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SUMMARY

In this paper we consider regression models with centred errors, independent of the covariates.
Given independent and identically distributed data and given an estimator of the regression
function, which can be parametric or nonparametric in nature, we estimate the distribution of the
error term by the empirical distribution of estimated residuals. To approximate the distribution of
this estimator, Koul & Lahiri (1994) and Neumeyer (2009) proposed bootstrap procedures based
on smoothing the residuals before drawing bootstrap samples. So far it has been an open question
as to whether a classical nonsmooth residual bootstrap is asymptotically valid in this context.
Here we solve this open problem and show that the nonsmooth residual bootstrap is consistent.
We illustrate the theoretical result by means of simulations, which demonstrate the accuracy of
this bootstrap procedure for various models, testing procedures and sample sizes.

Some key words: Bootstrap; Empirical distribution function; Kernel smoothing; Linear regression; Location model;
Nonparametric regression.

1. INTRODUCTION

Consider the model
Y=mX) +e, (1)

where the response Y is univariate, the covariate X is of dimension p > 1, and the error term
¢ 1s independent of X. The regression function m(-) can be parametric, for instance linear, or
nonparametric in nature, and the distribution F of ¢ is completely unknown, except that E(g) = 0.
The estimation of the distribution F has been the subject of many papers, starting with the seminal
work of Durbin (1973), Loynes (1980) and Koul (1987) in the case where m(-) is parametric; the
nonparametric case has been studied by Van Keilegom & Akritas (1999), Akritas & Van Keilegom
(2001) and Miiller et al. (2004), among others.

The estimator of the error distribution has been shown to be very useful for testing hypotheses
regarding several features of model (1), such as testing for the form of the regression function

(©2019 Biometrika Trust

6102 Jequisjdes /0 UO Josn B08j0lqig - OJUIL Ip BYSIOAIUN AQ | LELEYS/SEE/Z/901/A0BISAE-OIOIIE/JOLIOIG/ W00 dNO"OILISPEDE//:SA]IY WO} PAPEOjUMOQ
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m(-) (Van Keilegom et al., 2008), comparing regression curves (Pardo-Fernandez et al., 2007),
testing independence between ¢ and X (Einmahl & Van Keilegom, 2008; Racine & Van Keile-
gom, 2019), or testing for a symmetric error distribution (Koul, 2002; Neumeyer & Dette, 2007).
The idea in each of these papers is to compare an estimator of the error distribution obtained
under the null hypothesis with an estimator that is not based on the null. Since the asymptotic
distribution of the estimator of " has a complicated covariance structure, bootstrap procedures
have been proposed to approximate the distribution of the estimator and the critical values of
the tests.

Koul & Lahiri (1994) proposed a residual bootstrap for linear regression models, where the
bootstrap residuals are drawn from a smoothed empirical distribution of the residuals. Neumeyer
(2009) considered a similar bootstrap procedure for nonparametric regression models. The reason
why a smooth bootstrap was proposed is that the methods of proof in both papers require a smooth
distribution of the bootstrap error. Smooth residual bootstrap procedures have been applied by De
Angelis et al. (1993), Mora (2005), Pardo-Fernandez et al. (2007), Huskova & Meintanis (2009),
and others. An alternative bootstrap procedure for nonparametric regression was considered
by Neumeyer (2008), where bootstrap residuals were drawn from the nonsmoothed empirical
distribution of the residuals, after which smoothing is applied to the empirical distribution of the
bootstrap residuals. Further, in the context of residual-based procedures, it has been shown that
the wild bootstrap can be used for specific testing problems such as testing for a symmetric error
distribution (Neumeyer et al., 2005; Neumeyer & Dette, 2007), whereas it is not valid in general,
as shown in the 2006 Ruhr-Universitdt Bochum habilitation thesis by N. Neumeyer. It has been
an open question as to whether a classical nonsmooth residual bootstrap is asymptotically valid
in this context. In the present paper we solve this open problem and show that the nonsmooth
residual bootstrap is consistent when applied to residual processes. We will do this for the cases of
univariate nonparametric regression with random design and of multivariate linear regression with
fixed design. Other models, such as nonparametric regression with fixed design, and nonlinear or
semiparametric regression, can be treated similarly. The question of whether smooth bootstrap
procedures should be preferred over nonsmooth bootstrap procedures has been discussed in
various contexts; see Silverman & Young (1987) and Hall et al. (1989).

The finite-sample performance of the smooth and nonsmooth residual bootstraps for residual
processes has been studied by Neumeyer (2009) who showed that for small sample sizes, using
the classical residual bootstrap version of the residual empirical process in the nonparametric
regression context yields quantiles that are too small. However, as we will show here, this problem
diminishes for larger sample sizes and it is not very relevant when applied to testing problems.

In this paper we consider bootstrap procedures that can be used to obtain confidence bands
for the error distribution or bootstrap versions of hypothesis tests based on residual empirical
processes. These have to be distinguished from bootstrap procedures in regression models for
other purposes. First, bootstrap procedures for linear models have been considered by Efron
(1979), Freedman (1981) and Wu (1986), among others, and can be used for hypothesis testing
or derivation of confidence sets for the regression parameter; see also Davison & Hinkley (1997)
and the references therein. Second, there is a vast literature on bootstrap confidence sets for the
regression function in nonparametric models; see Hirdle & Bowman (1988), Hardle & Marron
(1991), Neumann & Polzehl (1998) and Claeskens & Van Keilegom (2003). Third, several authors
have considered bootstrap procedures applied to hypothesis testing with test statistics that depend
directly on the regression estimator. Among others, Hiardle & Mammen (1993), Stute et al. (1998)
and Delgado & Gonzalez Manteiga (2001) proved validity of bootstrap procedures in the context
of specific test statistics for nonparametric regression models that do not depend on residual
empirical processes.
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2. NONPARAMETRIC REGRESSION

We start with the case of nonparametric regression with random design. The covariate is
assumed to be one-dimensional. To estimate the regression function, we use a kernel estimator
based on Nadaraya—Watson weights:

R . O
) = ; >t fn(x — Xp) i

where k is a kernel density function, k() = k(-/h)/h, and h = h, is a positive bandwidth
sequence that converges to zero as x tends to infinity. Our main result is valid under the following
regularity assumptions.

Assumption 1. Theunivariate covariates X1, . . ., X, are independent and identically distributed
on a compact support, say [0, 1]. They have a twice continuously differentiable density fy that
is bounded away from zero. The regression function m is twice continuously differentiable in

0, 1).

Assumption 2. The errors €1,...,¢&, are independent and identically distributed with dis-
tribution function F. They are centred and are independent of the covariates, and F' is twice
continuously differentiable with strictly positive density f* such that sup,cgf(y) < oo and
SUPyeR If’ ()| < oo. Further, E(|&1]V) < oo for some v > 7.

Assumption 3. The function £ is a twice continuously differentiable symmetric density with
compact support [—1, 1], say, such that fuk(u) du = 0 and k(—1) = k(1) = 0. The first
derivative of k is of bounded variation.

Assumption 4. The sequence {/,} consists of positive bandwidths such that /4, ~ c,n~1/3+7
with 4/(3 + 9v) < n < 1/12, where ¢, is only of logarithmic rate and v is as defined in
Assumption 2.

Under the above assumptions one has that, in particular, nhi = o(1), and it is possible to find
some § € (0,1/2) such that

3426
nh;,

—r— — o0. (2)
log(h 1)

Let residuals be defined as &; = Y; —m(X;) (i = 1,...,n). Theorem 1 in Akritas & Van Keilegom
(2001) shows that the residual process n~!/? YL E <y)—F@)},y € R, converges weakly
to a zero-mean Gaussian process W (y) with covariance function given by

cov [ ), W ()} = E[{1(e <y0) +f e} {1 <) +7 (e} ], 3)

where ¢ has distribution function F and density .

Neumeyer (2009) studied a smooth bootstrap procedure for approximating the distribution
of this residual process, and showed that using the smooth bootstrap, the limiting distribution
of the bootstrapped residual process, conditional on the data, equals the process W (y) defined
above in probability. We will study an alternative bootstrap procedure that has the advantage of
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not requiring smoothing of the residual distribution. Fori = 1,...,nlet & = &; — n1 7:1

and let

Sj,

Foa) =n"'Y I1GE <)

i=1

be the nonsmoothed empirical distribution of the centred residuals. Then we randomly draw boot-

strap errors &5 1, . . . , &, With replacement froml:“o,,,. Let Y = m(X))+e;; (i =1,...,n),andlet
g () be the same as 712(-) except that we use the bootstrap data (X1, Y["), .. ., (X,, ¥,’). Now define
86 =Y — iy (Xy) = ef; + m(Xp) — g (X;). 4)

We are interested in the asymptotic behaviour of the process n'/? (I:“ on — F 0,n) With

n
00 =n""Y 1G5, <),

i=1

and we will show below that it converges to the same limiting Gaussian process as the original
residual process n~1/2 Z?:l{l (& < y) — F@®)},y € R, which means that smoothing of the
residuals is not necessary for obtaining a consistent bootstrap procedure.

To prove this result, we will use the results in Neumeyer (2009) to show that the difference
between the smooth and nonsmooth bootstrap residual processes is asymptotically negligible.
To this end, we can write sa‘,i = ﬁ&,}(Ui) (i =1,...,n), where Uy,..., U, are independent
random variables from a Un[0, 1] distribution. Strictly speaking, the U; form a triangular array
Uln, ..., Uy, of Un[0, 1] variables, but since we are only interested in convergence in distribution
of the bootstrap residual process, as opposed to convergence in probability or almost surely, we
can work with Uy, ..., U, without loss of generality.

We introduce the following notation: let 8;1- =F y nl (U;), where Ia (V) = f F 0n(y—vsy) dL(v)

is the convolution of the distribution £’ 0.1(y — -sp) and the integrated kernel L(-) = [~ oo t(w) du,
with £ being a kernel density function and s, a sequence of positive bandwidths controlling the
smoothness of £’ s.» such that s, — 0 for n — oo. Then, similarly to the definition of éf)k,i in (4),
we define

é;k,o,i = 8;';- + m(X;) — my(X;). 5)

We then decompose the bootstrap residual process as follows:

n
n'{ES,0) = Fou)} =2 1@, <) — 1y, <))

i=1
+n1/2 Z {1(5:,0,5 <y - ﬁsn()’)}
i=1
+ nl/z{ﬁs,n()’) - FO,n(V)}
= nl(y)+Tn2(y)+Tn3(y)- (6)
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In the Supplementary Material we show that under Assumptions 1-4 above and conditions S1
and S2 in the Supplementary Material, concerning the choice of £ and s, in the proof, the terms
T,1 and T,3 are asymptotically negligible. For the proof of negligibility of 7,1, two features of
our construction are of utmost importance. On the one hand, in (5) the same function 72 needs to
be used as in (4), in contrast to (8) below. On the other hand, the same uniform random variables
U; need to be used to generate the bootstrap errors 86‘11- and ¢7; (i = 1,...,n). In this way the
difference between the empirical distribution functions of 56",1, . ég"n and é:,o,p . é;k,o,n can
be bounded by the difference E,(f1) — E,(f2), where E, is an asymptotically equicontinuous
empirical process indexed in a function class. Negligibility of 7, then follows because the
distance between the indices f] and f, can be bounded by the difference between F s.n and F 0,15
which is shown to be o r(n_l/ 2). From the latter fact negligibility of 7,3 also follows. Further, in
the Supplementary Material we show that the process 75, is asymptotlcally equivalent, in terms
of weak convergence, to the smooth bootstrap residual process n!/ 2( — F, ) with

n(y)_n IZI(SSI\ (7)

i=1

where, in contrast to (5),

B2y = el + X)) — i (X0, ®

8,0

with m} defined as m but based on smoothed bootstrap data (X;, m(X;) + 5;"1-) i=1,...,n).
Neumeyer (2009) showed weak convergence of the residual process based on the smooth residual
bootstrap, n'/? (F x = S,n), to the Gaussian process defined in (3). Thus, the main idea in proving
the lemma in the Supplementary Material is to show that the estimator 7z has similar asymptotic
properties to 71}, such that using the different estimator does not make a difference in the proofs
of fidi-convergence and tightness and in the calculation of the asymptotic covariance. The three
lemmas in the Supplementary Material lead to the following main result regarding the validity
of the nonsmooth bootstrap residual process.

THEOREM 1. Suppose that Assumptions 1-4 hold. Then, conditionally on the data
X1, 1), ..., (X, Yy), the process nl/z{F()kn(y) —Fo,(»)} vy € R, converges weakly in probability
to the zero-mean Gaussian process W (), y € R, defined in (3).

The proof'is given in the Supplementary Material.

Theorem 1 can be applied to obtain confidence bands for the error distribution. It can further be
used to approximate critical values for hypothesis tests in nonparametric regression models which
are based on residual empirical processes, such as tests for properties of the error distribution
(see, e.g., Neumeyer & Dette, 2007; Einmahl & Van Keilegom, 2008) or tests concerning the
regression function (see, e.g., Pardo-Fernandez et al., 2007; Van Keilegom et al., 2008). The
application of the bootstrap procedure needs to be modified in order to obtain data that satisfy
the null hypothesis; see § 4 for examples and also Neumeyer (2009, § 5).

Remark 1. If the aim is to obtain confidence sets for the regression function, one needs
different kinds of bootstrap results. To demonstrate that both the nonsmooth and the smooth
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residual bootstraps can be applied in this context as well, note that under Assumptions 1-4,
for fixed 0 < x < 1, (nhy) ' ?{m(x) — m(x)} converges in distribution to a centred normally
distributed random variable Z with variance E (8%) f k2(u) du /fx(x). No bias term appears
because under our assumptions nhz — (. Under the same assumptions one obtains, condi-
tionally on the data (X1, Y7),..., (X,, ¥,), weak convergence in probability of the nonsmooth
residual bootstrap version (nhy)1/? {mg(x) — m*(x)} to Z, if the centring term is chosen as
m*(x) = Y i kn(X; —x)m(X;)/ ZJ’?:l kp(X; — x). In the Supplementary Material we provide a
sketch of the proof to obtain the result under exactly our model and our assumptions, though sim-
ilar results are well known in the literature. Choosing this centring is analogous to the approach
of Hiardle & Bowman (1988), who obtained confidence bands for the regression function with a
residual bootstrap approach in the case of fixed design points and for the Priestley—Chao regres-
sion estimator. If one wants to replace the centring m*(x) by m(x), one should use a larger pilot
bandwidth for 7 when constructing the bootstrap observations. This was demonstrated by Hérdle
& Marron (1991) for a wild bootstrap for the Nadaraya—Watson estimator and random covari-
ates, and the same reasoning applies to the residual bootstrap. Cao-Abad & Gonzalez-Manteiga
(1993) obtained similar results for a bootstrap procedure with smoothing in the explanatory
variable. More recently, McMurry & Politis (2008) considered an alternative method of bias cor-
rection by using infinite-order kernels for the Gasser—Miiller estimator in the case of fixed design
points. Concerning the smooth residual bootstrap, one obtains conditional weak convergence of
(nhy)Y/ Z{ﬁaj (x) —m*(x)} to Z in probability, if s, — 0 and £ is a symmetric density with second
moments. See the Supplementary Material for a derivation of this result.

3. LINEAR MODEL

Consider independent observations from the linear model
Yl’ll':x:;iﬁ_'_g}’li (i:la"')n)a (9)

where B € R” denotes the unknown parameter and the errors &,; are assumed to be independent
and identically distributed with E(e,;) = 0 and distribution function F. Throughout this section
let X,, € R"*P denote the design matrix in the linear model, where the vector le. = (Xnils -+ - » Xnip)
corresponds to the ith row of the matrix X, and is not random. The design matrix is assumed to
be of rank p < n. We assume the following regularity conditions.

Assumption 5. The fixed design satisfies:

(1) max;—1,....n x;l/,-i(X,;an)_lxni = 0(}1_1),
(ii) lim,— 0 n 1XTX, = = € RP*? with invertible X;
(i) limysoon™ 'Y Xy =m € R2,

Assumption 6. The errors e,; (i = 1,...,n;n € N) are independent and identically distributed
with distribution function F' and density f that is strictly positive, bounded and continuously
differentiable with bounded derivative on R. Assume that £(|e11]|¥) < oo for some v > 3.

We consider the least squares estimator

Br = XIX)TIXTY, = B+ (X1X,) " X]e,, (10)
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with the notation ¥,, = (Y,1,...,Ym)" and &, = (€,1,...,&m) ", and define residuals &,;, =

i — x;l. Bn (i =1,...,n). Residual processes in linear models have been extensively studied in
Koul (2002). It is shown there that, under Assumptions 5 and 6, the process n~1/2 Z?:l {I(& <
v) — F()},y € R, converges weakly to a zero-mean Gaussian process W (y) with covariance
function

cov{ W (), W)} = F(i Aya) = FODF 52) +m' =" m £ ()f (o) vare)
(11
+/OVEU (e < e} +f ODEU (e < el ],

where ¢ has distribution function /' and density f, and m and X are as defined in Assumption 5.

For the bootstrap procedure we generate 86‘11- (i=1,...,n) from the distribution function
n
Foa)=n""Y IGEu <) (12)

i=1

with &,; = &,; — n~! Z]’?:l &y (i = 1,...,n). The centring of residuals is not necessary when
the covariate includes an intercept. In the bootstrap residuals we suppress the index »n to match
the notation in the nonparametric case. We now define bootstrap observations by

Y =xnbatel; (=1,...n
and calculate estimated residuals from the bootstrap sample,
8= Yo = 0B = €6, + % (Bn = B, (13)
where ,38‘,[ is the least squares estimator,

B(;n XX XY =B, + (XTX,)~ IXTeOn, (14)

with the notation Y," = (¥,...,Y;)" and &on = (€015 ,sak’n)T. We will show that the

bootstrap residual process nt/ 2{F()k 0 — Fop,, ()}, with

n
Fe,0) =1y 16 <), (15)

i=1

converges to the same limiting process W(y), y € R, as the original residual process
n~1/2 Yol {I(Eni < ) — F(»)}, y € R. Using the representations sai = F(Inl(U,-) and
8;11. = ﬁsfnl(U,-) (i=1,...,n), where Uy,..., U, are independent and Un[0, 1]-distributed and

F, (V) = [ F 0.n(y — vs,) dL(v) is the smoothed empirical distribution function of the residuals,
we have the same decomposition (6) as in the nonparametric case. In the Supplementary Material
we show that under Assumptions 5 and 6 and the conditions in the Supplementary Material on
the choice of s, and L, the terms 7}, and 7,3 are asymptotically negligible. The idea of the proof
i analogous to that in the nonparametrlc case. In particular, one needs to use the same estimator
ﬁo , in (13) and in the definition of € 500 = = &y, +xm(,8n /30 ) with smooth bootstrap errors &7,
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and one needs to use the same uniform random variables U; to define 5, and &7, (i = 1,...,n).
We further show in the Supplementary Material that the limiting distribution of

To@) =n" 1/22 13 <¥) — Foa)} (16)

i=1

is the same as the limiting distribution of n!/ 2{1:“ S*n y) — F 5.2 (1)}, with
Fr,0 =n" 121(“\ (17)

and 8%; = ¥, + x1,(By — B}.,), where B, = By + (X X,) "I XTe¥, and eF, = (e},...,€5,)".
To show thlS we apply results from Koul & Lahiri (1994) and demonstrate that the use of the
estimator ,30 in the definition of & 5.0.0° instead of ,BS , in the definition of & 8S ;» does not change
the asymptotlc distribution. In this way we obtain the validity of the classical residual bootstrap.

THEOREM 2. Assume that Assumptions 5 and 6 hold. Then, conditionally on the data
Yin, ..., Yun, the process nl/z{Fa"n(y) — Fo,(0)}, ¥y € R, converges weakly in probability to
the zero-mean Gaussian process W (), v € R, defined in (11).

The proof is given in the Supplementary Material.

The result can be used to obtain confidence bands for the error distribution or for hypothesis
testing with procedures based on the residual empirical process; see, for example, Koul (2002)
or Neumeyer et al. (2005).

Remark 2. The same bootstrap procedures can be applied to mimic the distribution of n'/? (Bn—
B), which converges to a p-dimensional centred normal random variable Z with covariance matrix
E(sf1 )X~ 1. Freedman (1981) showed that along almost all sequences Y1, . . ., Yyp, n'/? (,éa‘,n —ﬁn)
converges in distribution to Z. His result holds under our, stronger, Assumptions 5 and 6. Thus
the asymptotic distribution of n'/? (B, — B) is mimicked by the nonsmooth residual bootstrap.
Freedman (1981) further demonstrated that the residual bootstrap may fail if the residuals are
not centred; see (12). Concerning the smooth residual bootstrap, one obtains conditional weak
convergence of n'/? (,8 ,Bn) to Z, in probability, if s, — 0 and £ is a symmetric density with
second moments. We w1ll demonstrate this in the Supplementary Material.

4. SIMULATIONS

4.1. Confidence bands

We study the behaviour of the smooth and nonsmooth residual bootstraps for a range of models,
sample sizes and contexts. We start with an empirical study to assess the quality of bootstrap
confidence bands for the error distribution.

Consider model (1) in the nonparametric case and generate data with m(x) = 2x, where
X follows a uniform distribution on [0, 1] and ¢ ~ N(0,0.25%). To assess the quality of the
smooth and nonsmooth bootstrap approximations, we calculate confidence bands for the error
distribution F'(-) by means of the two bootstraps. The bands are defined as ﬁo,n(-) £ dyno

for the nonsmooth bootstrap, and 1:“0,,,(-) + dy s for the smooth bootstrap, where dy , 0 and
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Table 1. Coverage (%) and average width of confidence bands for F (-) for the smooth and
nonsmooth bootstraps in the nonparametric model, with 1 — a = 0.90,0.95 and 0.99

n Bootstrap Coverage Average width
90 95 99 90 95 99
50 Smooth 86.3 92.7 99.0 23.6 25.8 30.2
Nonsmooth 97.6 99.4 100 28.1 30.3 354
100 Smooth 86.6 92.7 98.9 17.0 18.5 21.6
Nonsmooth 96.4 98.8 998. 19.8 21.5 24.9
200 Smooth 86.9 93.1 98.2 12.2 13.3 15.4
Nonsmooth 95.8 97.8 99.8 13.9 15.1 17.4
500 Smooth 86.3 92.6 98.2 7.8 8.5 9.8
Nonsmooth 93.4 98.0 99.7 8.7 9.4 10.8
1000 Smooth 85.1 91.1 96.9 5.5 6.0 7.0
Nonsmooth 922 95.3 98.8 6.1 6.6 7.6

dy s are the level-(1 — o) quantiles of the distributions of max<;< |ﬁ’6“,n (éz)“’l.) — ﬁO,n (58‘,,-)| and
maxi<i<n |ﬁ;<,n (éj,i) — I:“s,n (é;k,i)l, respectively.

In order to verify whether the bootstrap approximation works well, we calculate the coverage
and the average width of the confidence bands for several values of the sample size » and the
confidence level 1 — «. The results, based on 1000 simulation runs, are shown in Table 1;
for each simulation 1000 bootstrap samples are generated. The bandwidth 4, is taken equal
to h, = 6xn~ 93, where 6y is the empirical standard deviation of Xi,...,X),, and the kernel
k 1is the Gaussian kernel. For the smooth bootstrap, bootstrap errors 8;(,1- are generated from

F sn(V) = f F 0.n(y —vs,) dL(v), where L is the standard normal distribution and s, is chosen by
means of the crossvalidation procedure proposed by Li et al. (2017). The latter paper studies the
estimation of distribution functions by applying kernel smoothing to the empirical distribution,
exactly in the same way as we do for obtaining our estimator E s.2(+). The bandwidth selector
is included in the R package np (R Development Core Team, 2019) and is obtained from the
function npudistbw. This bandwidth satisfies a regularity condition imposed on s,, given in
the Supplementary Material, thanks to Theorem 3.2 of Li et al. (2017).

The table shows that the smooth bootstrap leads to coverages that are too small, and the
coverage does not improve as n increases. On the other hand, the nonsmooth bootstrap leads to
too-large coverage probabilities for small values of 7, but the coverage is close to the nominal
level 1 —a when n equals 1000. So the smooth bootstrap is anticonservative while the nonsmooth
bootstrap tends to be conservative in this situation. A natural consequence of this tendency to
underestimate or overestimate the coverage probability is that the average width of the confidence
bands obtained with the smooth bootstrap is smaller than that for the nonsmooth bootstrap, and
the difference in width is of the order of 10-20%.

4.2. Testing for a symmetric error distribution

As already mentioned, the residual bootstrap is much used in hypothesis testing regarding
various aspects of model (1). As a first illustration we consider a test for the symmetry of the
error density in a linear regression model with fixed design. More precisely, consider the model
Y, = x;lﬂ + &,; where E(e,;) = 0, and suppose we are interested in testing the following
hypothesis regarding the distribution F' of &,;:

Hy:F(t)=1—F(—1t) forall f € R.

6102 Jequisjdes /0 UO Josn B08j0lqig - OJUIL Ip BYSIOAIUN AQ | LELEYS/SEE/Z/901/A0BISAE-OIOIIE/JOLIOIG/ W00 dNO"OILISPEDE//:SA]IY WO} PAPEOjUMOQ



394 N. NEUMEYER AND I. VAN KEILEGOM

When the design is fixed and the regression function is linear, Koul (2002) considered a test for
Hj based on the residual process

Fo() = Foop(y=n"" Y {1Gu <) = I(=w < )},
i=1

where F —0n(y) = n1 Y I(—&ni <y)and &y = Yy — x;'l.,BA,,. Natural test statistics are the
Kolmogorov—Smirnov and Cramer—von Mises statistics,

A A A A 2 A
Txs = 02 sup |Fon(y) — F_o, Tew =n / (Fon() — F_ou)) dFon().
y

It is clear from the covariance function given in (11) that their asymptotic distributions are not
easy to approximate and that the residual bootstrap offers a valid alternative. We will compare the
level and power of the two tests using the smooth and nonsmooth bootstraps. The bootstrapped
versions of Tcy are given by

TéM,O = I’l/ {ﬁg,n(y) - ﬁfo,n(y)}z dﬁg,n(y)a
Toa =1 [ (P2 = F2,00F 72,00

bootstrapped versions of Tks can be defined similarly. Here, for the nonsmooth bootstrap, boot-
strap errors 80 1o - 80n are drawn from {Fon() + F_on( )}/2, which is by construction a
symmetric dlStI‘lbuthIl and for the smooth bootstrap we smooth this distribution using a Gauss-
ian kernel and by choosing s, by means of crossvalidation as in the previous simulation study.
The estimators ﬁé“,n(-) and ﬁ;n(') are defined as in (15) and (17), and ﬁfo,n(') and f?fs’n(-) are
defined accordingly. Finally, we reject H if the observed value of Ty exceeds the level-(1 — «)
quantile of the distribution of 7¢y; o or Ty ..

Consider the model Y,; = 2x,; + €,i, Where x,,; = i/n. We consider two error distributions
under Hy. The first one is a normal distribution with mean zero and variance 0.252. Under the
alternative we consider the skew-normal distribution of Azzalini (1985), whose density is given
by 2¢(y)®(dy), where ¢ and ® are the standard normal density and distribution, respectively.
More precisely, we let d = 2 and d = 4 and standardize these skew-normal distributions so
that they have mean zero and variance 0.25%. When d = 0 we recover the normal distribution.
The second error distribution under Hj is a Student ¢ distribution with three degrees of freedom,
standardized in such a way that the variance equals 0.25%. The asymptotic theory does not cover
this case, but we would like to know how sensitive the bootstrap methods are to the existence of
moments of higher order. Under the alternative we consider a mixture of this Student 7 distribution
and a standard Gumbel distribution, again standardized to have mean zero and variance 0.252.
The mixture proportions p are 1, 0.75 and 0.50, where p = 1 corresponds to Hy.

The results, shown in Tables 2 and 3, are based on 2000 simulation runs, and for each simulated
sample a total of 2000 bootstrap samples are generated. The power is obtained after calibrating
the test in such a way that the size equals exactly 1 — «, in order to ease comparison between
the two bootstrap methods. The tables show that the Crdmer—von Mises test outperforms the
Kolmogorov—Smirnov test, and hence we focus on the former test. Table 2 shows that for the
normal error distribution, the size is about right for the smooth bootstrap and a little too low
for the nonsmooth bootstrap. After correcting the critical value of the tests so that the rejection
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Table 2. Rejection probabilities (%) of the test for symmetry in the linear model for several sample

sizes n and for o = 0.025, 0.05 and 0.1: under the null we have a normal distribution (d = 0),

whereas under the alternative we have a skew-normal distribution (d = 2 and d = 4); the

power is obtained after calibrating the test in such a way that the size equals «, in order to
ease comparison between the two bootstrap methods

n Test d=0 d=2 d=4
2.5 5.0 10.0 2.5 5.0 10.0 2.5 5.0 10.0
50 Ts. 2.5 53 9.8 6.1 9.5 18.1 16.5 22.3 36.7
T¥so 2.0 42 8.3 6.4 9.5 18.1 16.9 23.6 36.8
Tems 2.3 4.6 9.4 6.9 11.8 20.0 19.8 29.3 41.5
Tevo 2.2 3.9 8.5 6.8 12.2 20.0 19.9 29.6 41.3
100 Ts. 1.8 4.7 9.4 11.2 16.8 27.0 36.3 46.1 61.1
T¥so 1.5 3.9 8.1 11.6 18.2 27.3 38.0 48.0 61.3
Tens 1.9 4.1 8.7 13.3 21.7 31.2 433 56.5 67.3
Tevo 1.8 3.9 8.1 13.0 20.6 30.3 42.2 55.5 66.5
200 T, 2.4 5.1 10.3 21.5 29.3 43.4 64.6 74.0 85.0
T¥so 1.8 4.3 8.8 22.3 30.0 43.1 65.4 74.9 85.1
Tems 2.1 4.6 94 27.7 36.5 48.1 77.1 85.2 914
Temo 1.7 44 9.0 27.1 36.4 48.6 77.1 85.4 91.6
500 Ts, 3.0 5.8 10.9 50.5 61.9 73.8 97.7 98.9 99.8
T¢so 2.7 5.0 9.9 51.2 61.8 73.7 97.7 98.9 99.8
Tems 2.8 5.0 10.7 60.5 72.2 80.7 99.7 100 100
Teno 2.7 5.0 10.3 60.0 71.3 80.8 99.6 100 100
1000 Tiss 2.8 4.7 10.4 81.1 89.8 94.5 100 100 100
T¢so 2.5 4.4 9.2 81.6 90.1 94.5 100 100 100
Temy 2.4 4.7 94 89.8 94.9 97.6 100 100 100
Teno 2.3 4.5 9.2 90.5 94.9 97.6 100 100 100

probabilities under Hy equal o, we see that the smooth and nonsmooth bootstraps have almost
identical power. The tabulated powers have a standard deviation of {power (1 —power) /2000}'/2,
which is bounded above by 1.1%. Taking this standard deviation into account, we can conclude
that there is no significant difference between the powers of the two tests.

Table 3 shows that when the distribution under H is a Student ¢ distribution with three degrees
of freedom, the size is in general too large for the smooth bootstrap, especially for small n, and
is about right for the nonsmooth bootstrap. The level-adjusted power is again very similar for
the two types of bootstrap. However, the nonsmooth bootstrap has the advantage that it does
not depend on the selection of a bandwidth parameter and tends to be conservative in certain
situations, whereas the smooth bootstrap has a tendency to be anticonservative.

4.3. Goodness-of-fit tests
We now test the fit of a parametric model for the regression function m:

Hy:me M ={mg :0 € O},

where M is a class of parametric regression functions depending on a k-dimensional parameter
space ®. Van Keilegom et al. (2008) showed that testing Hy is equivalent to testing whether the
error distribution satisfies /' = F, where F is the distribution of ¥ — my, (X)) and 6y is the value
of 0 that minimizes E[{m(X) — mg(X)}?]. Consider the following Kolmogorov—Smirnov and
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Table 3. Rejection probabilities (%) of the test for symmetry in the linear model for several

sample sizes n and for o« = 0.025, 0.05 and 0.1: under the null we have a Student t distribution

with three degrees of freedom (p = 1), whereas under the alternative we have a mixture of a

Student t(3) and a Gumbel distribution (p = 0.75 and p = 0.50), the power is obtained after

calibrating the test in such a way that the size equals «, in order to ease comparison between
the two bootstrap methods

n Test p=1 p=0.75 p=0.50
2.5 5.0 10.0 2.5 5.0 10.0 2.5 5.0 10.0
50 T¥s, 3.7 7.9 13.8 34 5.8 10.5 4.9 8.6 14.9
T¢so 2.6 5.6 11.2 3.5 6.5 10.7 5.4 9.5 16.0
T 3.1 6.8 13.3 4.1 7.6 12.1 7.6 11.7 17.7
Tevo 2.0 4.8 11.1 4.8 7.7 12.0 8.4 12.6 18.8
100 T¥s 3.7 7.2 12.9 3.9 6.9 13.0 8.4 13.5 23.7
T¢so 2.7 5.5 10.0 3.6 7.0 13.3 8.2 13.6 23.9
T 3.9 6.5 13.0 4.1 7.6 134 9.9 17.0 27.0
Temo 2.8 5.3 10.7 4.2 7.5 13.6 10.0 17.2 27.6
200 T¥s 2.5 5.5 11.5 6.7 10.5 17.3 17.0 25.6 35.8
T¢so 1.8 4.3 9.2 6.6 10.8 17.0 17.0 26.2 35.9
T 2.7 5.6 11.0 7.5 11.9 19.1 22.0 30.6 43.0
Temo 2.1 4.3 9.5 7.7 12.4 19.0 22.3 31.3 43.1
500 Ts. 2.5 4.8 10.7 10.7 17.9 253 422 54.6 64.1
T¢so 2.2 4.2 9.7 10.5 17.4 25.5 42.1 54.3 64.3
T 2.4 4.9 10.7 14.2 20.4 29.5 52.2 62.4 71.1
Temo 2.1 43 9.9 13.9 20.5 30.0 52.2 62.6 71.9
1000 Tis 2.6 5.6 10.5 18.9 27.3 40.0 75.7 83.9 90.6
T¢so 2.0 4.8 9.5 19.2 27.1 40.2 76.1 83.0 90.6
T 2.5 5.0 10.9 23.7 34.0 44.2 83.7 89.4 93.8
Temo 2.3 4.8 9.9 24.0 33.8 44.9 84.3 89.4 93.9

Cramer—von Mises-type test statistics:

Ts = n'/?sup [Fo, () — F;00|,  Tom = nf {Fou() = F;00)" dF; ),
y

where 130,,1 is as defined in § 2 and Fy ) =n""! " 1Y — mp(X;) <y} with

o ke —X) |
g (x) = ; > =) my (X;)

for any 6, and 6 is the least squares estimator of 8. The critical values of these test statistics
are approximated using our smooth and nonsmooth residual bootstraps. More precisely, the
bootstrapped versions of Tcy are given by

A A 2 A

A A 2 A
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Table 4. Rejection probabilities (%) of the goodness-of-fit test for several sample sizes and for

a = 0.025, 0.05 and 0.1, when the error term has a normal distribution: the regression function

is m(x) = 2x + ax? and the null hypothesis corresponds to a = 0; the power is obtained after

calibrating the test in such a way that the size equals o, in order to ease comparison between
the two bootstrap methods

n Test a=0 a=0.25 a=0.5
2.5 5.0 10.0 2.5 5.0 10.0 2.5 5.0 10.0
50 Ts. 3.9 6.3 13.3 33 6.4 11.6 9.3 15.2 24.1
T¥so 2.3 4.8 10.7 3.2 6.9 12.5 10.1 16.3 25.8
Tems 2.4 4.9 9.7 5.6 10.1 17.9 16.8 24.8 36.6
Tevo 1.5 3.8 8.0 5.8 11.0 18.1 17.5 25.7 36.7
100 Ts. 2.1 4.0 9.2 8.1 12.6 19.5 254 33.8 45.5
T¥so 1.3 2.7 7.1 8.1 12.6 19.2 26.3 34.0 46.4
Tens 2.0 4.5 9.0 10.3 16.1 25.7 34.2 43.8 58.3
Tevo 1.5 3.5 7.9 10.4 16.1 26.2 34.7 43.9 59.2
200 T, 2.1 4.5 9.3 12.5 20.9 32.1 48.9 60.9 73.7
T¥so 1.5 33 7.6 14.1 20.9 32.3 52.2 61.5 74.2
Tems 2.2 42 8.5 19.2 29.8 42.5 63.6 74.9 84.3
Temo 1.7 3.6 73 19.8 29.3 43.0 64.9 74.8 84.8
500 Ts, 2.0 4.5 94 352 44.8 58.6 92.0 95.2 97.8
T¢so 1.5 34 7.7 36.6 45.0 58.4 92.6 95.6 97.8
Tems 1.9 4.1 8.2 454 56.8 68.2 96.3 98.0 98.9
Teno 1.8 3.8 7.4 45.0 57.0 68.0 96.2 98.0 98.9
1000 Tiss 2.2 42 9.6 65.4 76.9 84.9 100 100 100
T¢so 1.8 3.6 8.4 65.2 77.0 84.9 100 100 100
Temy 2.0 4.6 9.3 72.9 81.6 88.6 100 100 100
Teno 1.9 4.2 8.9 72.9 81.6 88.6 100 100 100

bootstrapped versions of Txs can be defined similarly. Here, éak is the least squares estimator
based on the bootstrap data (X, Yy; = m;(Xi) +¢5,) (i =1,... ,n),l:“g‘g(y) =n"! Y —

my(X;) < y} for any 6, and similarly for és* and F ;‘i@ (). We reject Hy if the observed value of
Tcwm exceeds the level-(1 — o) quantile of the distribution of 7, éM,O or T, éM) o

We consider the model m(x) = 2x and let M = {x — 6x : 6 € O}, i.e., the null model is a
linear model without intercept. The error term ¢ follows either a normal distribution or a Student
t distribution with three degrees of freedom, in both cases standardized in such a way that the
variance equals 0.252. The covariate X has a uniform distribution on [0, 1]. The bandwidth 7, is
taken to be &, = 6yn—%3, and the kernel & is the Gaussian kernel. For the smooth bootstrap, we
use a standard normal distribution and select s,, via crossvalidation as in the previous simulations.
Under the alternative we consider the model m(x) = 2x +ax? fora = 0.25 and 0.5. The rejection
probabilities, given in Tables 4 and 5, are based on 2000 simulation runs, and for each simulation
2000 bootstrap samples are generated.

The tables show that the Crdmer—von Mises test outperforms the Kolmogorov—Smirnov test,
independently of the sample size, the type of bootstrap and the value of a, corresponding to the
null or the alternative. Hence we focus on the Cramer—von Mises test. Table 4 shows that when
the error term has a normal distribution, both the smooth and the nonsmooth bootstraps lead to
conservative tests, although rejection probabilities are closer to the nominal level for the smooth
bootstrap. After adjusting the critical value in such a way that the size equals «, we see that the
size-adjusted powers under the two types of bootstrap are almost identical. A simple test of the
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Table 5. Rejection probabilities (%) of the goodness-of-fit test for several sample sizes and for

a = 0.025, 0.05 and 0.1, when the error term has a Student t distribution with three degrees

of freedom: the regression function is m(x) = 2x + ax? and the null hypothesis corresponds to

a = 0, the power is obtained after calibrating the test in such a way that the size equals «, in
order to ease comparison between the two bootstrap methods

n Test a=0 a=025 a=0.5
2.5 5.0 10.0 2.5 5.0 10.0 2.5 5.0 10.0
50 TXss 43 7.3 15.7 5.3 94 16.3 15.5 23.5 349
T¢so 3.0 5.6 11.9 4.8 10.0 16.7 14.9 24.6 36.6
T 3.2 5.9 12.2 8.8 14.8 22.0 24.5 352 459
Tevo 2.4 4.7 10.0 8.7 14.4 22.7 24.4 35.6 47.0
100 T, 4.2 7.7 13.2 10.1 15.7 24.2 31.3 41.7 54.9
T¢so 2.9 5.8 10.8 10.5 15.8 24.5 32.3 42.4 55.5
T 34 6.4 12.9 14.2 21.4 29.9 42.5 53.0 64.2
Temo 2.5 5.2 10.8 14.7 21.5 30.0 43.1 53.1 64.4
200 Tis 34 6.1 12.2 18.0 25.8 38.9 57.8 69.1 79.4
T¢so 2.5 4.7 9.4 18.7 26.5 38.9 59.6 70.0 79.5
T 33 54 10.8 23.1 342 452 68.5 79.0 86.3
Temo 2.6 4.7 9.5 22.6 33.8 45.6 68.6 78.7 86.4
500 Tis. 3.6 6.8 12.6 34.6 48.6 61.8 92.2 95.7 97.7
T¢so 3.1 5.5 10.9 33.8 48.2 62.4 91.7 95.6 97.8
Tems 34 6.2 11.9 44.0 54.9 67.4 95.3 97.1 98.4
Temo 3.1 5.8 10.7 43.8 55.0 67.6 95.2 97.1 98.5
1000 Tiss 3.0 6.4 12.0 67.2 78.5 86.0 99.4 99.7 99.8
T¢so 2.4 5.6 11.0 69.2 78.5 85.9 99.5 99.7 99.8
T 3.2 6.2 11.5 73.8 82.6 89.8 99.6 99.8 99.9
Temo 3.0 5.5 10.6 73.9 82.6 89.7 99.6 99.8 99.9

equality of two proportions shows that there is no significant difference. When the error has a
Student ¢ distribution, see Table 5, the size is too large for the smooth bootstrap, but is more or
less equal to the nominal level for the nonsmooth bootstrap. The size-adjusted powers are again
very close.

Overall, upon comparing the smooth bootstrap with the nonsmooth bootstrap in the five con-
texts and for the different sample sizes and values of «, we can conclude that the smooth bootstrap
has a tendency to be anticonservative whereas the nonsmooth bootstrap has a tendency to be con-
servative. As conservative tests are in general preferred over nonconservative tests, if we follow
the general idea that we prefer to control the probability of committing a Type I error, we conclude
that the nonsmooth bootstrap is preferable to the smooth bootstrap in the testing problems under
consideration and in obtaining confidence bands for the error distribution. In addition, the smooth
bootstrap depends on how we choose the smoothing parameter s, and the corresponding kernel,
but this is not the case for the nonsmooth bootstrap.

5. DISCUSSION

To the best of our knowledge, this paper is the first work that establishes consistency of
the nonsmoothed bootstrap of the error distribution. We have restricted attention to the case of
homoscedastic regression models, but in a next step it would be interesting to prove the con-
sistency of the bootstrap when the error variance depends on one or several covariates. Other
possible generalizations of the model considered in this paper include extensions to semipara-
metric regression, nonparametric regression with more than one covariate, dependent data, and
missing or censored data.
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