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Bayesian inference for dynamic heterogeneity stochastic frontier
model
CHENG Di', ZHANG Shi-bin?
(1. School of Math. Sci., Inner Mongolian Univ., Hohhot 010021, China;
2. Dept. of Math., Shanghai Maritime Univ., Shanghai 201306, China)

Abstract: If heterogeneity of the “inefficiency” term is disregarded, it will result in the incorrect
estimate of this term in the stochastic frontier model. By combining the influence from characteristic
differences of individuals with the time-varying property of variance, a dynamic heterogeneity stochastic
frontier model is proposed. By the Gibbs sampling, the methodology for Bayesian analysis of the
dynamic heterogeneity stochastic frontier model is given. For each model parameter, the posterior
distribution is derived. A simulation study shows that under the criterion of minimizing the posterior
mean square error, the Bayesian estimate is close to its true value for small and medium sized samples.
From the Bayesian analysis based on the real electric power company generation data, it is evidenced
that there exists the time-varying property for the variance of the logarithm “inefficiency” term.

Keywords: stochastic frontier model; Bayesian inference; heterogeneity; Gibbs sampling;
Metropolis-Hastings sampling
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