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Abstract
Generalized Additive Model has been considered as a multivariate
smoother that appeared recently in Nonparametric Regression Analysis.
Thus, this research is devoted to study the mixed situation, i.e. for the
phenomena that changes its behaviour from linear ( with known
functional form) represented in parametric part, to nonlinear (with
unknown functional form: here, smoothing spline) represented in
nonparametric part of the model. Furthermore, we propose robust
semiparametric GAM estimator, which compared with two other existed

techniques.
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