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Abstract

This research aims to compare the performance of the parameter estimation by the Bayesian
approach of the Gumbel type-Il distribution on four methods, namely independent metropolis-hast-
ings algorithm, random walk metropolis algorithm, independent metropolis-hastings algorithm with
Gibbs sampling, and random walk metropolis algorithm with Gibbs sampling. The comparison among
methods is made in terms of the mean square errors based on the Monte Caro simulation technique.
The shape parameters were chosen to be 0.5, 1, 2, 3, and 4, the scale parameters were chosen to
be 0.5, 1, and 2 and the sample sizes were chosen to be 20, 50, and 100. The prior distribution of
both parameters was assumed to be the Gamma distribution. Moreover, we apply four methods for
real data. The findings show that the random walk metropolis algorithm and the independent
metropolis-hastings algorithm with Gibbs sampling present the best performance in most cases
under a simulation study. For real data, the independent metropolis-hastings algorithm with Gibbs
sampling offers the best performance.
Keywords: Markov chain Monte Carlo; Independent metropolis-hastings algorithm; Random walk

metropolis algorithm; Gibbs sampling
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(asymptotic joint distribution) UaefUsENUNA
vanlugean Gue wor  Aue Yszmnaldg
n1TANuAIUINAaIfILUY (approximately
bivariate normal distribution) %ﬁﬁ'gULLUUﬁﬁﬁj

e [aj [Vu Via JJ o (05]
~ ~N b
(ﬁMLEJ ( B) \va vy B



Uil 30 aUuil 1 uNTIAN-NUNINUS 2565

5a15mermansiasimalulad

Vit M2 ] & o ¢
ABLUNING
Va1, Va2 ) |

ANULUTUTIULAEAULUSUTINTIURY ), UaY

Aonnmesyesraiy uaz (
ﬁmg FaunsndanuuUsusiuLasauLUsUsIu
suilanunsaussanalldlasnminduniiuresuming
JodunARFLNAT TR ST UNUATNISTNES
a uay B e a,,, way fB,,, auasu

W I(a, f) Juunsndarsaumnaadans
Yeilvwes (observed fisher’s information matrix)
YOINTINDS o uay B fiduunn 2 x 2 Feilaundn
\Hueauveseyiussusuiiasasilaidudonanie

asduiieuiue way B figuuuudsil

U fly) (. Blx)

o dacp | O
1 s =
(a, ) &l Blx) (e plx)
T poa op
g U)o L
e s ORI
Pllapls)  n
o (7)
P plx) (e plx) Sy ©
oadp ofoa i-1 i i

FINUAIUTEUIULUNIND AU UTUTIULAL AN
WUSUSTIWTWUOS @, w88 B, 79 1 (Guyps

ﬁ MLE )

2.3 NsUsTUNILUULUE
TusaTeliazAnensussanaaInig
Awos @ way B Lﬁamwmiaumﬂmmﬁﬂ'awﬁﬂ
Aerdumsimesmelddeauuirnududaszae
Ao Twes InedlenduaiuruiiuAIuLl
T UTIUVRINITUINUIINDUVRY @ Uae B fe

m(a,f)=m(a)7,(B) ‘Hes1nniiiines
a, >0 §I7833MuAliNITUINLIINDUVEY o
Lag 4 ADNISUANUAIUALLN FURLDUAUNUITBVS
Abbas wazang [3] HRTuAMURLILLLAINNULIRY
[ a s a [ tdy
Wwresmnsiiwes o way B I3Unuudall

b" -
7 (a)=—F=a“"'e" ;a4 >0,b >0 uay

I'(a)

al

b," o

ﬂz(ﬂ)zﬁﬂ‘” e a,>0,b,>0
2

NIILANUAINIEUAS (posterior distribution)
209 a wag B Iaidunnuruikiuauiiasy
A

p(a. Blx) e« L(a. plx)7, (@) 7 ()

ASHANaIN e uUiEeuly (condition-

al posterior distributions) U89 « way B ﬁgULLUU

AR URaLl
B )
p(Blx.a)oc prre"e 9)
waY
—(b +ilnxl )af/fixf“
p(a ?_C,ﬂ) o a("ﬂll)*le in1 in1 (10)

Faluaunis (9) NITHANUIINIYWAILUUI]
Weulvwes B fn1suanuasunuanidnisidmes
n+a, Way Y x “ +b, AIUNTUANUANENAIUY

£

fidouloves Tuaunis (10) llenunsadalvoglunis
wanuasla 1o
Tumddeiildidunouituinslnde ueaed
(metropolis-hastings algorithm) Falgun ‘?jy’umau
Wulnslnda-ugafsduuudasy (independent
metropolis-hastings algorithm, IMH) LLas%umau
TWnslndauuuiivgy (random walk metropolis
algorithm, RWM) 3nUssanasmiansifimes o uas



Thai Science and Technology Journal

Vol. 30 No. 1 January-February 2022

B uonnnihilészgndliinisdenshegiauuuivd
(gibbs sampling) snUszanaumwisdiwes B 5
Futumeuitiinsinda-usaned fioUssuna
WROT o MUAIIU

2.3.1 vuneuisiulnsTwda-ugameauwuy
9452 (independent metropolis-hastings
algorithm, IMH)

Avuali (a*,,li’*) AomUszanadulule
(candidate value) fia19ainn1suanuasinaue
Ble.p) (@ f)

rgneansuieruiIanduiniy min{l, R, }

(proposal distribution) (
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Table 1 Average of estimates and MSE for £=0.5, different values of & and different sample sizes

Methods

MLE IMH RWM IMHG RWMG

a B a B a B a B a B
0.5 | 20 | 05401 | 0.5042 | 0.5323 | 0.5110 | 0.5317 | 0.5121 | 0.5324 | 0.5111 | 0.5328 | 0.5107

0.0129 | 0.0240 | 0.0104 | 0.0190 | 0.0103 | 0.0190 | 0.0104 | 0.0190 | 0.0109 | 0.0193

50 | 0.5117 | 0.5037 | 0.5094 | 0.5072 | 0.5096 | 0.5067 | 0.5095 | 0.5069 | 0.5097 | 0.5068

0.0038 | 0.0098 | 0.0035 | 0.0090 | 0.0035 | 0.0088 | 0.0035 | 0.0089 | 0.0040 | 0.0095

100 | 0.5059 | 0.5040 | 0.5050 | 0.5058 | 0.5050 | 0.5056 | 0.5051 | 0.5056 | 0.5059 | 0.5047

0.0016 | 0.0044 | 0.0016 | 0.0043 | 0.0016 | 0.0042 | 0.0016 | 0.0042 | 0.0020 | 0.0046

1 20 | 1.0625 | 0.5057 | 1.0487 | 0.5119 | 1.0473 | 0.5130 | 1.0481 | 0.5123 | 1.0477 | 0.5125

0.0446 | 0.0224 | 0.0369 | 0.0178 | 0.0362 | 0.0177 | 0.0368 | 0.0178 | 0.0366 | 0.0177

50 | 1.0318 | 0.4972 | 1.0271 | 0.5007 | 1.0272 | 0.5007 | 1.0274 | 0.5006 | 1.0276 | 0.5005

0.0147 | 0.0092 | 0.0137 | 0.0084 | 0.0136 | 0.0084 | 0.0137 | 0.0084 | 0.0143 | 0.0085

100 | 1.0153 | 0.4982 | 1.0131 | 0.5002 | 1.0133 | 0.5001 | 1.0132 | 0.5001 | 1.0136 | 0.4999

0.0064 | 0.0043 | 0.0064 | 0.0042 | 0.0062 | 0.0041 | 0.0063 | 0.0041 | 0.0067 | 0.0042

2 20 | 2.0564 | 0.5009 | 2.0468 | 0.5044 | 2.0479 | 0.5040 | 2.0480 | 0.5042 | 2.0482 | 0.5040

0.0623 | 0.0104 | 0.0578 | 0.0095 | 0.0575 | 0.0094 | 0.0578 | 0.0094 | 0.0583 | 0.0095

50 | 2.1328 | 0.5041 | 2.1023 | 0.5112 | 2.1011 | 0.5117 | 2.1041 | 0.5107 | 2.1038 | 0.5109

0.1816 | 0.0245 | 0.1486 | 0.0194 | 0.1467 | 0.0192 | 0.1488 | 0.0193 | 0.1493 | 0.0193

100 | 2.0247 | 0.5017 | 2.0204 | 0.5040 | 2.0209 | 0.5035 | 2.0213 | 0.5033 | 2.0213 | 0.5034

0.0270 | 0.0043 | 0.0263 | 0.0042 | 0.0262 | 0.0042 | 0.0261 | 0.0041 | 0.0266 | 0.0042

3 20 | 3.1878 | 0.5111 | 3.1460 | 0.5173 | 3.1419 | 0.5181 | 3.1450 | 0.5172 | 3.1476 | 0.5168

0.4367 | 0.0234 | 0.3591 | 0.0187 | 0.3566 | 0.0186 | 0.3602 | 0.0186 | 0.3594 | 0.0185

50 | 3.0817 | 0.5015 | 3.0687 | 0.5049 | 3.0681 | 0.5050 | 3.0679 | 0.5048 | 3.0695 | 0.5046

0.1290 | 0.0096 | 0.1208 | 0.0088 | 0.1192 | 0.0087 | 0.1183 | 0.0087 | 0.1199 | 0.0087

100 | 3.0435 | 0.4999 | 3.0374 | 0.5019 | 3.0372 | 0.5019 | 3.0376 | 0.5017 | 3.0385 | 0.5016

0.0587 | 0.0041 | 0.0572 | 0.0040 | 0.0564 | 0.0039 | 0.0569 | 0.0039 | 0.0569 | 0.0039

4 20 | 4.3063 | 0.5038 | 4.2454 | 0.5107 | 4.2414 | 0.5116 | 4.2453 | 0.5108 | 4.2447 | 0.5108

0.7800 | 0.0238 | 0.6402 | 0.0189 | 0.6332 | 0.0188 | 0.6359 | 0.0188 | 0.6384 | 0.0188

50 | 4.1399 | 0.5016 | 4.1247 | 0.5046 | 4.1214 | 0.5049 | 4.1227 | 0.5048 | 4.1208 | 0.5051

0.2494 | 0.0098 | 0.2303 | 0.0090 | 0.2294 | 0.0089 | 0.2303 | 0.0089 | 0.2312 | 0.0089

100 | 4.0219 | 0.5061 | 4.0164 | 0.5076 | 4.0151 | 0.5076 | 4.0150 | 0.5077 | 4.0143 | 0.5078

0.0964 | 0.0042 | 0.0962 | 0.0041 | 0.0932 | 0.0040 | 0.0938 | 0.0040 | 0.0934 | 0.0041
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Table 2 Average of estimates and MSE for g =1, different values of a and different sample sizes

Methods

MLE IMH RWM IMHG RWMG

a B a B o B a B a B
0.5 | 20 | 0.5152 | 1.0149 | 0.5133 | 1.0136 | 0.5132 | 1.0126 | 0.5134 | 1.0129 | 0.5132 | 1.0128

0.0039 | 0.0233 | 0.0037 | 0.0217 | 0.0037 | 0.0217 | 0.0037 | 0.0217 | 0.0039 | 0.0219

50 | 0.5361 | 1.0433 | 0.5299 | 1.0348 | 0.5298 | 1.0354 | 0.5298 | 1.0355 | 0.5294 | 1.0357

0.0120 | 0.0756 | 0.0124 | 0.0627 | 0.0104 | 0.0627 | 0.0104 | 0.0626 | 0.0107 | 0.0631

100 | 0.5052 | 1.0078 | 0.5044 | 1.0070 | 0.5044 | 1.0068 | 0.5043 | 1.0069 | 0.5036 | 1.0076

0.0016 | 0.0114 | 0.0016 | 0.0112 | 0.0016 | 0.0110 | 0.0016 | 0.0110 | 0.0021 | 0.0114

1.0 | 20 | 1.0715 | 1.0334 | 1.0587 | 1.0267 | 1.0582 | 1.0267 | 1.0585 | 1.0262 | 1.0587 | 1.0262

0.0488 | 0.0818 | 0.0423 | 0.0680 | 0.0421 | 0.0677 | 0.0421 | 0.0676 | 0.0431 | 0.0677

50 | 1.0288 | 1.0131 | 1.0246 | 1.0112 | 1.0250 | 1.0110 | 1.0248 | 1.0112 | 1.0264 | 1.0107

0.0148 | 0.0249 | 0.0141 | 0.0234 | 0.0141 | 0.0233 | 0.0140 | 0.0232 | 0.0147 | 0.0233

100 | 1.0144 | 1.0059 | 1.0129 | 1.0049 | 1.0127 | 1.0048 | 1.0129 | 1.0049 | 1.0126 | 1.0050

0.0065 | 0.0117 | 0.0064 | 0.0116 | 0.0063 | 0.0113 | 0.0063 | 0.0113 | 0.0066 | 0.0114

20 | 20 | 2.1685 | 1.0411 | 2.1417 | 1.0332 | 2.1423 | 1.0343 | 2.1424 | 1.0334 | 2.1408 | 1.0338

0.1989 | 0.0781 | 0.1723 | 0.0649 | 0.1734 | 0.0650 | 0.1727 | 0.0645 | 0.1723 | 0.0646

50 | 2.0562 | 1.0113 | 2.0477 | 1.0094 | 2.0487 | 1.0092 | 2.0485 | 1.0094 | 2.0480 | 1.0096

0.0537 | 0.0232 | 0.0512 | 0.0215 | 0.0510 | 0.0216 | 0.0510 | 0.0217 | 0.0511 | 0.0216

100 | 2.0241 | 1.0126 | 2.0209 | 1.0117 | 2.0204 | 1.0119 | 2.0203 | 1.0118 | 2.0219 | 1.0114

0.0245 | 0.0119 | 0.0245 | 0.0116 | 0.0238 | 0.0116 | 0.0239 | 0.0115 | 0.0244 | 0.0116

3.0 | 20 | 3.2351 | 1.0275 | 3.1973 | 1.0214 | 3.1977 | 1.0210 | 3.1974 | 1.0211 | 3.1963 | 1.0211

0.4120 | 0.0685 | 0.3580 | 0.0570 | 0.3585 | 0.0571 | 0.3575 | 0.0569 | 0.3587 | 0.0568

50 | 3.0735 | 1.0117 | 3.0637 | 1.0095 | 3.0621 | 1.0097 | 3.0623 | 1.0098 | 3.0607 | 1.0099

0.1273 | 0.0247 | 0.1226 | 0.0232 | 0.1211 | 0.0231 | 0.1212 | 0.0231 | 0.1219 | 0.0231

100 | 3.0164 | 1.0132 | 3.0116 | 1.0123 | 3.0111 | 1.0122 | 3.0111 | 1.0123 | 3.0107 | 1.0124

0.0542 | 0.0113 | 0.0539 | 0.0111 | 0.0530 | 0.0109 | 0.0533 | 0.0109 | 0.0533 | 0.0109

4.0 | 20 | 4.3286 | 1.0354 | 4.2741 | 1.0284 | 4.2748 | 1.0289 | 4.2743 | 1.0286 | 4.2756 | 1.0285

0.8622 | 0.0707 | 0.7512 | 0.0591 | 0.7507 | 0.0590 | 0.7513 | 0.0589 | 0.7515 | 0.0589

50 | 4.0924 | 1.0168 | 4.0763 | 1.0153 | 4.0775 | 1.0147 | 4.0765 | 1.0148 | 4.0772 | 1.0147

0.2096 | 0.0237 | 0.2011 | 0.0223 | 0.1993 | 0.0222 | 0.1996 | 0.0221 | 0.1996 | 0.0221

100 | 4.0583 | 1.0048 | 4.0500 | 1.0042 | 4.0513 | 1.0039 | 4.0513 | 1.0040 | 4.0516 | 1.0040

0.0981 | 0.0116 | 0.0963 | 0.0113 | 0.0960 | 0.0112 | 0.0956 | 0.0112 | 0.0960 | 0.0112
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Table 3 Average of estimates and MSE for g =2, different values of a and different sample sizes

Methods

MLE IMH RWM IMHG RWMG

a B a B a B a B a B
0.5 | 20 | 0.5376 | 2.1880 | 0.5306 | 2.1405 | 0.5306 | 2.1412 | 0.5305 | 2.1400 | 0.5311 | 2.1423

0.0124 | 0.4588 | 0.0106 | 0.3357 | 0.0105 | 0.3416 | 0.0105 | 0.3384 | 0.0114 | 0.3449

50 | 0.5153 | 2.0643 | 0.5135 | 2.0533 | 0.5134 | 2.0531 | 0.5132 | 2.0529 | 0.5131 | 2.0530

0.0035 | 0.1008 | 0.0033 | 0.0941 | 0.0033 | 0.0933 | 0.0033 | 0.0934 | 0.0037 | 0.0941

100 | 0.5074 | 2.0322 | 0.5063 | 2.0270 | 0.5065 | 2.0271 | 0.5065 | 2.0273 | 0.5055 | 2.0259

0.0017 | 0.0467 | 0.0016 | 0.0450 | 0.0016 | 0.0452 | 0.0016 | 0.0450 | 0.0020 | 0.0452

1.0 | 20 | 1.0649 | 2.1882 | 1.0518 | 2.1426 | 1.0517 | 2.1436 | 1.0520 | 2.1439 | 1.0521 | 2.1439

0.0413 | 0.4017 | 0.0354 | 0.3030 | 0.0352 | 0.3053 | 0.0353 | 0.3050 | 0.0360 | 0.3055

50 | 1.0306 | 2.0758 | 1.0267 | 2.0635 | 1.0266 | 2.0646 | 1.0265 | 2.0641 | 1.0267 | 2.0642

0.0161 | 0.1138 | 0.0154 | 0.1056 | 0.0153 | 0.1059 | 0.0153 | 0.1051 | 0.0157 | 0.1057

100 | 1.0141 | 2.0310 | 1.0123 | 2.0261 | 1.0124 | 2.0260 | 1.0123 | 2.0260 | 1.0108 | 2.0250

0.0066 | 0.0449 | 0.0065 | 0.0437 | 0.0065 | 0.0434 | 0.0065 | 0.0433 | 0.0069 | 0.0430

2.0 20 | 2.1568 | 2.1909 | 2.1275 | 2.1430 | 2.1284 | 2.1440 | 2.1279 | 2.1419 | 2.1280 | 2.1421

0.1939 | 0.4758 | 0.1650 | 0.3422 | 0.1651 | 0.3465 | 0.1644 | 0.3404 | 0.1646 | 0.3405

50 | 2.0579 | 2.0783 | 2.0493 | 2.0664 | 2.0500 | 2.0671 | 2.0499 | 2.0665 | 2.0480 | 2.0660

0.0587 | 0.1175 | 0.0559 | 0.1082 | 0.0557 | 0.1083 | 0.0557 | 0.1084 | 0.0559 | 0.1080

100 | 2.0301 | 2.0318 | 2.0263 | 2.0276 | 2.0265 | 2.0269 | 2.0266 | 2.0269 | 2.0261 | 2.0269

0.0255 | 0.0475 | 0.0251 | 0.0468 | 0.0250 | 0.0461 | 0.0249 | 0.0459 | 0.0253 | 0.0460

3.0 | 20 | 3.2306 | 2.1864 | 3.1878 | 2.1419 | 3.1895 | 2.1443 | 3.1888 | 2.1426 | 3.1891 | 2.1426

0.4386 | 0.3733 | 0.3761 | 0.2877 | 0.3771 | 0.2898 | 0.3791 | 0.2873 | 0.3767 | 0.2873

50 | 3.0785 | 2.0544 | 3.0662 | 2.0446 | 3.0667 | 2.0434 | 3.0673 | 2.0436 | 3.0656 | 2.0433

0.1324 | 0.1068 | 0.1271 | 0.1009 | 0.1260 | 0.0989 | 0.1260 | 0.0991 | 0.1265 | 0.0996

100 | 3.0435 | 2.0336 | 3.0387 | 2.0291 | 3.0378 | 2.0287 | 3.0382 | 2.0287 | 3.0387 | 2.0287

0.0587 | 0.0433 | 0.0581 | 0.0425 | 0.0572 | 0.0420 | 0.0573 | 0.0419 | 0.0577 | 0.0418

40 | 20 | 4.2705 | 21973 | 4.2151 | 2.1468 | 4.2152 | 2.1499 | 4.2141 | 2.1476 | 4.2146 | 2.1475

0.7570 | 0.4911 | 0.6401 | 0.3455 | 0.6453 | 0.3498 | 0.6432 | 0.3458 | 0.6406 | 0.3443

50 | 4.0966 | 2.0613 | 4.0806 | 2.0502 | 4.0803 | 2.0510 | 4.0805 | 2.0501 | 4.0816 | 2.0504

0.2224 | 0.1035 | 0.2126 | 0.0974 | 0.2114 | 0.0965 | 0.2120 | 0.0961 | 0.2120 | 0.0964

100 | 4.0580 | 2.0336 | 4.0516 | 2.0291 | 4.0504 | 2.0288 | 4.0509 | 2.0287 | 4.0515 | 2.0287

0.1043 | 0.0433 | 0.1033 | 0.0425 | 0.1017 | 0.0420 | 0.1020 | 0.0419 | 0.1019 | 0.0418
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