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Abstract: Measurement error models are the statistical models in which random noise is

added to input variables as well as output variables. We consider the estimation problem of

the regression function in a reproducing kernel Hilbert space (RKHS) for the measurement

error models. We apply Markov chain Monte Carlo approach to estimate the posterior of

the function. To deal with the infinite dimensionality of RKHS, we introduce a trick to

exchange the order of sampling of the hidden variable and the function.
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k(z,2") = exp(=B(z — 2)?) (4)
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