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Abstract

Bayesian statistical diagnosis of joint mean and covariance models with longitudinal data is stu-
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died. By combining the Gibbs sampler and Metropolis-Hastings algorithm, the Bayesian case dele-
tion diagnosis statistic is obtained to identify data outliers. Simulation study and a real data anal-
ysis show that the proposed diagnosis method is feasible and effective.
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Figure 1. Results based on Bayesian case deletion diagnosis when n = 30
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Figure 2. Results based on Bayesian case deletion diagnosis when n = 60
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Figure 3. Plot for the cattle data and the thicker line is the polynomial fitted curve: (a) linear polynomial fit-
ted curve; (b) quadratic polynomial fitted curve and (c) cubic polynomial fitted curve
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