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Abstract

Based on variance modeling, Bayesian estimation and outlier identification of varying coefficient
heteroscedastic models are studied, where the nonparametric part is approximated by B-spline.
By combining the Gibbs sampler and Metropolis-Hastings algorithm, Bayesian estimation and
Bayesian diagnosis statistics based on the K-L distance are obtained to identify outliers. Simula-
tion studies show that the proposed Bayesian methods are feasible and effective.
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REM A TR W 1T AATBIERAR §) AT W2 . RMS A SD BT I, A& TR el (e 2 D14y
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Table 1. Bayesian estimation of model parameters under different sample sizes and prior distributions

1 TEMHEARENER S5 TRESHH N ITER

n=280 n=150
Type ZH

Bias SD RMS Bias SD RMS
B 0.0027 0.1184 0.1160 0.0020 0.0803 0.0759
B, 0.0028 0.1310 0.1224 0.0061 0.0912 0.0880
B, 0.0019 0.1181 0.1060 0.0051 0.0804 0.0776

|
VA 0.0208 0.2075 0.1884 0.0105 0.1453 0.1483
7, 0.0301 0.2193 0.1964 0.0194 0.1569 0.1517
Vs 0.0026 0.2025 0.1799 0.0194 0.1418 0.1365
B, 0.0466 0.1144 0.1265 0.0143 0.0797 0.0790
B, 0.0341 0.1238 0.1301 0.0107 0.0913 0.0910
oA 0.0182 0.1144 0.1075 0.0047 0.0804 0.0793

1
VA 0.1612 0.2350 0.2685 0.0700 0.1530 0.1722
7, 0.1906 0.2586 0.3032 0.0806 0.1671 0.1858
Vs 0.0919 0.2349 0.2537 0.0119 0.1489 0.1454
2z 0.0125 0.1196 0.1179 0.0025 0.0814 0.0784
B, 0.0024 0.1303 0.1300 0.0084 0.0935 0.0914
B, 0.0016 0.1195 0.1116 0.0059 0.0823 0.0800

11
VA 0.0219 0.2372 0.2303 0.0090 0.1534 0.1611
7, 0.0363 0.2668 0.2516 0.0161 0.1686 0.1774
7 0.0014 0.2401 0.2410 0.0220 0.1499 0.1490
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Figure 1. The average estimated curves of nonparametric parts «,(u) and a,(u) when n =80 and prior information of Type |
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