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1 Introduction

Let (yi,x′
i, ti)

′ be independent observations such that yi ∈ IR, ti ∈ IR, xi = (xi1, . . . , xip)
′ ∈ IRp

and
yi = β′xi + g(ti) + εi 1 ≤ i ≤ n , (1)

where the errors εi are independent and independent of (x′
i, ti)

′. As in Speckman (1988), Linton
(1995), He, Zhu and Fung (2001) and González Manteiga and Aneiro Pérez (2003), we will assume
that for 1 ≤ j ≤ p

xij = φj(ti) + zij 1 ≤ i ≤ n , (2)

where the errors zij are independent and independent of ti. Denote zi = (zi1, . . . , zip)
′.

This model, which has been studied by several authors (see, for instance, Härdle, Liang and
Gao (2000)), generalizes the linear model and is more flexible since it includes a nonparametric
component. Model (1) can be a suitable choice when one suspects that the response y linearly
depends on x, but that it is nonlinearly related to t. In the context of hypothesis testing, Gao
(1997) established a large sample theory for testing H0β : β = 0 under model (1), while Härdle,
Liang and Gao (2000) tested H0g : g = g0 too. Recently, González Manteiga and Aneiro Pérez
(2002) studied the case of dependent errors.

2 Robust estimators

It is well known that, both in linear regression and in nonparametric regression, least squares
estimators can be seriously affected by anomalous data. The same statement holds for partly
linear models.

Let (y,x′, t, ε, z′) be a random vector with the same distribution as (yi,x′
i, ti, εi, z

′
i) and assume

that ε and zj have symmetric distributions F (·/σo) and Gj

(
·/σzj

)
respectively. Denote φo(t) =

E(yi|ti = t) and φ(t) = (φ1(t), . . . , φp(t))
′. Then, we have g(t) = φo(t) − β′φ(t) and hence y −

φo(t) = β′(x − φ(t)) + ε. In a robust setting, φo(t) and φ(t) will also be the robust conditional
location functionals if the errors ε and zj have a symmetric distribution.

Bianco and Boente (2003) introduced a three step robust procedure which can be described as
follows:

• Step 1: Estimate φo(t) and φj(t) through a robust smoothing, as the local medians or local

M–type estimates. Denote φ̂o(t) and φ̂j(t) these estimates and φ̂(t) =
(
φ̂1(t), . . . , φ̂p(t)

)′
.

• Step 2: Estimate the regression parameter by applying a robust regression estimate to the
residuals yi − φ̂o(ti) and xi − φ̂(ti). Let β̂ denote the obtained estimator.
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• Step 3: Define the estimate of the regression function g as ĝ(t, β̂) = φ̂o(t) − β̂
′
φ̂(t).

In Step 3, an alternative estimator of the regression function g can be obtained by robustly
smoothing the residuals yi − β̂

′
xi. However, it should be expected that a different smoothing

parameter than the one in Step 1 may be preferable, as the residuals yi − β̂
′
xi have a smaller

variability than the original variables yi. This gives another possible estimate ̂̂g(t, β̂).
Bianco and Boente (2003) studied the asymptotic behavior of the estimate β̂ defined, in Step

2, as any solution of
n∑

i=1

ψ1

(
r̂i − β̂

′
ẑi

sn

)
w2 (‖ẑi‖) ẑi = 0, (3)

with ψ1 and w2 a score and a weight function, respectively, r̂i = yi − φ̂o(ti), ẑi = xi − φ̂(ti) and sn

an estimate of the residuals scale. These authors showed that
√
n(β̂−β) is asymptotically normally

distributed under model (1).

3 Test Statistics

Beyond the importance of developping robust estimators in more general settings, the work on
testing also deserves attention. An up–to–date review of robust hypothesis testing results can be
found in He (2002).

In some situations, we are interested in finding out the impact of a covariable on the response
variable y. That is, we would like to make inference on the regression function g. In this talk,
we will focus on the problem of testing on the model (1) the following nonparametric hypothesis
H0β : g = go, and we will propose a class of tests based on the three step robust procedure
described above.

The asymptotic behavior of the test statistics, under the null hypothesis and contiguous alter-
natives, is derived heuristically. Through a Monte Carlo study we illustrate the performance of the
proposed tests.
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