (see Section 3.2)
and it does not require the specification of a weight function (in contrast to

the statistic TS\S,)). In our study we used in fact an asymptotic equivalent test
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statistic given by

2 2
ny . nyg .
2 1 0_2 2 ~2

TN:O- NV]_ NV2

where n;/v;, ns/vy are normalizing constants converging to 1, such that &iz
is unbiased for constant regression g; [see Hall and Marron (1990)]. More
precisely, these constants are defined by

v=n;— 2Zw‘”+ Z( Dy 1=1,2,
i,k=1

where
w? — K((ti — tu)/ M)
L S K((t; — ti)/ )

We used the common wild bootstrap of residuals based on a nonparametric fit
[see Hardle and Mammen (1993)]

I1=1,2.

(31) él] = Ylj — é(tlj), _] = 1, cee, gy l = 1, 2,

where g is the estimator of the regression curve from the total sample defined

in (2.6). Let V;"J, i =12 j=1,...,n;, denote i.i.d. random variables with

masses (v5+1)/2+/5 and (v/5—1)/2+/5 at the points (1—+/5)/2 and (1++/5)/2
(note that this distribution satisfies E*[V};] = 0, E*[V’»ka] = E*[V:‘j3 = 1).
Finally, define &; = V};é;; and the bootstrap sample by

(3.2) l]:g(tl])+8lj’ j=1,...,ni, i:1,2.

For the test at level «, the null hypothesis is rejected if T n 1s bigger than the
corresponding quantile of the bootstrap distribution of 7'y, that is,

(3.3) Tn > TN(Ba-a))

where f"jv(l) denotes the ith-order statistic of the bootstrap sample T}‘v Lreeos

T* ~.p- In our study we resampled B = 200 times and used 1000 simulations for
the calculation of the level and power in each scenario. Moreover, we used the
same bandwidth for the generation of the bootstrap sample (3.1) and the def-
inition of the test statistic 7'y. The consistency of this procedure is indicated
in Section 4.4.

We considered two samples at the design points

1—1 .
ty = ——, 1=1,...,nq,

(3.4)

t2‘=—, j=1,...,n2,
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and normally distributed errors in both samples unless stated otherwise,
that is,

(3.5) &1, £9p ~ A0, 0'2).

The kernel was chosen as K(x) = %(1 - xz)I[_L 1j(x) (which yields r = 2) and
the bandwidths are

1 9 3/10 2\ 3/10
(3.6) hi — <M) — <U_l) , 1=1,2,
; n

n; i

(ny + ny)? ny+ng

3.7 B <n1 Jy a3 (t)dt +ny [} o2(t) dt>3/10 ) ( o2 >3/10

where the last equalities follow in the case of homoscedasticity and o2 = o2.

Note that we use different bandwidths for the estimators g, &, and g, in our
study.

3.1. Simulation of the level. Our first example investigates the approxi-
mation of the level by the wild bootstrap version of the test (2.24). First, we
considered quadratic regression functions g;(¢) = g,(t) = ¢?, standard nor-
mal distributed errors and different sample sizes n,, ny = 10, 20, 30, 50. The
results are summarized in Table 1, which shows the simulated rejection prob-
abilities of the wild bootstrap test with level 10%, 5% and 2.5%. Table 2 shows
the corresponding results for the regression functions g;(¢) = g4(¢) = cos(t).
We observe a reasonable approximation of the level by the wild bootstrap pro-
cedure in all cases, even in the case of very small samples [see also Hall and
Hart (1990), who obtained a similar conclusion for their resampling proce-
dure]. Note that for the more oscillating regression functions g;(¢) = cos(t)
the approximation is slightly worse compared to the more smooth case g;(¢) =
g2(t) = ¢2, which can be partially explained by a larger bias in the variance
estimators 62, 67 and &%.

TABLE 1
Simulated level of the test (3.3) for various sample sizes and standard normal errors; the designs
are uniform [according to (3.4)] and g1(t) = go(t) =

(ny,n2) (10, 10) (10, 20) (10, 30) (10, 50) (20, 20)
a=10% 0.099 0.096 0.099 0.105 0.101
a=5% 0.061 0.051 0.051 0.054 0.054
a=25% 0.032 0.030 0.026 0.023 0.025
(ny,n2) (20, 30) (20, 50) (30, 30) (30, 50) (50, 50)
a=10% 0.098 0.108 0.099 0.090 0.108
a=5% 0.054 0.050 0.048 0.047 0.048

a=2.5% 0.029 0.028 0.025 0.026 0.025
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TABLE 2

Simulated level of the test (3.3) for various sample sizes and standard normal errors; the designs
are uniform [according to (3.4)] and g1(t) = go(t) = cos(wt)

(ny,n3) (10, 10) (10, 20) (10, 30) (10, 50) (20, 20)
a=10% 0.098 0.114 0.107 0.092 0.097
a=5% 0.054 0.056 0.055 0.052 0.053
a=2.5% 0.032 0.030 0.028 0.028 0.031
(ny,n3) (20, 30) (20, 50) (30, 30) (30, 50) (50, 50)
a=10% 0.100 0.096 0.098 0.095 0.101
a=5% 0.053 0.048 0.050 0.051 0.052
a=25% 0.023 0.026 0.031 0.028 0.027

As pointed out by a referee, it might be of interest to investigate the approx-
imation of the level under a heteroscedastic error distribution. To this end,
we considered the quadratic regression functions g;(¢) = g5(¢) = t* and the
variance functions

t

(3.8) a2(t) = ol(t) = ———,
0 =00 = 1o
et eZt
(3.9) aA(t) = —, o2(t) = ——,
1) fol e*dx 2(0) fol e2* dx

where the first and second scenarios correspond to the case of equal and
unequal variance functions, respectively, and we normalized such that
fol o%(t)dt = 1,i = 1,2. The results are listed in Tables 3 and 4 and demon-
strate an excellent performance of the wild bootstrap procedure under het-
eroscedasticity.

3.2. The test of Kulasekera and Wang (1997). Kulasekera (1995) proposed
a new testing procedure for the hypothesis (1.2) in the case of two samples

TABLE 3
Simulated level of the test (3.3) for various sample sizes and standard normal but heteroscedastic

errors, the designs are uniform [according to (3.4)], g1(t) = g4(t) = t? and the variance functions
given by (3.8)

(ny,n2) (10, 10) (10, 20) (10, 30) (10, 50) (20, 20)
a=10% 0.100 0.088 0.094 0.092 0.101
a=5% 0.057 0.046 0.048 0.059 0.049
a=25% 0.032 0.026 0.022 0.020 0.024
(ny,n2) (20, 30) (20, 50) (30, 30) (30, 50) (50, 50)
a=10% 0.088 0.093 0.095 0.092 0.106
a=5% 0.046 0.047 0.055 0.047 0.048
a=25% 0.023 0.020 0.031 0.021 0.028
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TABLE 4
Simulated level of the test (3.3) for various sample sizes and standard normal but heteroscedastic

errors, the designs are uniform [according to (3.4)], g1(t) = g2(t) = t2 and the variance functions
given by (3.9)

(n1,nz) (10, 10) (10, 20) (10, 30) (10, 50) (20, 20)
a=10% 0.097 0.084 0.087 0.084 0.105
a=5% 0.046 0.050 0.043 0.041 0.052
a=25% 0.035 0.028 0.019 0.017 0.029
(ny,nz) (20, 30) (20, 50) (30, 30) (30, 50) (50, 50)
a=10% 0.089 0.086 0.095 0.091 0.103
a=5% 0.051 0.044 0.050 0.047 0.044
a=25% 0.026 0.021 0.033 0.020 0.030

with homoscedastic errors. Because this test is applicable to different designs
in both groups and can detect alternatives converging to the null at a rate
1//n, we will discuss it in a little more detail. The test is based on the quasi
residuals

ey, =Yy — 8a(tyy)s i=1,...,n4,

eg; =Yy — 81(ta)), J=1...,n,,

and the corresponding partial sums
lnit] o,

wi(t) = ng ﬁ,

The test statistic proposed by Kulasekera (1995) is defined as a suitable
function of

0<t<1,i=12.

_ 1 ook :
K ZWZ“’(?)’ i=1,2,

n; k=1 i

or

h_1 :
K = o [ we)dun,  i=12

where S%, is a consistent estimator of o?,i = 1, 2. Note that this test does
not requif‘e equal designs in both groups. Kulasekera and Wang (1997) inves-
tigated the functions W, = min{K(l), K(lz)}, W, = min{|K;1)|, |K(22)|} and
proposed a method for choosing the bandwidth, which, roughly speaking, maxi-
mizes the power at a specific alternative. As pointed out in the latter paper, the
data-based smoothing parameters inflate the size of the test and the discrep-
ancy from the actual size depends largely on the variability of the responses
and the sample size. For these reasons, Kulasekera and Wang (1997) used
simulation (for g; = g, = 0) to find the critical points.
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TABLE 5
Simulated rejection probabilities of the test (3.3) for various alternatives given in (3.10); the designs
are uniform [according to (3.4)] and the errors are normal with variance o2 = 0.5

n1=n2:25 n1:n2:50
Model a=10% a=5% oa=25% oa=10% a=5% oa=25%
(a) 0.824 0.736 0.621 0.985 0.971 0.952
(b) 0.814 0.738 0.653 0.979 0.964 0.936
(c) 0.764 0.648 0.553 0.966 0.929 0.871
(d) 0.987 0.973 0.952 1.000 1.000 1.000
(e) 0.598 0.505 0.406 0.912 0.865 0.805
€3] 0.983 0.973 0.943 1.000 1.000 0.998

In Table 5 we compare the test (3.3) with the procedure proposed by
Kulasekera and Wang (1997). For the sake of comparison, we chose the setup
considered in Table 3 of the latter paper, that is, normally distributed errors
with variance o2 = 0.5 and the regression functions

(a)  g1(x) = —go(x) = 0.5cos(27x),
(b) g1(x) = —gs(x) = 0.55in(27x),
(3.10) (¢) g1(x) = ga(x) — x = cos(mx),
(d) g1(x) = ga(x) — 1 = cos(m7x),
(e) gi(x) = go(x) — x = cos(2mx),
(f)  g1(x) = ga(x) — 1 = cos(2mx).

Comparing the results of Table 5 with the corresponding results of Kulasekera
and Wang (1997) in Table 3 of their paper, we observe that the test proposed
in this paper yields a substantial improvement with respect to the power in all
cases considered. Note that Kulasekera and Wang (1997) chose the bandwidths
such that the power is maximized (at the cost of a simulated level) and we
could obtain a further improvement in power for the test (3.3) by applying
a similar technique. Although this would have theoretical advantages, we do
not recommend this approach in practice, because this data-based choice of
the smoothing parameter usually yields a large discrepancy between the size
of the test and the actual level.

We note that the test (3.3) can only detect alternatives converging to the
null at a rate (Nvk)~'/2? [which gives N~17/4° for the choice (3.7)], while
Kulasekera and Wang’s (1997) test achieves the parametric rate N~1/2. At
a first glance, this is a contradiction to the results obtained in our simulation.
However, these observations can be explained by the fact that the method of
Kulasekera and Wang implicitly uses a sample splitting. One sample is used
for estimating the regression, while the other sample is used for the calcula-
tion of the residuals.
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TABLE 6
Simulated rejection probabilities for the test of Young and Bowman (1995) for various alternatives
given in (3.10), the designs are uniform [according to (3.4)] and the errors normal with variance

a2=0.5
n1=n2:25 n1=n2:50
Model a=10% a=5% a=25% a=10% a=5% a=25%
(a) 0.388 0.236 0.136 0.897 0.801 0.660
(b) 0.772 0.651 0.547 0.990 0.975 0.956
(c) 0.789 0.683 0.592 0.973 0.947 0.902
(d) 0.998 0.996 0.991 1.000 1.000 1.000
(e) 0.833 0.711 0.620 0.997 0.996 0.989
) 0.983 0.969 0.940 1.000 1.000 0.998

For the sake of comparison, we also studied the performance of the test of
Young and Bowman (1995) in this situation. The results are listed in Table 6.
We observe a similar power of both tests in most cases.

3.3. The tests of Delgado (1993) and Dette and Munk (1998). The test pro-
posed by Dette and Munk (1998) was the first procedure which was appli-
cable in the general model (1.1). This test is based on a simple estimate of
an L2-distance between the regression functions which does not depend on
a smoothing parameter. Although this procedure can only detect alternatives
which converge to the null at a rate of N~1/4, the test has promising finite
sample properties with respect to the quality of approximation of the level
[see Dette and Munk (1998)]. Moreover, a comparison with Delgado’s (1993)
test, which can detect alternatives converging to the null at a rate N—1/2,
indicates that for realistic sample sizes this test is comparable with proce-
dures which are efficient from an asymptotic point of view. Delgado’s (1993)
test requires equal design points and is based on the sup-norm of a marked
empirical process of the pairwise differences from both samples.

To compare the new test (3.3) with these procedures, we considered the
setup given in Section 4.2 of Dette and Munk (1998), that is, n;y = ny =
15,30, (g; — g9)(¢) = 1,,(g; — &9)(t) = sin(27t) and three types of error
distributions [see also Hall and Hart (1990), pages 1041-1042]

(i) (S, 43),
(3.11) (i) (4l = V2/m, | A5] = 2/m),
(iit) (|4l = v2/m, V2/m = | 4)).

The results are listed in Table 7 and a comparison of the power at the 5%
level shows the following. While Delgado’s (1993) test performs better for the
smooth alternative g; — g9 = 1, Dette and Munk’s (1998) test is more efficient
for the oscillating alternative. The new test (3.3) has a reasonable perfor-
mance in both cases. On the one hand, it is substantially more powerful than
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TABLE 7
Simulated rejection probabilities of the test (3.3) in the scenario considered by Dette
and Munk (1998) Section 4.2; the design is uniform [according to (3.4)] and the error
distributions are given by (3.11)

(81— £2)(?) 1 sin(2mt)
(&1i> £2;) i) (ii) (iii) @) (ii) (iii)
n; =15 2.5% 0.552 0.936 0.875 0.176 0.517 0.500
5% 0.648 0.963 0.913 0.255 0.615 0.604
10% 0.734 0.977 0.941 0.347 0.703 0.713
n; =30 2.5% 0.870 0.999 0.992 0.386 0.863 0.772
5% 0.925 0.999 0.998 0.492 0.912 0.917
10% 0.954 1.000 1.000 0.608 0.951 0.950

Delgado’s test for the oscillating alternative and Dette and Munk’s test for the
smooth alternative. On the other hand, it is comparable with these procedures
in the remaining cases.

Our final example compares the new test with the bootstrap test introduced
by Hall and Hart (1990). These authors mainly considered the case of equal
design points and briefly mentioned a generalization of their approach to the
general case. However, Kulasekera (1995) observed that this generalization is
not reliable and recommends the application of Hall and Hart’s test only in the
case of equal designs. Note that this test can detect alternatives converging to
the null at a rate N~'/2. For a comparison with our test, we chose the setup of
Table 3 in Hall and Hart (1990). The test proposed by these authors depends
on a smoothing parameter p and Table 3 in Hall and Hart (1990) lists results
for three choices of p. More precisely, the errors are given by (3.11) and the
alternatives by g;— g, = 1 and (g, — g5)(x) = x, where g5 = 0. The results are
given in Table 8 and show that the new test is a serious competitor. In most
cases, we observe a better power for the new test (3.3), even if we compare it
with the best choice of p in the procedure of Hall and Hart.

4. Proofs.

4.1. Preliminaries. We will restrict ourselves to a proof of Theorem 2.1 in
the case of k£ = 2 regression functions. The general case £ > 3 and the asymp-

totic results given in Theorems 2.2 and 2.3 for Tg\z,) and Tgs) follow by exactly
the same arguments with an additional amount of algebra and notation. For
the sake of a transparent notation, we will omit all indices referring to the
number of samples and to the specific statistic discussed in Section 2. In other

words, we write B instead of ng), Ty instead of Tg) and so on. Recalling the
definition of the weights

iy _ B —tin)/h)

4.1 =
“D s Y K((t; —ti)/h)

i=1,2,
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TABLE 8

Simulated rejection probabilities of the test (3.3) in the scenario considered by Hall
and Hart (1990), Table 3; the design is uniform [according to (3.4)] and the error
distributions are given by (3.11)

(81 —82)(¥) 1 t
(e1i> €2;) @) (ii) (iii) i) (ii) (iii)

n; =15 2.5% 0.550 0.928 0.874 0.197 0.493 0.493
5% 0.643 0.957 0.931 0.276 0.612 0.591

10% 0.738 0.982 0.960 0.384 0.726 0.712

n; =20 2.5% 0.666 0.989 0.966 0.237 0.624 0.591
5% 0.752 0.992 0.982 0.335 0.724 0.685

10% 0.844 0.999 0.990 0.447 0.817 0.779

n; =30 2.5% 0.848 1.000 0.995 0.369 0.762 0.782
5% 0.898 1.000 0.998 0.487 0.847 0.832

10% 0.939 1.000 0.999 0.584 0.906 0.899

n; =50 2.5% 0.990 1.000 1.000 0.541 0.941 0.940
5% 0.995 1.000 1.000 0.649 0.969 0.962

10% 0.999 1.000 1.000 0.741 0.983 0.981

the Nadaraya—Watson estimators (2.4) of the individual regression functions
evaluated at the points ¢;; can be rewritten as

ni B
gi(ty) =2 w(jlk)Yik, i=1,2.
k=1

To obtain a similar representation for the estimator in the combined sample,
define the weights

K((ty, — t;j)/h) ‘
Yia Y K((tyy — tij)/h)

The Nadaraya—Watson estimator (2.6) evaluated at the points ¢;; using the
total sample can now be written as

(42) wlk’ ij =

2 n
(4.3) 8(ty) =22 wu ;Y i
=1 k=1

We finally introduce the notation A; = k;/k5 and
1 1
(4.4) p(t) =ri(t) + A—l’“z(t) = K—l[K1’"1(t) + Karg()],

which will be used frequently throughout this section. Our first result estab-
lishes the asymptotic expansion for the bias of the estimator Tg\l,).
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LEMMA 4.0. Assume that (2.1), (2.2), (2.3), (2.5) and (2.7) are satisfied. Then

E[6?] = /01 aZ(t)ri(t)dt + d;h* + o(h*") + 0(%)

(4.5)

+ nlh [/_11 K*(u)du — ZK(O)} /01 o2(t)dt,

i
where the constant d; is defined by

1 2 1
= B2 () — O. ('r) R ] —
dl_k,/O [(glrl) (t) — g;r (t)] e =Lk

Moreover, if the null hypothesis of equal regression functions is valid, we have,
for the estimator (2.9) in the case k = 2,

1 1
E[6%] = Klfo o2(8)ry(¢) dt + KZ/O a2()ry(t) dt

F(Dkir1 () + 03 (H)kera(t)

dt
(k171 + Kkor)(2)

(4.6) n %U_ﬂ K*(u)du — 2K(0)} fol 7

N
where the constant C is defined by

C = [ [(ga(krs + kor2)” = g1kars + kara) () ——0
=R, 81(K171 T Kal'g g1(K1l T Kol (k17y + Kkorg)(t)

1
+Ch” + o(h*") + 0(-),

Under the alternative, we obtain, for the estimator (2.9) in the case k = 2,

1 1
E[6?] = K1/0 o2(t)ry(t) dt + Kzfo o2(t)ry(t) dt + M?

+O(h?) + o(ﬁ),

where the constant M? is defined by

4.7

1 r{r
(4.8) M* = K1K2fo (g1(t) - gZ(t))z K1r1(1t()tl2f<(2t’)'2(t) @

PROOF. The first part (4.5) of the lemma is obtained from the representa-
tion (4.6) by considering equal variance functions and design densities. The
proof of (4.6) and (4.7) essentially follows the arguments of Hall and Marron
(1990), and we will only mention the main modifications here, which take into
account the mixture of two design densities. Define

2 n
(4.9) A= gi(ti) =2 > wu,ij&i(tw)-
I=1 k=1
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Then the expectation of the variance estimator (2.9) from the total sample
splits into two parts, that is,

2 n 2
(4.10) E[o ZZA i+ ZZE[(Ui(tij)gij_ZZwlk,ija'l(tlk)glk> }
Ll]l 11]1 [=1k=1

A straightforward but tedious calculation shows

%= (tu)+R(t”)}

Sy (b - gt +x K
(4.11) X[KirS—i(tu)(gl gg_l)(t,J)Jrh/K( - )

X ((glrl)(tij) — (g1r)(®) + gi(t){p(t) — p(t;))}

+ <g2r11’"2)(tu) - <g2%1’°2>(t)) dt] + 0(%) + O(R?")
(4.12) — ("2/"i)’”3—i(t;j()t(iii — g5-)(t;)) o)+ O(Z\;h)

uniformly in j=1,...,n;,i =1, 2. Here the function R is defined by

p(x) — (1/h) [ K((x — £)/h)p(t) dt
p?(x)
where the estimate on the right-hand side follows from the differentiability of

the design densities and the moment assumptions on the kernel.
Now the evaluation of the first term in (4.10) gives, for g; # g5,

12 nH . /1((1/)\1)r2)2(x)r1(x)

(4.13) R(x) = = O(h"),

(81— 82)*(x)dx

—ZZA

1
N5io 0 p%(x)

o [ O ()

1 r r
+2K1/ (1/)\1)sz((;)) 1(x)

(5 /55 )@@ -@roo

(00— p@) + (g5 7 )0 (82572 ) O] )

(81— 82)(x)

2
w2 [ 2 (L)) rilods
+2Kz/ Lry(x)ri(x)

p2(x) (82— 81)(x)
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(55 (50 [@rom =@
()00~ p0) + (22572 )0 (2772 ) O] e )
1
+26 [ T 126 )0 o)+ O+ 0 377 )
L(A/A)rg(x)ry(x)

p(x)

1 ro(x)r
+2K1f0 (1/)\1)p22((;)) l(x)(g1—g2)(x)

(4.14) = K, /0 (81— 82)%(x)dx

<(3 /5 (5) @@
T (=) (p(6)—plx)) + (gz%lrz)(x)
- (gz%l’”fz)(t)—(g1’”1)(x)+(g17°1)(t)
~ @0 -p() - (272 )00+ (a5 )0 )

+2K1-/01R(JC)(g1 _g2)2(x)r1(x))\i1r2(x)dx+ O(th)+ O(i)

Nh
[ @A)
o p(x)

(81— 82)*(x)dx

+2, [ RIS gy

(5K (5 )= ) o)~ pi)) e )

1

+2k /IR(x)( —g5)%(x)r (x)ir (x)dx+0(h2r)+0<—>
1) 81— 82 1 A 2 N

1 .
= KI/O (1/)\1);5:;) l(x)(gl—g2)2(x)dx+0(h2’)+o<%>
1

_ 2 2r =
= M%+0(h )+0<Nh),

where we used the definition of 1/A; = ky/k; in the first equality and the
definition of R(x) in (4.13) and the definition of M?2 in (4.8) for the last step.
Under the assumption of equal regression curves g; = g9, (4.11) simplifies
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and we obtain, observing (2.7) and (4.4),

+
( [0+ ax)(p(0) - o) | e

)) rl(x)dx+K1/01|:ﬁ+R(x)i|2

(5 (5) (@@ @

(4.15) +g1(x)(p(t)—p(x))}dt—i-O(]\/]v'h))z/\llrQ(x)dx-i-O(%)

re <x>+R(x)]2

<o 17, 210 ~ (210 51+ o)+ O Nlh>}2dx
+o(%)
= hzrkfxlfol ﬁ [glp(’) - (glp)(’)T(x)dx+o(h2’)+ O(%)

2r 2r i)
x h*"C+o(h )+O<N .

For the second term in (4.10), we obtain by a straightforward but cumbersome
calculation

n; 2 m

== Z > E[(‘Ti(tij)% Do wa, ljo-l(tlk)slk) ]

Ll]l I=1k=1

12”1 2 n;

=37 Z Z z(tL]) AT Z Z 2(tlJ)wLJ ij

ll]l 11]1

n 2 n

LTSS

i=1 j=11=1k=1

2 1 9 2
=i=21;<i/0 o (t)ri(t)dt+i§m
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(k;/K1)ri(2)
—(lt) dt

+%//Kz<t;x)Uiz(x)(’;i(/tf;l)ri(x) dtdx]

1 r 1
+0( ) +0(57) + O vy
. /1 a2(H)r,(t) dt + Ky /1 o2(t)ry(t) dt + i[/ K%(u)du — 2K(0)]

AN [ AR 1
A e [ G e o)

and the assertions (4.6) and (4.7) follow from (4.10), (4.14), (4.15) and (4.16).
O

(4.16) x [-21{(0) /0 ' o2(t)

4.2. Proof of Theorem 2.1: the null hypothesis of equal regression functions.
In a first step we introduce the notation [observing (4.1)]

n;
(417) 61] = gl(tl]) — Z wF]Lk)gl(tlk)’ _] = ]_, ceey gy l = 1, 2,
k=1

and decompose the centered version of 7'y as

(4.18) Ty — E[Ty]= 62— %&f . %&2 —E[Ty]=Ryy+ Ry n
where
2 2 n; 2 n
Ry n= N > Aij(”i(tij)eij -2 wy, ija'l(tlk)glk)
i=1 j=1 =1 k=1
(4.19) i i i
-~ Z > 5u( oi(tie; — D w(jk)(Ti(tik)sik)
i=1j=1 k=1
m(l) | m(2)
=Ty +Ty,
2 n; 2 mn 2
Ry n = Z ( oi(tij)e; — Y > wp, ij‘Tz(tZk)Szk)
i=1j=1 I=1k=1
2 n; 2 n 9
N Z Z |:<O'i(tij)8ij -2 wlk,ijo'l(tlk)slk) ]
im1j=1 =1 k=1
1 2 n; n; (;) 9
(4.20) N ) <Ui(tij)8ij - wy Ui(tik)gik)
i=1 j=1 k=1
1 2 M n ; 2 T .
N > E|:<U'i(tij)8ij -2 w(jk)ffi(tik)sik) }= > TY.
i—1j=1 k=1 j=3
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Here the random variables T(J ) are defined by

s 1 i
(4.21) TY =5 Layey.  i=12
j=1
~(O: 1 %
(4.22) 7o = ¥ L kel =D, i=12,
j=1
(4.23) Ty = Z 2 rPeieq, s=1,2,
=1
Y 1 ny ng
(4.24) TV = 5 2 fyens;
i=1 j=1

and the coefficients «;; are given by

@;; = 2( Z Z Apwij o+ Z 5lkwlk )Ui(tij),

(4.25) I=1k=1

j=1...,n; 1=1,2,

where A;; and §;; are defined in (4.9) and (4.17), respectively. The coefficients

k t;; in the representation of R, , are defined as follows:

(s)
i Uit s

2 mn

(4.26) ku=(2w“> 2wy i+ Y Wy~ z<w“’ P)oty),  i=12,
[=1k=1

S CU R TONES wp ol IS ot 20 ) LA Y

Jj=1k=1
s=1,2,
B 2 n
(4.28) ;= <_2w1i,2j — 2wy 1 +2) D Wy W, 2j) a1 (t1;)o9(ts;)-
=1 k=1

The next lemmas specify the asymptotic behavior of the terms T(]) on the
right-hand side of (4.19) and (4.20). Note that all terms in these representa-

tions are centered, that is, E[fl(\f)] =0,j=1,...,7

LEMMA 4.1. Ifthe assumptions of Theorem 2.1 are satisfied, we have, under
the hypothesis of equal regression curves,

7)) H 1 .
R
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and, under the alternative,

7)) 2y 4 (k) (1 o2 ri()r3(t) d
var(T) 2 0 [ e = e (i R e
+0<%>, 1=1,2.

PROOF. We only prove the assertion for the statistic f;;); the remaining
case follows by exactly the same arguments. From (4.21) it follows that

(4.29) Var(T( )) = N2 Z o,

i=1

where, by (4.25) and (4.12),

o (A/A)ra(ty;)
v 2{ P(tu)

(kg/k)r3o(tw) , wftn—ti) 1
(4.30) nlhliikz1 (i) — (81— &2)(tw) <—h >—P(tzk)}

x o1(ty;) + O(h") + O(]\ih)

_ 2(1/Ary(t1) o (81)
p(t1;)

uniformly with respect to i = 1, ..., ny. The last equality in (4.30) uses the
fact that the integral approximations of the two sums have the same absolute
value with opposite signs. Now (4.29) implies, under the hypothesis of equal
regression curves,

(81— 82)(t1;)

(22~ 22)(1) + O + 0 77 ).

~1 1
Var(TI(V)) = O<N2h>’

and an application of Chebyshev’s inequality proves the first part of the lemma.
For the second part we obtain, from (4.29) and (4.30),

2
var(TY)) = g 3o (AAZBIN) (4, — g1y )

oo ol )

= 21 [ (&1~ &0

(O AD)r)A(0) 1
P2(0) d”"(N)’

which completes the proof, by the definition of p and A;. O
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LEMMA 4.2. Under the assumptions of Theorem 2.1, we have

() 1 :
=0 yuz)  I=nt

PROOF. Note that E[T Y] = 0 for j = 3, 4. Recalling the definition of the
coefficients k4; in (4.26), we obtain

i _{21{(0) 1 2K(0) 1
. nihy r(ty) nih p(ty;)

1 s—t1;\ 1 1 t—ty; 1
P
n1h2/ h ) p(s) s nlh%f hy ) ri(?)

x a2(ty;) + 0( jh) O(%)

uniformly in i = 1, ..., ny. This implies, for the variance of T (3),

(4.31) +

7 (3) 1 & 2 2 1
var(Ty') = N2 > kivar(ey;)) =o TR
i=1

and proves Lemma 4.2 for the case j = 3. The remaining case is obtained by
exactly the same arguments and is therefore omitted. O

LEMMA 4.3. Under the assumptions of Theorem 2.1, we have

(T2
wor y )[ 128))} ax

/(21{ K K (u)du + o<

var(T(4+l))

R

PROOF. We only sketch a proof of the first part i = 1 of the assertion; the
remaining case i = 2 follows by exactly the same arguments. Recalling the

definition of the weights rﬁ?) in (4.27), we obtain by straightforward algebra

D _ {2K<t1i ; tu) rl(:th.) _ K<t1i ; tu)%
(5% (5w
( ) (t—htu) rin dt} crl(tl;);z(tu) +O< % )

i
Wl x
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uniformly for i,/ =1, ..., nq, and straightforward but tedious algebra shows

7(5) 1 1) (1)
var(T) = 1 33 [y DY)
=1

N3 ZZ(r(l’)Z+o<N12h)

i=1l=1
Nzh{él/Kz(u)du/ Ul(x)[l—’;((;))} dx

+f(K*K)2(u)du/01 a;*(x)[1— ’;l((;))rdx

—4/(K*K)(u)K(u)du

[t 1<(x))] }+°(N12h)

Nth oi(x )[ rl(x)} f(zx K+ K) (u)du+o(N1h). O

LEMMA 4.4. Under the assumptions of Theorem 2.1, we have

IONEE 2
var(T') = N2h /(21{ K % K)*(u)du
ri(x)(1/A)ry(x) o2 1
x fo e @3 (x)dx + o 5737
PROOF. A straightforward calculation shows, for the coefficients ;; in
(4.28),
- 2 tli - tz : 1 1 2
) i )
/ { nih h p(t;)  p(ty;) nqh?
(4.32)
S — tli S — tZ ] ].
X/K( h )K( h J)p( )ds}o-l(tll)O-Z(t2])+O(N>
uniformly for i = 1,...,n;, j = 1,..., ny, which implies, for the variance of
Ty,
~ (7 1 M2
Var(TA(, )) =Nz > Z
i=1j=1

— NZh/rl(x)(12/();Cl))r2(x) 2( )0,22(x)dx
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x {16/K2(u)du—16/(K*K)(u)K(u)du+4/(K*K)2(u)du}

1
+o Nzh

_ %/(2K—K*K)Z(u)du/01 ri(x)(1/A)ry(x)

p2(x)

xcrl(x)a'2(x)dx+o( O

1
N2h
LEMMA 4.5. Under the assumptions of Theorem 2.1, we have, for the covari-
ances of the statistics defined in (4.21)~(4.24),

cov(TY . TY) =0 if{i, j} # {1.3}.{2,4}.

Under the hypothesis of equal regression functions,

7O HG) 1 NORO)
cov(Ty’, Ty =O<N2h>’ cov(Ty’, Ty :O<N2h)’
while, under the alternative g, # g,
AL HG) 1 @) A4 1
cov(Ty’, Ty (N)’ cov(Ty’, TN') = 0<N>.

PrOOF. The first part of Lemma 4.5 is obvious. From (4.21) and (4.22) we
obtain

cov(Ty, T) = szahkhE[ehl

where «;;, ky; are defined in (4.25) and (4.26), respectively. Now (4.30) gives

r 1 :
aqy; = [O(h’ )+0(m>: 1fg1=g2>
0O(1), if g1 # 8,
uniformly for i =1, ..., n;. Similarly, we have, from (4.31),
1
ky; =0
(%)
uniformly for i =1, ..., n;, which implies

)~ 1
cov(T( ) Tz(v)) = o(m>

under the null-hypothesis and
7 7EG) 1
v(Ty', Ty') =
cov( N) o< N)
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under the alternative g; # g5. This proves the second part of the assertion for

the statistics T\](\P and T\](\?) The remaining case follows by exactly the same
arguments and is therefore omitted. O

PROOF OF THEOREM 2.1(i). Observing Lemma 4.0 and (2.7), we obtain

Nﬁ(TN— Bh — %D) - Nﬁ(TN . E[TN]) +o(1)

= NVA(TY + T3 +Ty) +0,(1)

=Y | ZX VR sey

s=1|i=1i=1
I

2 nS nS

ny ng

+2> ﬁfij81i82j+0p(1)a

i=1j=1

where the second equality follows from (4.18), (4.19), (4.20) and Lemmas 4.1—
4.5 and the constants B and D are defined in (2.10) for £ = 2. Defining
(s) (s)
(s)._ Ty + 7y
ri? .Z%, S=1,2,
the right-hand side of this equation can be written as a symmetric quadratic
form with vanishing diagonal elements, that is,

Wy=NVA(TY +TO+T)) = XTAX,

where X = (Xl’ ey XN)T = (8(1), 8(2>)T, 8(i) .: (sil’ ey Sini)7 1 = 1, 2, the

matrix A = (a;;); j-1,. .y is givenbya; =0, i=1,..., N,

.....

VR, i, j=1,....n0,i%#J,
i
ﬁ%7 i:]-;---,n]_,j:n1+1,...,n1+n2,
(433) aij = f .’
ﬁ%7 i=n1+1,---,n1+n2,j=1,...,n1,
(2 .. . .
\/ﬁrgf)nl,jfnl’ Lj=nyi+1,....,n1+ny 1 # ],

and rﬁj), t_ij are defined in (4.27) and (4.28), respectively.

To show asymptotic normality of the statistic Wy under the hypothesis
of equal regression curves, we apply Theorem 5.2 in de Jong (1987). For the
asymptotic variance of W 5, we obtain, from Lemmas 4.3-4.5 and the definition
of p in (4.4),

4.34)  o% = var(Nﬁ(ﬂé’) +7E 4 ?}\?)) — B2 4 o(1) = O(1),
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where 2 = B3 ; is defined in (2.11) for k = 2. Observing (4.32), we have
Az 1[4 2<t1i—t>< L ) 2L
Ry &= - h/K ) G ) RO b
4 s—ty; s—t) 1 21
+ﬁ/(/K< = )K( - )p(s) ds) /\—lrz(t)og(t)dt
ty; §— 1y s—t\1
o [ R R(S5 )R (55 ) oratoso

(o * 50 2ottt +o( ) = o)

and a similar argument implies

h Z( A2 <%)

From these estimates it follows that

(4.35) Z%_hz(“’)%r Zfz (;) i=1,...,n,

and an analogous argument shows that (4.35) is also valid for i = n;+1, ..., N.
Therefore conditions 1 and 2 in de Jong’s (1987) theorem are satisfied with
K =log N. To establish the remaining condition 3 in the latter theorem, we
note that by Gerschgorin’s theorem the eigenvalues uq, ..., uy of the matrix
A can be estimated as

max |u;| < maxz | < fz 7]+ S Z 2
= 0(Vh),

where we used the definition of fg?) and (4.27) and (4.32) in the last estimate.
Similarly, we obtain

méx ;| = O(VR),

which implies max)Y ; u?/0% = o(1). The assertion of Theorem 2.1(i) now fol-
lows from de Jong’s (1987) theorem and (4.34), that is,

o Wy -2 (0, 1).
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4.3. Proof of Theorem 2.1: fixed alternatives. If g; # g, we have, from
Lemmas 4.0-4.4,

VN(Ty — M?) =V N(Ty — E[Ty]) + o(1)
(4.36) —VNTY+T)+0,(1)

1 2N
= \/_N izleglaist +0,(1) =Wy +0,(1),

where the last equality defines W . The assertion now follows from the stan-
dard central limit theorem using Liapounov’s condition. To this end, we note
that under a fixed alternative

0% = var(Wy) = ¥ + o(1),

where we used Lemmas 4.1 and 4.5 and y? = yg,l is defined in (2.13) for £ = 2.
For the coefficients «;; in (4.36), we have, from (4.30) for the case i = 1 and a
similar argument in the case i = 2,

o 16((kg/K;))rs )*(¢
ol =
Y p*(¢;;)

which implies Liapounov’s condition, that is,

")a?<tij)(g1 — @)t +ol), i=12

1 2 s
_— E| Y
R o N
1 ro )4 (t)r
< ]\1]3”}1 (/0 ((l/Al)pf()t)(t) l(t)(ff(t)(gl—gﬁ‘l(t)dt
On
14 r
+ [ OBV ot 1)y~ ) (00t ) + 0(1) = o(1),

and completes the proof of Theorem 2.1(Gi). O

4.4. Some comments on the consistency of the wild bootstrap. In this sec-
tion we briefly indicate the consistency of the wild bootstrap procedure used in
the simulation study of Section 3. For the sake of brevity, we restrict ourselves
to the statistic Tgé) based on a difference of variance estimators for £ = 2 sam-
ples. Corresponding results for T%), T§3) and % > 3 regression functions can
be proved following a similar pattern. Recall that we again omit all indices
referring to the number of samples and to the specific statistics in our notation

(e.g., we use B instead of Bgel), T y instead of T(l), ete.).

To be precise, let (-, k), &;(-, h) denote the estimates of the regression func-
tions from the joint and individual samples defined in (2.4) and (2.6), respec-
tively, where the dependency on the bandwidth 4 > 0 is now stated explicitly.
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The residuals for the bootstrap sample are given by (see the discussion in
Section 3)

(437) él] = YlJ — g(tlJ’ b), J = ]., R (5 1= 1, 2,

&;; = Vi;&;;, where b is a bandwidth not necessarily equal to the bandwidth
h used in the statistic T'y of Section 3.1 and the V7; are i.i.d. with E*[V};] =

0, E*[(ij)z] = 1. Throughout this section E* denotes the conditional expec-
tation given the total sample {Y;; | j =1,...,n;, i = 1,2} and all quantities
formed from the bootstrap sample

(4.38) Y=gt b) e,  j=1,...,n,i=12,

will be denoted with an extra * (e.g., T}, &%, etc.). Under the additional
assumption

(4.39) R = o(b77),

we sketch a proof of

D
(4.40) d, [N«/ﬁ(T}‘V _ B - ﬁ) (0, 32)} Lo,
where B, D and B2 = 33’1 are defined in Theorem 2.1 and d,[-, -] denotes
the Mallows distance [see Mallows (1972)]. Applying Lemma 8.8 of Bickel and
Freedman (1981), it follows that (4.40) can be established by showing

(4.41) do[ NVA(Ty — EX(Ty)), (0, )] 2> 0,
(4.42) NVh|EX(Ty)— Bh* — & Lo,
(4.43) g2 L g2,

where

(4.44) B2 = var*(NVhTY)

is the conditional variance of NvAT%,.

PROOF OF (4.41). This follows along the lines of the proof of Theorem 2.1
in Sections 4.1-4.2 and is therefore omitted.

PROOF OF (4.43). Let T%j ) denote the bootstrap versions of the statistics
7 introduced in (4.21)—(4.24) such that

7 .
(4.45) Ty — B (Ty) = Y. T
j=1
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[compare with (4.18),(4.19) and (4.20)]. Conditionally on {Y;; | j =1,...,n,,
i = 1,2}, it follows by straightforward algebra
*(1 1 .
var*(TA(,))zop<—>, 1=1,2,3,4,

N2?h
(4.46)

o (i) () 1 o
cov'(T y ,TNJ)=OP<N2h), i #
(just repeat the steps in the proofs of Lemmas 4.1, 4.2 and 4.5). Moreover,

(1) 2 1) (1)
* #(5) ) +rtl T'li x2 a2 1
var (1) = 3 £ I 22 0 1)
il of(ty)ot(ty,) N
(1)

where r;;” is defined in (4.27) and its asymptotic expansion is derived in the
proof of Lemma 4.3. It now follows by a straightforward calculation that the
expectation of the left hand-side is given by

NZh/ oi(x )[ 1((x))] /(21{ K*K)2(u)du+o(N12h>

and a tedious calculation for the variance establishes

* *(5 5 1
var (TZ\(, )) — var(Tgv)) = OP<N2h>'

Similar arguments for T*(G) T*m and (4.45), (4.46) establish the assertion
(4.43), that is,

7 . .
B — B% = N2h Y {Var'(Ty") — Var(T{)} +0,(1) = 0,(1).
j=5

PROOF OF (4.42). Recall the definition of the weights wU s L=1,2, wy,
in (4.1) and (4.2), respectively. To reflect the particular dependency on the

bandwidth, we denote these quantities wEJl)(h), wy ;i(h) and so on. A straight-
forward calculation shows that, for i =1, 2,

. . 1 ni R n'
E[O-iZ]:;ZSij Z
i j=1

lJ]_

(4.47)
L8] 5,0 W) 2
N E TGRS CHOY R
i j=1
and
1 2 & [~
A %2 - A2
] NL 1]21{ }
(4.48)
123 2 & A2
+N Z ' {_2wij,ij(h)+2 > wij,lk(h)}gij'
=1 j=1 =1 k=1
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Here §;; ;j and A ;j denote the analogues of the quantities §;; and A;; defined in
(4.9) and (4.17), respectively, where the regression functlons g(t) and g;(¢)
have been replaced by the estimate from the combined sample g(¢,6). Com-
bining (4.47) and (4.48) yields

E[T] = 6] - R B[] - 22 E[03]
(4.49)

12k L ky
=y L L @;-8 SRS 3p S I
i=1j=1

2 lJ
i=1 j= 10 (tL])

where k;; is defined in (4. 26) Observing that under the null hypothesis of
equal curves g =81 = 82, & = 0,(t;;)e;; + g(t;;) — &(2;;, b), we obtain, for the
second term in (4.49),

n;

1 1
22 kb w2+ on(77)

i=1j=1
i i E[ LD + 1
& T N T O\ N

=%(N—¢z)’

where the first equality follows from the uniform consistency of the estimate
(-, b) [see, e.g., Mack and Silverman (1982)], the second equality follows from
(4.31) in the proof of Lemma 4.2 and the third equality is obtained by a similar
argument as given in the proof of Lemma 4.0 observing the definition of %;;,
(4.31) and E[e ij] = 1. For the first term in (4.49) it can be proved by similar
arguments

LYy hg . Lp

i=1 j= 10-2(tlj) U Nh

Zl*-*

(4.50)

Zl*-‘

1 2 A2 Q2 2r 1
e w5 2@ -85 =0 (57)

and a combination of (4.49), (4.50) and (4.51) yields (4.42), which completes
the proof of assertion (4.40). O
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