JOURNAL OF
Econometrics

ELSEVIER Journal of Econometrics 98 (2000) 27-46
www.elsevier.nl/locate/econbase

Consistent bootstrap tests of parametric
regression functions

Yoon-Jaec Whang*

Department of Economics, Ewha University, Seoul 120-750, South Korea

Received 1 March 1998; received in revised form 12 July 1999; accepted 1 August 1999

Abstract

This paper introduces specification tests of parametric mean-regression models. The
null hypothesis of interest is that the parametric regression function is correctly specified.
The proposed tests are generalizations of the Kolmogorov-Smirnov and Cramer-von
Mises tests to the regression framework. They are consistent against all alternatives to the

null hypothesis, powerful against 1 /ﬁ local alternatives, not dependent on any smooth-
ing parameters and simple to compute. A wild-bootstrap procedure is suggested to
obtain critical values for the tests and is justified asymptotically. A small-scale Monte
Carlo experiment shows that our tests (especially Cramer-von Mises test) have outstand-
ing small sample performance compared to some of the existing tests. © 2000 Published
by Elsevier Science S.A. All rights reserved.
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1. Introduction

This paper proposes specification tests for a parametric mean-regression
model for independent observations. The null hypothesis of interest (Ho) is that
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the parametric regression function is correctly specified. The alternative hypoth-
esis (Hy) is the negation of the null hypothesis, i.e., that the parametric regres-
sion function is incorrectly specified. The parametric regression model we
consider is a nonlinear regression model in which the regression function is
known except for a finite-dimensional parameter and the regression errors may
be heteroskedastic.

The tests we consider are generalizations of the Kolmogorov-Smirnov and
Cramer—von Mises tests of goodness of fit. The tests introduced in this paper are
(i) consistent against all alternatives to the null hypothesis Hy; (i) powerful
against l/ﬁ local alternatives to Hy; (iii) not dependent on any smoothing
parameters; and (iv) simple to compute.

We note that there is a huge literature on the testing problem considered here.
Some of the existing tests in the literature employ a nonparametric estimator of
one sort or another of the regression function. Examples of such tests include
Eubank and Spiegelman (1990), Fan and Li (1996a), Gozalo (1993), Hardle and
Mammen (1993), Hong and White (1996), Li and Wang (1998), Whang and
Andrews (1993), Wooldridge (1992), and Yatchew (1992), to mention only a few.
These tests are consistent against all alternatives to the null, but are not
powerful against l/ﬁ local alternatives and dependent on smoothing para-
meters. On the other hand, the tests of Bierens (1982, 1990), Bierens and
Ploberger (1997), and De Jong (1996), among others, do not employ any
nonparametric estimator of the regression function and hence do not suffer from
the latter problems. These tests, however, have case-dependent asymptotic
distributions and hence require a suitable choice of a nuisance parameter space,
which could be arbitrary, and rely on an upper bound on the asymptotic critical
value (in the cases of Bierens (1982) and Bierens and Ploberger (1997)), which
might be too conservative. Our tests suggested below also have case-dependent
asymptotic distributions, but try to avoid the above problems by using a boot-
strap procedure to obtain critical values.

We also note that Andrews (1997, hereafter AN) has recently generalized the
Kolmogorov-Smirnov test to develop a consistent specification test for para-
metric models that specify a parametric family for the conditional distribution of
a response variable given a covariate. The present paper differs from AN in that
it considers specification tests for parametric models that specify a parametric
family for the regression function, that is, the conditional mean of the response
variable given the covariate. Due to this difference, the parametric bootstrap
procedure considered by AN is not appropriate for our purpose to simulate the
asymptotic null distributions of the test statistics. Instead, it turns out that
a wild-bootstrap procedure introduced in Section 4 below works in our context.
Furthermore, this paper also considers a generalization of the Cramer-von
Mises test to the regression context, in a hope that it might have better finite
sample power performance than the Kolmogorov-Smirnov-type test. Except
these differences, this paper follows the approach of AN very closely - we
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extensively use the notation of AN to help a reader familiar with the latter
paper.

Finally, we note that specification tests similar to ours have been suggested
independently by Stute et al. (1998a). Our paper, however, allows more general
null models and estimation procedures than theirs and discusses power proper-
ties more explicitly.

The remainder of the paper is organized as follows. Section 2 defines the main
test statistics. Section 3 establishes the asymptotic null distributions of the test
statistics. Section 4 introduces a bootstrap procedure for obtaining critical
values and justifies the procedure asymptotically. Section 5 establishes consist-

ency of the tests. Section 6 determines the power of the tests against 1 /\/;z local
alternatives. An Appendix sketches proofs of results stated in the text.

2. Definition of the test statistics

Suppose that we observe a sample of n r.v.’s {(Y;, X;): i =1,...,n}, where
Y;eR and X; e R¥. We assume that the r.v.’s satisfy:!

Assumption D1. {(Y;,X;): i > 1} are i.i.d. with conditional distribution function
H(-|X;) of Y; given X; and marginal distribution function G(-) of X;.

The null hypothesis of interest is
Ho: PG<Jde(y|X) =g(X, ())) =1 for some 0e® < R®, (1)

where g(-, 6) is a known regression function and X ~ G. The alternative hy-
pothesis is the negation of Hy, that is,

Hi: Pc<jde(J/|X) # g(X, 9)) >0 forall )e® < R”. )
We now define our test statistics. Let
1,9 =% S Vi <x) G
i=1
1
== Y glXi, O, < x) @

i=1

where (X; < x) denotes the indicator function of the event X; < x. That is,
(X; <x)=1if X; < x and (X; < x) = 0 otherwise. Let 0 be an estimator of 6.

!See Appendix for a discussion of results that are applicable to the case of independent
non-identically distributed (i.n.i.d.) r.v.’s.
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When H, is true, we let 0, denote the true value of 0. Note that under the null
hypothesis E(H,(x)|X) = F,(x, 0,) VxeRX, where E(-|X) denotes conditional
expectation given X = {X;: i > 1}. Under the alternative hypothesis, however,
E(H,(x)|X) # F,(x, ) for some xeR¥X, for all 6@ (see Section 5 below).
Therefore, we take the difference between H,(+) and F,(-, 0) as the basis of our
test statistic.

The test statistics are defined by

KS, = /n sup [H,(x) — F,(x, 0) (5)
CM, =n J(ﬁm — Fo(x, 0)%dG,(x), (6)

where 2 = supp(G) = R¥ denotes the support of the distribution function (df)
G and G,(-) denotes the empirical distribution of {X;: i = 1,...,n}. The tests
KS, and CM, are generalizations of the Kolmogorov-Smirnov and
Cramer-von Mises tests respectively to the regression context.”

The asymptotic distributions of KS, and CM, under the null hypothesis are
turned out to be functionals of a Gaussian process that depends on nuisance
parameters, viz. 0, and G(-) (see Section 3 below).® In consequence, we obtain
critical values for the KS, and CM, statistics by a bootstrap procedure de-
scribed in Section 4 below.

3. The asymptotic distributions of the tests under the null hypothesis

In this section, we examine the asymptotic distributions of the KS, and CM,,
statistics under the null hypothesis.

2 Qur tests as well as the Bierens-type tests can be interpreted as conditional moment tests, using
either an indicator function or an exponential function as the weighting function. (See Stinchcombe
and White (1998) for a general treatment of consistent conditional moment tests with a various
choices of weighting functions.) As compared to the Bierens type tests, the choice of the indicator
function as the weighting function has an advantage in that it does not require an arbitrary choice of
a nuisance parameter space.

3 Recently, Stute et al. (1998b) have also considered a test based on H,(x) — F,(x,0) in which X; is
assumed to be univariate. Contrary to ours, their test uses a martingale transformation that makes
the asymptotic null distribution of their test statistic free of nuisance parameters. The martingale
transformation, however, depends on the unknown variance of the regression errors and hence
requires nonparametric estimation if the errors are (conditionally) heteroskedastic. Hence, contrary
to ours, their test requires a choice of smoothing parameters, which may be arbitrary in practice.
Furthermore, to overcome the difficulty that the martingale transformation becomes unstable at
extreme values of x, one needs to choose a suitable compact interval to calculate their test statistic,
which again could be arbitrary in practice (see Stute et al., 1998b, p. 1923).
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To justify the bootstrap procedure discussed in Section 4, we show that the
asymptotic results introduced in this section hold conditional on {X;:i> 1}
with probability one. Such conditional results are stronger than the correspond-
ing unconditional results.* For brevity, we let ‘wpl’ denote ‘with probability
one’.

Let

va(x, 0) = /n(A,(x) — F,(x, 0)). (7)

Note that v,(-, 6)is a conditional empirical process since E(H,(x)|X) = F,(x, 0).
We assume that the estimator 0 of 6 satisfies the following linear expansion:

. 1
S0 —00)=—= Y DoW(Y:, X;, 0) + 0,(1) conditional on X wpl,

ﬁ i=1
t)

where Dy, is a nonrandom P x P matrix and y(-,-,"): R¥* x R x @ — R" is a func-
tion satisfying Assumption E1(ii) below. This assumption is quite general and is
satisfied by a number of parametric estimators including maximum likelihood
and nonlinear least squares estimators (see Remark 2 to Assumption E1 below).

We show below that the asymptotic null distributions of the test statistics KS,

and CM, depend on that of (v,(-, 6,), ﬁl/?,,(@o)’)’, which is a Gaussian process,
where

Z "p(Yl’ Xi: 9) (9)
Let G* be any distribution function on R¥. Let

Cley. x5, 0.G¥) = j j ((y —g(x, O)x < x1)><(y —g(x, O)x < xz)>’
Y(y, x, 0) Y(y, x, 0)

dH(y|x) dG*(x). (10)

Then, the covariance matrix of the asymptotic distribution of
a(-5 00), /1 ¥u(Bo)) is defined to be

C(x1,X2, 00, G) = Cov(vy(x1, Oo)n/1 Wu00))s (1a(x25 Oo)/1 Wa(06))).
(11)

4 This follows from the bounded convergence theorem, see footnote 2 of AN for details.
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Weak convergence of (v,(-, 0p), ﬁ ,(0,)) requires the specification of
a pseudometric p on R¥. It is defined as follows:* For x;,x, € R,

1/2
plx1,x;z) = [Hyz[(x < x1) = (x < x2)1 dH(ylx) dG(X)} : (12)

We now introduce assumptions used to establish our asymptotic results.

Assumption M1. (1) g(X;, 0) is differentiable in 6 on a neighborhood N; of
0o Vi>1 (i) SUDaySUPuo— o)< I(1/MYi=1 (/00)g(X;, OYX; < ) -
Ao(X)|l = 0 wpl for all sequences of positive constants {r,: n > 1} such that
r, = 0, where 4,(x) = j(@/@@)g(ic, 00)(x < x)dG(X). (iii) supyer||4o(x)|| < oo and
Ao(+) is uniformly continuous on R¥ (with respect to the metric p).

Assumption  E1. (i) /n(0 — 0o) = (1/3/mY =1 DoW(Y;, X;, 0) + 0,(1) con-
ditional on X wpl, where D, is a nonrandom P x P matrix that may depend
on 0. (ii) Y(y, x, 0) is a measurable function from R¥ x R x @ to R” that satis-
fies (a) Y(y, x, 0) = (y — g(x, 0))&(x, 0) for some function &(-,-):R¥x ©® — R?
and  (b) [lY(y.x, 00> T*dH(y|X)dG(x) < co  for some &>0. (iii)
[Iy>*°dH(ylx)dG(x) < oo for some & > 0.

Remark 1. Assumption M1 is trivially satisfied when the null model is the linear
regression model provided a suitable moment condition holds for the regressor
X;.

Remark 2. Assumption El is also very general and can be verified for many
parametric estimators that are ﬁ-consistent and asymptotically normal using
the results in the literature. For example, for the nonlinear least-squares (NLS)
estimator, the function &(x, 0) corresponds to dg(x, 0)/00 and D, is the inverse of
the outer product Ey/(Y;, X;, 0o (Y;, X;, 0,).

We now establish the asymptotic null distribution of our test statistics. Let
(v(+), vo) be a mean zero Gaussian process with covariance function defined by

E(V(Xl)xv(m)/ — Clx,. . 0o, G). (13)

Vo Vo

5> This choice of pseudometric is to use the functional CLT result of Pollard (1990, Theorem 10.6)
to prove Theorems A.1 and A.2 of Appendix, see Eq. (10.5) in p. 53 of the latter paper for the
definition of the pseudometric.
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The asymptotic null distributions of our test statistics are given by
Theorem 1. Suppose Assumptions D1, M1, and E1 hold. Then, under the null,
(a) KS, 4 SUP.ex V(X)) — Ao(x)Dovy| conditional on X wpl and (b)

cM, S [(v(x) = 49(x)Dovo)*dG(x) conditional on X wpl.

Remark 1. The asymptotic null distributions of KS, and CM, depend on the
‘true’ parameter 6, and distribution function G(-). The latter implies that the
asymptotic critical values for KS, and CM,, cannot be tabulated.®

Remark 2. By the bounded convergence theorem, the unconditional asymptotic
distributions of the test statistics under the null hypothesis are the same as the
conditional asymptotic distributions given in Theorem 1.

4. Bootstrap critical values

The basic problem for bootstrapping a test statistic is how to impose the null
hypothesis in the resampling scheme. That is, the essential problem is to find
a bootstrap distribution that mimics the null distribution of the test statistic,
even though the data fails to satisfy the null hypothesis. In this paper, we
consider a wild bootstrap procedure that successfully imposes the null restric-
tion and allows heteroskedastic errors (see Wu (1986), Hardle and Mammen
(1993), and Li and Wang (1998) for more discussions about the wild bootstrap
procedure).

The wild bootstrap procedure for the test KS, (CM,,) s carried out as follows:

Step 1: Use the original sample {(Y;, X;): i <n} to compute 0. Then, obtain
U, =Y, —gX,;, 0fori=1,...,n

Step 2: Obtain the bootstrap error {Uj:i=1,...,n} using a two point
distribution, ie, U#¥ =a,;U; with probability r= (\ﬁ + 1)/(2ﬁ) and
Uf = a, U; with probability 1 —r for i = 1,...,n, where a; = — (/5 — 1)/2
and a, = (/5 + 1)/2.

Step 3: Let Y# =g(X;, 0)+ U# for i=1,...,n. The resulting sample
{(Y#, X;):i < n} is the bootstrap sample.

Step 4. Compute the bootstrap value of KS, (CM,) call it KS;} (CM}), by
applying the definition of KS, (CM,) to the bootstrap sample in place of the
original sample.

®Park and Whang (1999) apply the idea of this paper to develop Kolmogorov-Smirov and
Cramer-von Mises-type tests for the null of the martingale hypothesis. Contrary to this paper, their
test statistics do not depend on any estimated parameter and the asymptotic null distributions are
nuisance parameter-free and hence the critical values can be tabulated, see Figs. 1 and 2 of Park and
Whang (1999) for the shape of the asymptotic null distributions.
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Step 5: Repeat Steps 2-4 above B times to get a sample {KS;} ({CM}}) of the
bootstrap value of KS, (CM,). The distribution of this sample, call it the
bootstrap distribution, mimics the null distribution of KS, (CM,,).

Step 6: Let cX5(0) (cSM(0)) be the (1 — x)th sample quantile of the bootstrap
distribution of KS; (CM}). It is the bootstrap critical value of significance level .
Thus, we reject the null hypothesis at the significance level o if
KS > CanB(e)(CM > sznB 9)

We now briefly discuss the asymptotic validity of the wild bootstrap proced-
ure. (For a more complete discussion, see Whang, 1998). Let H(-,-) denote the
unconditional joint distribution function of (Y;, X)), i.e.,

H(y, x) = JH(y|5c)(5c < x)dG(%) for (y,x)eRX*1 (14)

For any distribution function H* on R¥*!, define

COxy, X, 0, HY) = ”((y —g(x, O)(x < X1)><(y —g(x, 0))(x < Xz)>’
Yy, x, 0) Yy, x, 0)

dH*(y, x). (15)

Note that C%x,, x5, 0, H) = C(x;, X,, 0, G) under Assumption D1 (see Eq. (10)
for the definition of C(x, x,, 0, G)).

For any sequence of nonrandom parameters {0, :n > 1} such that 6, — 0, let
the boostrap sample {(Y#, X;):i < n} be distributed under {6, :n =1} when the
regressor {X;:i > 1} are i.i.d. with df G(+) and the regressand {Y§:i <n, n > 1}
are independently generated from Y# = g(X;, 0,) + U# fori=1,...,n in Step
3 above.

We assume that the estimator 0% of 0, based on the bootstrap sample satisfies
the following assumption under {0,: n > 1}:

Assumption E2. (i) For all nonrandom sequence {0, :n > 1} for which 0, — 0,,
we have \/_(0* — (9 1/\/_ Yi_1Doy(YF, X, 0,) + 0,(1)  conditional
on (Y, X)={(Y;, X;) 1} wpl for D, and lp(y, x, 0) as defined in As-
sumption  E1(ii). (11) ”W (v, x)dH(y|x)dG(x) < where  (y, x) =
supgen, W(y, x, O)|>*¢ for some &>0. (i) j"|y|“"dH(y|x)dG(x) <
Jsupgen, lg(x, O)*°dG(x) < oo, and [supgey, [I0/00)g(x, O)|* dG(x) < oo for
some 0 > 0.

In addition, we assume that the covariance matrix is continuous in 0

Assumption M2. C°(xy, x,, 0, H) is continuous in 0 at 0,Vx,,x, € RX.
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When the form of the regression function [y dH(y|x) is arbitrary, we assume
that the estimator 0 satisfies:

Assumption E3. 0 — 0, a.s. conditional on X wpl for some 6, €6.

We now establish that the bootstrap distribution of KS; (CM;}) has the same
limit as the asymptotic null distribution of KS, (CM,) when the bootstrap
sample is generated from Y} = g(X;, 0,) + U#. That is, we have:

Theorem 2. Suppose Assumptions D1, M1, M2, and E2 hold. Then, for any nonran-
dom  sequence {0, n=1} for which 0,0, we have (a)
KS# S supyey [W(X) — Ao(x)Dovo| under {0,: n =1} conditional on (Y, X) wpl
and (b) CM} 4, j(v(x) — Ao(x)Dovo)? dG(x) under {0,: n > 1} conditional on
(Y, X) wpl.

Given the absolute continuity of the limit distribution,” Theorem 2 suggests
that the level o critical value cX5(0,) (c$M(0,)) obtained from the bootstrap
distribution of KS} (CM}) converges (conditional on the original sample) to the
critical value cX5(0,) (c$™(0,)) from the limit distribution of K S, (CM,) for any
0, € ©. This result, in turn, implies that, if § converges to some 6, (€ @), then the
critical value cX50) (¢$M(@) from the bootstrap distribution with
Y# = g(X;, 0) + U# converges (conditional on the original sample) to cX5(6,)
(c§™(0,)). The latter implies that asymptotic significance level of the test
KS,(CM,) with critical value cX5(0) (cSM(0)) is o as desired.

The above heuristic arguments can be stated more formally in the following
corollary (see Whang (1998) for a proof):

Corollary 3. (a) Suppose Assumptions DI, M1, M2, E2, and E3 (with 0, = 0,)
hold and B — oo as n — oo . Then, under the null hypothesis,

e 5(0) - cX(0,) a.s. conditional on X wpl and

lim Py, (4, > cis(0)X) = a wpl for A =KS and CM.

(b) Suppose Assumption DI holds, Assumptions M1, M2, E2, and E3 (with
0, = 0,) hold for any value of 0, €®, and B— o as n - oo. Then,

sup lim Py, (A, > cap(0) = o for A =KS and CM.

0oe®@ n—

7The absolute continuity holds since the limit distribution is the supremum (or integral) of
a Gaussian process whose covariance function is nonsingular, see Lifshits (1982).
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(c) Suppose Assumptions DI and E3 hold, Assumptions M1, M2, and E2 hold for
any value of 0, €0, and B— oo as n— 0. Then,

e 5(0) - cX(0,) a.s. conditional on X wpl for A = KS and CM.

Remark. Part (c) of Corollary 3 ensures that the tests KS, and CM,, have power,
since the bootstrap critical values converge almost surely to finite constants
cX5(0,) and cS™(0,) respectively under Assumption E3 even when the null

hypothesis fails to hold. (See Theorem 4 below.)

5. Consistency of the tests

In this section, we establish that the KS, and CM,, tests are consistent against
the alternative hypothesis H;.
We assume that the following moment conditions hold under H;:

Assumption E4. ”yz dH(y|x)dG(x) <oo and j|g(x, 0,)]dG(x) <o0.
Consistency of the tests is established in the following theorem:

Theorem 4. Suppose Assumptions D1, M1, E3 and E4 hold under the alternative
hypothesis H, . Then, for all sequences of r.v.’s {¢,: n = 1} with ¢, = O,(1) condi-
tional on X wpl, we have lim,., P(KS,>c,X)=1 wpl and
lim, -, P(CM, > c¢,|X) =1 wpl.

Remark. The bootstrap critical value ¢,,5(0) is O, (1) under the null and alterna-
tive by Corollary 3(c) and hence satisfies the requirements of Theorem 4 on c,,.

6. Local power properties

In this section, we determine the power of the KS, and CM,, tests against local
alternatives to the null hypothesis. The alternatives we consider are of distance

l/ﬁ from the null hypothesis.

Suppose one is interested in the power of the KS, and CM, tests for the
sample size n, against an alternative regression function ¢(-)¢ {g(-, 0):0 € ©}.
Let Q(-|-) denote a conditional distribution function of Y; given X; correspond-
ingto q(-),1.e., fy dQ(y|x) = q(x). We create local alternatives by starting with the
alternative regression function ¢(-) at the sample size n, and shrinking it toward
g(x, 0y) as the sample size increases. For this purpose, let

d(x) = /no(g(x) — g(x, 0,)). (16)
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Then the sequence of local alternative regression functions we consider is
given by

4u(x) = g(x, 00) + d(x)/\/n forn=1,2,.... (17)

We denote Q,,(-|-) to be a conditional distribution function corresponding to
4a(*), ie., [ydQ,(ylx) = g,(x). Below, we say the observations are distributed
under {Q,(']"):n>1} when {(Y;, X;):i <n} are distributed independently
with conditional mean of Y; given X; given by jy dQ,(v|X;) = q.(X;) fori<n
and n>1. Note that the noth regression function is given by
1y dQ,, ()1X:) = [y dO(yIX;) = q(X;) as desired.

For our asymptotic results given below, we assume that the following moment
conditions hold:

Assumption L. (i) [lg(x) — g(x, 0o)I> "°dG(x) < oo for some & > 0.
(i) Iy, x, Bo)lI* dQ(yIx)dG(x) < 0.

We also assume that the ‘regression errors’ under the sequence of local
alternatives have the same conditional moment (up to a constant) as that under
the null hypothesis:

Assumption V. [(y — [y dQ,(x)) dQ,(vx) = [(y — [y dH(x)) dH(ylx) VO <r<2+¢
for some ¢ >0 VxeRX* Vn > 1.

Remark. Assumption V is weaker than the corresponding assumption of Bierens
and Ploberger (1997, p. 1132) who assume that the regression errors (themselves,
not conditional moments of them) under local alternatives are the same as those
under the null hypothesis.

Define
M, = su}r) [v(x) — Ao (x)Dove + 6(x)| (18)
and )
M, = ﬁv(x) — Ao(x)Dovo + §(x))* dG(x), (19)
where

3(x) = /no [ f(q(so — (%, 00)(* < x)dG(X)

— 4o(x)'Do Hw@, X, 90)dQ(?I5€)dG(5C)]~
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The asymptotic distributions of KS, and CM,, under the local alternatives are
given by

Theorem 5. Suppose Assumptions M1, El, L, and V hold. Then, (a) KS, 4 M,

under {Q,('|"):n =1} conditional on X wpl and (b) CMni> M, under
{0,(*|"):n = 1} conditional on X wpl.

Remark 1. By the same arguments to those in Andrews (1997, Comment 2 to
Theorem 4, p. 1114), the KS,, and CM,, tests are asymptotically locally unbiased.

Remark 2. In contrast to the existing consistent tests that depend on a non-
parametric estimator of the regression function (e.g., Hardle and Mammen,
1993; Fan and Li, 1996a; Hong and White, 1996), the KS, and CM,, tests have
nontrivial power against the 1 /ﬁ local alternatives of the form (17). It should
be noted, however, that this result does not generally extend to hold uniformly
over all sequences of local alternatives that are of distance 1 /\/;z from the null
model.®

Remark 3. The asymptotic local power of the KS, and CM, tests against
{g.(-):n>=1} is given by P(M; > ¢,(0,)) and P(M, > ¢,(0,)) respectively.
Therefore, since g,, () = q(-), the powers of the KS, and CM,, tests against q(-)
when the sample size is n, can be approximated by P(M; > c,(0,)) and
P(M, > ¢,(0,)) respectively.

7. Monte Carlo experiment

In this section, we examine the finite sample performance of the tests KS, and
CM, in a small scale simulation experiment. We compare the performance of
our tests to those of Hiardle and Mammen (1993) (hereafter HM) and Bierens
and Ploberger (1997) (hereafter BP).

We considered two data generating processes: Fori = 1,...,n,

DGPI:Y; =2X;y — X} +1(Xyy — DXy — DXy —2) + Uy (20)

8 Fan and Li (1996b), for example, show that the smoothing based tests can be more powerful than
the nonsmoothing based tests for the ‘singular’ alternatives that converge to the null model at a rate
faster than 1/\/5. Horowitz and Spokoiny (1999) further develop a test that is uniformly consistent
against alternatives that converge to the null model at the fastest possible rate which is slower than

1//n.
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Table 1
Rejection probabilities of the tests at the 5% significance levels (DGP1)*

cy Test n
50 100 200
KS 0.055 0.047 0.051
CM 0.047 0.054 0.052
HM1 0.010 0.019 0.026
HM?2 0.026 0.028 0.036
0.0 HM3 0.036 0.039 0.045
BP1 0.025 0.033 0.031
BP2 0.030 0.039 0.031
KS 0.802 [0.880] 0.983 [0.994] 1.00 [1.000]
CM 0.884 [0.927] 0.998 [1.000] 1.00 [1.000]
HM1 0.199 [0.828] 0.355 [0.989] 0.517 [1.000]
0.05 HM?2 0.445 [0.877] 0.598 [0.996] 0.679 [1.000]
HM3 0.604 [0.895] 0.702 [0.999] 0.778 [1.000]
BP1 0.882 [0.937] 0.962 [0.987] 0.973 [0.985]
BP2 0.904 [0.939] 0.982 [0.997] 0.995 [1.000]
KS 0.986 [0.995] 0.999 [1.000] 1.00 [1.000]
CM 0.992 [0.998] 1.00 [1.000] 1.00 [1.000]
HM1 0.383 [0.989] 0.446 [1.000] 0.544 [1.000]
0.1 HM?2 0.668 [0.997] 0.657 [1.000] 0.690 [1.000]
HM3 0.790 [0.997] 0.748 [1.000] 0.791 [1.000]
BP1 0.973 [0.992] 0.974 [0.992] 0.973 [0.984]
BP2 0.980 [0.991] 0.991 [0.999] 0.995 [1.000]

*HM1, HM?2, and HM3 represent the Hirdle and Mammen’s (1993) test with bandwidth para-
meter h = 0.1, 0.2, and 0.3, respectively. BP1 and BP2 correspond to the Bierens and Ploberger’s
(1990) test with the nuisance parameter space given by = = [1, 3] and [1, 5], respectively. The
numbers in the square brackets are rejection probabilities using the empirical critical values.

and
DGP2: Yi =1 +Xi1 + XiZ + szilxiz + Ui27

where X;; and X;, ~iid. N(@, 1), U;; ~iid. N(0,0.01) and
U;, ~1id. N(O, 4). We take ¢, €(0.0, 0.05, 0.1) and ¢, €(0.0, 1.0, 2.0). The null
models correspond to ¢; = 0.0 and ¢, = 0.0. DGP1 is the same as the model
used by HM (except that X;; are generated from the uniform distribution in the
latter) and DGP2 is similar to the design considered by Bierens (1990).

We consider three sample sizes: ne(50, 100, 200). The number of bootstrap
repetitions is B = 200. The number of Monte Carlo simulation repetitions is
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Table 2
Rejection probabilities of the tests at the 5% significance levels (DGP2)*

Cy Test n
50 100 200
KS 0.061 0.063 0.061
CM 0.048 0.057 0.057
HM1 0.010 0.008 0.023
0.0 HM?2 0.015 0.010 0.023
HM3 0.031 0.037 0.064
BP1 0.018 0.016 0.027
BP2 0.010 0.009 0.016
KS 0.232 [0.374] 0.494 [0.656] 0.835 [0.919]
CM 0.393 [0.559] 0.762 [0.831] 0.989 [0.995]
HM1 0.035 [0.506] 0.173 [0.818] 0.557 [0.985]
1.0 HM?2 0.062 [0.537] 0.233 [0.834] 0.660 [0.989]
HM3 0.105 [0.543] 0.338 [0.851] 0.729 [0.992]
BP1 0.235 [0.381] 0.570 [0.734] 0.900 [0.953]
BP2 0.108 [0.290] 0.306 [0.585] 0.622 [0.805]
KS 0.501 [0.887] 0.845 [0.991] 0.994 [1.000]
CM 0.811 [0.961] 0.991 [1.000] 1.00 [1.000]
HM1 0.139 [0.949] 0.449 [1.000] 0.873 [1.000]
2.0 HM?2 0.215 [0.952] 0.539 [1.000] 0.901 [1.000]
HM3 0.257 [0.953] 0.570 [1.000] 0.880 [1.000]
BP1 0.546 [0.715] 0.826 [0.912] 0.967 [0.984]
BP2 0.300 [0.586] 0.560 [0.778] 0.756 [0.876]

*HM1,HM?2, and HM3 represent the Hardle and Mammen’s (1993) test with bandwidth parameter
h =0.7, 0.8, and 0.9, respectively. BP1 and BP2 correspond to the Bierens and Ploberger’s (1990)
test with the nuisance parameter space given by = = [1, 3] x [1, 3] and [1, 5] x [1, 5], respectively.
The numbers in the square brackets are rejection probabilities using the empirical critical values.

fixed to be 1000. Computational requirements prevented us from considering
larger sample sizes and number of repetitions.

To calculate the HM test statistic, one needs to choose the kernel function
K(-) and the bandwidth parameter (h). We use the quartic kernel
K(u) = (15/16)(1 — u*)? for |u < 1 as in HM and we take he(0.1, 0.2, 0.3) for
DGPI1 and he(0.7, 0.8, 0.9) for DGP2. The critical values for the HM test are
obtained from the wild bootstrap procedure as suggested by HM to improve the
finite sample performance of their test. For BP test, on the other hand, one need
to choose the nuisance parameter space = (using the notation of BP). We take
EZ e([1, 3], [1, 5]) for DGP1 and & e([1, 3] x[1, 3], [1, 5] x[1,5]) for DGP2.
We use a numerical integration to calculate the BP test statistic.
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Tables 1 and 2 provide the rejection probabilities of the four alternative tests
with size a. The significance level considered was o = 0.05. (Results at other
significance levels were similar and hence are not reported here.) The numbers
given in square brackets are size-corrected powers, i.c., rejection probabilities
using empirical critical values. The empirical critical values are obtained from
1000 random samples of size n from the null models (i.e., DGP1 and DGP2 with
¢, =0 and ¢, = 0 respectively).’

Table 1 shows the simulation results for DGP1. When ¢; = 0, the results
indicate that the size performance of the KS test is reasonably good, whereas the
HM and BP tests generally under-reject the null hypothesis. The under-rejection
of the BP test is as expected since it relies on the upper bound on the asymptotic
critical value. Also as expected, the performance of the HM test is quite sensitive
to the choice of the bandwidth parameter. When ¢; # 0, the results show that
the rejection probabilities increase as either ¢; or n increases. In terms of (both
actual and size-corrected) power, the CM test has good performance compared
to the other alternative tests in most of the cases considered. For the small
sample n = 50 and & = [1, 5], however, the BP test has relatively good power
performance.

Table 2 provides the corresponding results to DGP2, in which the dimension
of the regressor is K = 2. The results show that there are substantial small
sample size distortions for the test HM, which might be possibly due to the
well-known curse of dimensionality problem of nonparametric estimators. The
BP test now under-rejects the null hypothesis more severely than under DGP1.
When ¢, # 0, the results clearly indicate that the CM test dominates the other
competing tests.

To summarize, we find that the CM test has generally the best performance in
our simulation experiments and we recommend practitioners to use the CM test
in their future research.
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Appendix

The asymptotic results in the main text can be proved based on the ideas of
AN. The main technical difficulty we have is to prove how the wild bootrap
(rather than parametric bootstrap as considered by AN) works in our case.
(Following the suggestion of a referee, we cut out the detailed treatment, which
can be obtained from an earlier version of this paper, i.e. Whang (1998).

The main step is as follows: First, show that under suitable assumptions the
desired asymptotic results of Theorem 1, 4, and 5 (Theorem 2) hold for a fixed
(nonrandom) sequences {X;:i> 1}({(Y;,X;):i > 1}). Next, verify that these
assumptions hold with probability one if the corresponding assumptions in the
Theorems 1, 2, 4, and 5 hold. This establishes the desired results in the text.
Below, we omit the second step (which can be established by extending the
results of Pollard (1984, Theorem 11.24) and applying the Kolmogorov’s Strong
Law of Large Numbers) and merely sketch the first step.'®

We first provide assumptions under which KS, and CM, have the desired
asymptotic null distributions when the regressors are fixed:

Assumption F.DI. {X;:i > 1} are fixed (i.e., nonrandom) and {Y;:i > 1} are
independent with conditional distribution function H(- |X;) of Y; given X for all
i1

Assumption F.CI. (i) G,(x) = G(x) Vxe RX for some distribution function G().
(i)  supp(G,) =supp(G) Vn>1. (i)  sup.,|[[7*(X < x)dH(FIXNAG,(X)
—dG(X)| - 0. (iv) C(x1, X2, 0o, G,) = C(x1, X2, 0y, G) Vxy, x; €R¥.

Assumption F.MI1. (i) g(X;, 0) is differentiable in 6 on a neighborhood N; of
O Viz 1. (i) SUPwsSUPs. o o,ii<n I(1/W)YI= 1 0/O0)(X,, O)X; < x)
— Ao (x)|] = 0 for all sequences of positive constants {r,: n > 1} such thatr, -0,
where 44(x) = [(0/00)g(%, 0)(X < x)dG(X). (iii) supxcrs||4o(x)| < 00 and Ao(-)is
uniformly continuous on R¥ (with respect to the metric p).

Assumption F.EL (i) /n(@ — 0,) = (1//mY = 1 DoW(Y:, X;, 0o) + 0,(1), where
D, is a nonrandom P x P matrix that may depend on 0,. (ii) ¥(y, x, 0) is
a measurable function from RX¥"!'x@® to R® that satisfies (a)

10 The results of the first step can be used to establish the asymptotic validity of the KS,, and CM,,
tests when the observations are i.n.i.d. In this case, the limit distribution functions G(-) and H(-,")
equals lim,ﬁm(l/n)Z?: 1Gi(+) and lim,,ﬂ%(l/n)z;’: 1Hi(+,*) respectively, where X; ~ G;(-) and
(Y, X)) ~Hi(+,") Vi= 1.
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Yy, x, 0) = (v — g(x, 0))&(x, 0) for some function &(-,'): RExO® - R and
(b) lim,, o (1/m)YF= 1 Fo(X;) <, where Jo(x) = [Il(y, x, 0o)|I> *dH(y|x) for

some ¢ > 0. (iii) lim, . (l/nz {o(X;) < o0, where {o(x) = [|y]*"°dH(y|x) for

i=1

some o0 > 0.

Theorem A.1. Suppose Assumptions F.D1, F.C1, F.M1, and EI hold. Then, under
the  null, (a) KS, % sup,c,[v(x) — 4o(x)Dovo|  and  (b) CM, % [(v(x)
0(x) Do vo)*dG(x).

Proof of Theorem A.1. The proof of Theorem A.1 is similar to that of Theorem
A.2 below with Y#, 0%, and 0, replaced by Y;, 6, and 6, respectively, and the
results conditioned on X instead of (Y, X). O

Next, we establish the bootstrap results when the original sample is nonran-
dom:

Assumption F.D2. {(Y;, X;): i = 1} are fixed, i.e., nonrandom.

Assumption F.C2. (i) H,(y,x) = H(y,x) ¥Y(y,x)e R x R for some distribution
function H(-,-). (ii) supp(H,) < supp(H) Vn > 1. (iii) sup.e,|[[y*(& < x)(dH
(y. %) —dH(y, )| = 0. (iv)  supeer|ffg(X, O0)(y — 9%, 00X < x)NdH,(y, %)
— dH(y, X))l = 0. (v) For all nonrandom sequence {0,:n > 1} for which
0, — 0o, C°(xy, X,, 0,,H,) — C%x1, x5, 0,, H —0 Vx,, x, e RX.

Assumption F.E2. (i) For all nonrandom sequence {0,: n > 1} for which 0, — 0,,
we have (/n(0* —0,) = (1/y/mYi= DoW(Y#, X;, 0,) + 0,(1) for Do and
Y(y, x, 0) as defined in Assumptlon F.A3. (i) lim,_ , (1/n)> 7= WY, Xi) < 0.
(i) Tim, o (1/m)Yf= 1 [Y;> 72 < o0, Tim, - (1/n) Yi=1supgey, [9(X s, O)F F° < o0
and lim,_ , (1/n )Z?:lsquENl 16/20)g(X;, O)|I*> < oo for some & > 0.

Theorem A.2. Suppose Assumptions F.D2, F.C2, F.M1, M2, and F.E2 hold. Then,
for any nonrandom sequence {0,: n =1} for which 0, — 0y, we have (a)
KS: 4 supxe,,|v(x) Ao(xYDovo| under {0,:n>1} and (b) CMi5S
[(v(x) = 46(x)Dovo)* dG(x) under {0, :n > 1}.

Proof of Theorem A.2. Let

1 n
PO = 3 w(YE Xy, 0), (A.1)
‘l n
vi(x, 0) = —= Z [YF — g(X:, 01(X; < x). (A.2)
V=



44 Y.-J. Whang | Journal of Econometrics 98 (2000) 27-46

Using a mean value expansion argument, we have
Snsupser Fo(x, 0%) = Fo(x, 0,) = 40(x) Do (0,)
= 0,(1) under {6, :n > 1}. (A.3)

under Assumptions F.M1, F.D2, and F.E2 for any nonrandom sequence
{6,: n = 1} for which 0, — 0,. By the functional CLT of Pollard (1990, The-
orems 10.2 and 10.6), we also have

Vi (+,0,) >3<V(')> A4
(ﬁ&f(@» v ) .

if Assumptions F.D2, F.C2, F.E2, and M2 hold under {0,:n > 1}, where
i, Hn),ﬁ U#(0,)) is a stochastic process indexed by xeZ and the
pseudometric p on Z is given by

12
plxy,x;) = [Hyz[(x < xy) = (x < x2)]* dH(, x)} : (A.5)

Theorem A.2 now follows by combining the results of (A.3) and (A.4) and
applying the continuous mapping theorem (see Pollard (1984, Theorem I1V.12,

p. 70)).

To obtain consistency of KS, in the fixed regressors case, we assume

Assumption F.C3. (i) supse, |[[y(& < x)dH(ZNAG,(X) — dGE)| 0.
(i) Super[fg(X, 01)(% < x)(dG,(X) — dG(%))| - 0.

The behavior of 0 under arbitrary regression function jy dH(y|-) is given by

Assumption F.E4. (i) 00, as. for some 0;€@. (i) [[y*dH(ylx)dG(x)
<o Vix1.

Theorem A.3. Suppose Assumptions F.D1, F.C3, F.M1 and F.E4 hold under the
alternative hypothesis H1. Then, for all sequences of r.v.’s {c,: n =1} with

¢, = O,(1), we have lim,_ ,, P(KS, > c,) = 1 and lim, ., ,P(CM, > c,) = 1.

Proof of Theorem A.3. Let

H(x) = J‘Jy(i < x)dH(y|X) dG(X), (A.6)

F(x, 0) = Jg(fc, 0)(% < x)dG(X). (A7)
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By Assumptions F.C3, F.E4, and the empirical process uniform LLN of Pollard
(1990, Theorem 8.3), we have
1
n

% CM, = ﬁH(x) — F(x, 0,)2dG(x) + 0,(1).

KSn = SUPxex |H(X) - F(X, 01)' + Op(l):

Theorem A.4 follows since there exists a point x e 2 for which

H(x) — F(x, 0;) = nydH(ylfc) - g(fc,@l)} (X < x)dG(x) #0. (A.8)
under the alternative hypothesis H;. [
Finally, we establish the local power results when the regressors are fixed:

Assumption F.L. (1) Tm,-., (1/n)Y7-119(X;) — g(X;, 00)>7° < oo for some
0>0.

(if) Tim,, o, (1/m)Y 5= 1 [l (v, X, Oo)I? dQ(Y|X) < ©.

(iii) SupxexU(CI(x) g(X, 00))(X < x)(dGy(X) — dG(X)) - 0.

(iv) Supxe_zu %, 00)*(% < X)(dG,,A(fC) —dG(x)) — 0.

V) [y, x, 06)(% < x)dQ(yx)(dG, (%) — dG(X)) = 0.

Theorem A.4. Suppose Assumptions F.CI1, F.MI, F.El, F.L, and V hold. Then, (a)
KS, S M, under {Q,(-]"):n =1} and (b) CM, & M, under {Q,(-|"):n > 1}.

Proof. Under {Q,(]"):n = 1}, we have
S sup |F,(x, 0) = Fo(x, 00) = A40(x) Doa(0o)] = 0,(1) (A9)

xeZ

We also have

(v,.(',eo) ) (v( ) + /1o (a(%) — g%, 0o))F < ~)dG(5c)>
S Gn00)) \vo +/no W5, %, 00)dQGIRAG()

under {Q,(-|-):n = 1}. Combining the above results and using the continuous
mapping theorem give Theorem A4. [

(A.10)
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