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Abstract

Let (yi,x′
i, ti)

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

and
yi = β′xi + η(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. Least square estimators have been studied by
several authors (see for instance, Härdle, Liang and Gao (2000)).

All these estimators, as nonparametric estimators, depend on a smoothing parameter that
should be choosen by the practitioner. As it is well known, large bandwidths produce estimators
with small variance but high bias, while small values produce more wiggly curves. This trade–off
between bias and variance lead to several proposals to select the smoothing parameter, such as
cross-validation procedures and plug–in methods. Linton (1995), using local polynomial regression
estimators, obtained an asymptotic expression for the optimal bandwidth in the sense that it mini-
mizes a second order approximation of the mean square error of the least squares estimate, β̂ls(h),
of β. This expression depends of the regression function we are estimating and on parameters
which are unknown, as the standard deviation of the errors.

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. To avoid that problem, Bianco and Boente (2003) considered a three–step robust estimate
for the regression parameter and the regression function. Besides, for the nonparametric regression
setting, i.e., when β = 0, the sensitivity of the classical bandwidth selectors to anomalous data
was discussed by several authors, such as, Leung, Marrot and Wu (1993), Wang and Scott (1994),
Boente, Fraiman and Meloche (1997) and Cantoni and Roncheti (2001).

In this talk, we will introduce a robust plug–in selector for the bandwidth, under a partly
linear model (1) which converges to the optimal one and leads to robust data–driven estimates
of the regression function g and the regression parameter β. Through a Monte Carlo study, the
behavior of the classical approach and of the resistant selectors is compared under normality and
contamination.
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