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The Empirical Bayes Test for Parameter of Exponential-Weibull Family

GUI Guoxiang' HUANG Juan®

(1. College of Mathematics and Informatics Jiangxi Normal University Nanchang Jiangxi 330022 China;
2. College of Mathematics and Computer Guangdong Ocean University Zhanjiang Guangdong 524088 China)

Abstract: The empirical Bayes test problem for parameter of Exponential- Weibull distribution under linear loss is
studied by the empirical Bayes approach. Test rule for the parameter of Exponential-Weibull distribution is construc—
ted under the condition that the past samples are long range associated. The asymptotically optimal property and
convergence rates for the proposed empirical Bayes test rules are obtained.

Key words: long range negative associated; empirical Bayes test; asymptotic optimality; convergence rates



