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The Bayesian Estimation and Prediction for the Topp-Leone
Distribution under Type-I Doubly Censored Sample

DENG Yanlin
( School of Mathematics and Science Jingchu University of Technology Jingmen Hubei 448000 China)

Abstract: In this paper the maximum likelihood estimation of the parameter in the Topp-Leone distribution is ob-
tained under type-I doubly censored sample. Based on the non-information prior distribution and Gamma prior dis—
tribution the Bayesian estimation of the parameter is obtained under the squared loss and precautionary loss respec—
tively. According to the posterior density function the Bayesian credible interval of the unknown parameter and the
predictive density of future observation are obtained and then the predictive values and predictive intervals can be
obtained. The mean square errors of various estimators are calculated by means of Monte-Carlo simulation the con—
clusion is that the Bayesian estimation of the parameter is optimal under the Gamma prior distribution and the
squared loss function. Finally an example of life data is used to calculate the estimation of the unknown parameter
the predictive values and predictive intervals of future observation.

Key words: Topp-d.eone distribution; Type-I doubly censored sample; Bayesian estimation; Bayesian prediction



