Pure Mathematics EHiB¥(%%, 2022, 12(3), 384-391 Hans Xl
Published Online March 2022 in Hans. http://www.hanspub.org/journal/pm
https://doi.org/10.12677/pm.2022.123042

FEXRFRIRK B Y TR EME 5 H RESHR
Bayesfhiit

FeEm - FER, AFHB
BRI R 2B Bl e, HisE BEASE

WekE H . 20224F2H11H; FHE#: 20224834 14H; KA H: 20224F3421H

R

TR R BRI BE Bayesfhiit M HHEEEEH. CARSEEEANFATRELH, FHELER
A TR T AN EAE S mRESE Bayesftith . A3CE T QuasiZe 77 4 B 7E Linex it & 54
WREET, PR TS oA RESE K Bayesflitt. 34 H T HAERB LKL T HE-Bayesfh i+l
% EBayesftitt. &/l BEED FEN AT ERIR R E#T BT, SRERH, BRSA
HQuasifH ikt , RESH 0K Linexii R ERECT KBayesfi it BB AR FHREBEET, ERIIEMHE.
K §EiA

XML, RESH, LinexiRREH, MR EREH

Bayes Estimation of Scale Parameter of Log
Gamma Distribution under Asymmetric Loss
Function

Rouxianguli Xukuer?, Juling Zhou*

School of Mathematics and Science, Xinjiang Normal University, Urumgi Xinjiang

Received: Feb. 11", 2022; accepted: Mar. 14™, 2022; published: Mar. 21%, 2022

Abstract

The selection of loss function and prior distribution plays an important role in Bayes estimation.
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Many scholars have studied the Bayes estimation of log-gamma distribution scale parameter un-
der different loss function and different prior distribution. Based on Quasi-prior distribution and
Linex loss function and entropy loss function respectively, the Bayes of log-gamma distribution
scale parameter is studied. And its E-Bayes estimation and multilayer Bayes estimation under en-
tropy loss function are given. Finally, the numerical simulation method is used to compare the ro-
bustness of various estimation results. The results show that when the prior distribution is Quasi,
the Bayes estimation under the Linex loss function of the scale parameter theta is more stable and
accurate than that under the entropy loss function.
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Table 1. Parameter estimation of parameter theta under Linex loss function

= 1. Linex L TS 0 (IS Hht

3, a=97 a=98 a=99 a=100 a=101 Wz MSE
d=0.1 0.8281 0.8254 0.8228 0.8202 0.8176 0.0105 22x107
d=02 0.8272 0.8246 0.8220 0.8194 0.8168 0.0104 1.8x107°
d=03 0.8264 0.8238 0.8212 0.8186 0.8160 0.0104 1.5x107°
d=04 0.8256 0.8230 0.8203 0.8178 0.8152 0.0104 1.4x107°
d=05 0.8248 0.8221 0.8195 0.8169 0.8144 0.0104 1.4x107°
d=0.6 0.8239 0.8213 0.8187 0.8161 0.8136 0.0103 1.5x107
d=0.7 0.8231 0.8205 0.8179 0.8153 0.8128 0.0103 1.8 x107
d=0.8 0.8223 0.8197 0.8171 0.8145 0.8119 0.0104 22x107
d=09 0.8215 0.8189 0.8163 0.8137 0.8111 0.0104 2.7x107

W 7% 0.0066 0.0065 0.0065 0.0065 0.0065
MSE 49x107° 1.6 107 84x10° 25 x10°  52x107°
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Table 2. Parameter estimation of parameter theta under entropy loss function
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d Oy
34.1 0.8267
342 0.8254
343 0.8242
345 0.8229
345 0.8216
34.6 0.8204
347 0.8191
348 0.8179
349 0.8166
& 0.0101
MSE 25x107°
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Table 3. Parameter estimation of parameter theta under the prior distribution of gamma distribution

F 3. MBAHAES T TESH 0 WS HAT

8, a=2 a=3 a=4 a=5 a=6 W7 MSE
£=0.1 0.8224 0.8191 0.8158 0.8125 0.8093 0.0131 3.9x107
£=0.2 0.8233 0.8199 0.8166 0.8133 0.8101 0.0132 33x107
£=03 0.8241 0.8207 0.8174 0.8141 0.8109 0.0132 2.8x107
£=0.4 0.8249 0.8216 0.8182 0.8150 0.8117 0.0132 2.5x107
£=05 0.8257 0.8224 0.8191 0.8158 0.8125 0.0132 23x107
£=0.6 0.8266 0.8232 0.8199 0.8166 0.8133 0.0133 22x107
£=0.7 0.8274 0.8240 0.8207 0.8174 0.8141 0.0133 23x107
£=0.8 0.8282 0.8248 0.8215 0.8182 0.8149 0.0133 24 %107
£=09 0.8290 0.8256 0.8223 0.8190 0.8158 0.0132 2.7x107

& 0.0066 0.0065 0.0065 0.0065 0.0065
MSE 3.7x107° 1x107° 53x10° 22x107° 6x107°

E: n=50,T=79.7130, 0 = 2.
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