Statistics and Application i1t 58, 2016, 5(4), 350-358 Hans X
Published Online December 2016 in Hans. http://www.hanspub.org/journal/sa
http://dx.doi.org/10.12677/sa.2016.54037

Bayes AR(p) Analysis of Container
Throughput Based on the Gibbs Sampling

Shanwei Zhu

School of Economics & Management, Shanghai Maritime University, Shanghai
Email: 1377490996 @qq.com

Received: Nov. 26‘h, 2016; accepted: Dec. 9‘h, 2016; published: Dec. 15th, 2016

Copyright © 2016 by author and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

Abstract

AR(p) model is widely used for time series forecasts; however, it's difficult for traditional static
model to deal with emergencies, which lead to estimation bias. In view of the influences of emer-
gencies for model estimation, we carry out Bayesian analysis of the model by aid of the Gibbs sam-
pling. According to likelihood function’s statistical structure of the time series samples, the prior
distribution is obtained. After getting the posterior empirical distribution of parameters, the spe-
cific sampling strategy is proposed. Under the minimum mean square error estimation criterion,
the simulation experiments show that the estimates are close to the true value. The analysis for
the data of Shanghai port’s container throughput from 1982 to 2015 indicates that by aid of the
Bayesian analysis, the estimation bias from emergencies can be overcome so that the model pre-
diction is more accurate.
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Table 1. The estimation of parameters posterior mean
%= 1. SHEWHERITER

N HE 50 100 200

0, 0.7 0.6939(0.1719) 0.7011(0.1142) 0.7048(0.0923)
6, -0.1 —0.098(0.1556) —0.1056(0.1191) —0.1089(0.1085)
o 0.01 0.0160(0.0015) 0.010(0.0010) 0.0134(0.0011)

Table 2. Shanghai port’s container throughput from 1982 to 2015
= 2.1982~2015 F LIS BERMABILE

HiE Hi R gadlin sy

G GRN G
(Ji TEV) (Ji TEV) (Ji TEV)

1982 6.6 1994 119.9 2006 2171.9
1983 8.0 1995 152.6 2007 2615.2
1984 115 1996 197.1 2008 2800.6
1985 20.2 1997 935 2009 2500.2
1986 20.4 1997 119.9 2010 2906.9
1987 224 1998 152.6 2011 3173.9
1988 313 2000 197.1 2012 3252.9
1989 35.4 2001 252.8 2013 3361.7
1990 456 2002 306.6 2014 3528.5
1991 57.7 2003 421.6 2015 3653.7
1992 73.1 2004 1455.4
1993 93.5 2005 1808.4
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Figure 1. Shanghai port’s container throughput from 1982 to 2015
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Figure 2. Shanghai port’s logarithmic container throughput from 1982 to 2015
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Figure 3. ACF (up), PACF (down) of logarithmic container throughput’s second order difference
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Figure 4. The last 2000 iterations procedure of the parameter
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Table 3. The estimation of parameters posterior mean
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