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The Bayes Estimation of Parameters
in Semiparametric Partially Linear Additive Model
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Abstract: In this paper we study Bayes estimator of parameters in semiparametric partially linear additive
model. The Bayes minimum risk linear unbiased estimator of parameters was derived in the semiparametric
partially linear additive model. The superiority of the new estimator over Profile least squares estimator
was discussed in terms of mean square error matrix criterion.
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