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measaremnent error, In most cases researchers do -u'::ﬂd normality when intend lo compule
The ervor is denoted as v with its varlance as o2 . I Is impoasible 10 know aprior what

ihe variances of both errors structured are. Thus Iwo forms of vananccs exisi-one with known
form and the other with unknown form. |t should be noted that goth ermors are present particularly
when data generating process (DGP) is not used

iference is an sliermative o ¢lassical siatistical point of view. In Bayesian framework,
the knowledge about the parameter estimates of the model is described by probabilily disimbution
The joimt posterior distribution is the product of likelihood amd prioe which 1s divided by
normalizing constani, thus normalizing constant gfien poriend computational mtensave h s
therefore usually assumed equal 1o unity Meanwhile, Markov Chain Monte ( srlo simu laten
technique thal draw correlated sample of parameters from the joint posterior  distribution wolh
normalizing constant set 10 unily woull proffer solution 1o the problem of intensive comp Ll 1
Giilks o ol 1996). Boscardin and Gelman (| #95) developed a Rayesian approach in whic b Gilslss
and is-Hasting algorithms were wsed 1o the model paramcters of heteroscedastic ity in the
Imenr Obiant (1982) derived the Bayesian eslimator for  heloriics dasticity lingar moide
using Monte Carlo experiment, they found that the Bayesian cstimator when coimp ed with some
waditional estimators shows the best properties in (he mean squares error colerind Since Chian
{1982) obtnined the Bayesian estimate by numerical imtcgration, 1 13 nob easy o ewiend 1o i
miltidimensional cases of both the regression coeflicient wivd heleroacedasic parameters

Guermat & Hadri (1999) examined Heterascednsticny i stochasti fromiier models using & Kol
Carlo approach, ibey alTirmved that comecting lieleroscednaticity when present imipaos fici
bl when nod presend, comecting It wioild bring about pdverse eflect. L el mifZ0 HH
oo the Multiplicative Heteroscedastic Von-Bertalanfly Model and propose helerosceca
sigmoidal growth model They opined ha small and moderate number of observation da ot ha
empirical converge of probabilities of the credible interval and they examins pyrmpdo
of the their estimator. Are & Jani{2012) worked on Bayesian iwi-slage regression witl
ﬂ heteroscedasticity where they opaned that data lend sirong support o ihe wse of ihe
Heteroscedasticity [aycsian I5iage (HB28S) in lew of Homdadcedssticily Bayesian i
M- Reis & & ali2008) examined Boyesian Generalized lenst squares regres ] 1
#u log pearson [ype J regional skew estimation where profite likclib A jud
analytic solution were gsed to marginalizing the posterior denay Daniel and bn 1012 20
examined Minimum Message Length Ridge Regression for Generalized |Linear Ml vIvere thi
extahlished BRPETOTIY of minimum message length 0 ol st mal i

WMMW Efficient linear regression by min ness g . M 1
Invariant |incar Regression and apined that mmiST cutperformed other cstimal

L DESIGNS

= XF + 1 with u~N(0,5/01) where 11 s 3 oo ite

1 ~H 1) is a homoscedastic model with consiant & bul u~N(D ndicates
. . ‘ diagonal elemient of n = n matrix i’y wehiic pard |

] y .*i



sdopted Harvey (1976) heteroscedastic emor sructwre o = 0°(J,X; + BaX)'
Bubled sided]. We represent (B,X, + f,X,)" by w The likelihood function of 8. whers
(Box Py B;.9.7) given the sample vector X, X, = (12, _.n) sady = (.75 - %)

ﬁ i L{0,0IX,y) = (2me%) [, exp [~ B8y, - BF)
~ Incorporating of N into (2) produces MLE, GLS and MMLS? likelihoods

L8, olX. y) = (2ma?y " [, "mrﬂl-ﬁiﬂ.w“bu —~ XB)| = MLEws (3

LB.o|X.y) = (2xe®) L |w =" |exp [- Tl — X A(y; — XB)| o= GLSun
@)

L == H"LETH--:

elthood (3)04) and

Tk -
it .
B Maltivariate normal Prior: 5
. .#'i:ww[-#m-m*].nw l
" f.m‘qﬂ-hn‘l.a‘}n |
s Ko %)
gist Posterior Density %(Bo.By.fi. A 01X.) 3=
Ap— 5 __H'Tu_m}']nr"“’_hlflpg—ﬁib; ‘_1:11'.:.‘:._.‘ Ay,
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I"“ the joind  densities (9, (1o, & 1) wri & produce marginsl denimy o
i —parsmeters l“ is updated with M 1 slgorithm. Dito for o' For full detsil of judnt and
arginal posicriors density of Bavesian | inea Heteroscedasticity Linear Model, reader shauld s
Oloyede o af (20130 wnd 20135,

3 DATA CENERATION PROCESSES

In a0 atiemp 1o mvesligate the asympiodic eonsistency, and efficiency of estimator of Lol
ml in the presence of h!lmlhl-l": Eftor sinuciure, we adopaed Markioy U hain Manie Carlio
Experimem. The sample sizes are specificd with & seln 08 follow: 25, 50, 100, 200,400 snd 100

Harvey (1976} multiphicstive hetereacedasiic cnor slruclure i mdopied 10 mincate lmenr
SCOROMELTE made]

The scale of A -*h!lﬂﬂl-l.'lﬂ-lll;i': GTor sireclure 5 sebecied & OO homoscedastic. 0.7 ks

W, 03 & O S-moderately heterascedastic, 1.9-makdby heierascednitic amd | & 2
severely hetoroscedastic. Following Gierma  and seer, (2000), the distribulion of the main
FEgresain I8 dnsumed 1o be maderately heteroscodastic when variance is propartional s 5, whene
oy ranged from 11 w0 13-mesokurios) and Hrongly hetcrescedasiic where x; ranged from 4 1o §-
platokunos The error 1am U ois penermed based on E(U) =0 and E(L'UF) = (4, 4 Lz, 4
Agxg )t iy = 0.0;0.3; 0.5,0.6; 091 and 2 ol Ao A, amd d, are sel w -2 0 25 and |
regpectively, Thereafler, we incorporsied L imo (he madlel o gemerate variable v Ths
parameters [y, ff, and §; are et a0 8= 10, By = 1 and B, = | respectively 1o Bemeraie variable y
For the ian experiment, a Metapolis Hasting Algorishm wos developed 10 simslsie i
MMLET hetcroscedasiic based madels Fhis was imvoked i [R 3.0 Ula Siatksibcal sollware The
data s claws comtained 1he posberiar usiinple for she made| parameicrs. The nowam opRion wwed 1o
specify the number of postersor simulation iseration was sei s [0 G0 The BURN-IM s set s
1000 which speciflod the draws that were discarded 1o remove the effect of the inifial vahies, The
THINING s set at'S 10 ensure the remeval of the «ilect of B O e b i

d. RESULTS AND DISCUSSION
Tabsle I: Comparison of tho Perfarmances of Fstimabors |BMLE. BGLS, BMMLET|
with Absoluie Blas Criterion |1,

Bigs Critgrion [8,]
Samples BMLE _ BGLS  BMMLAT
15 G(RE%) T )00%) 6864
50 G(B6%) [ 100%) ) TN
100 MBS T 100%) o A6Y
00 TRy i BEYS) 6| 86%)
0 NI LTE LS [ 1484)
1000 6864 JN)  G(REY)
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Table 4: Comparison of the Performances of Estimaiors [BMLE, BGLS, BMMLST|

Mean Squares Error Criterion
[Bq]%
Samples BMLE BGLS  BMMLS?
15 B8 Hio0ee)  6(B&%)
0 B BE%) T 100 B BEM)
100 &B6%)  T(100%)  6(86%)
i i T D00 6 Bi%a) G{B6%) |
Sy H4¥%) 57 1% 229%6)
1000 I(M4%)  T(I00%)  I{14%)

Thee miean squarcs error for ﬂ'. o variows sample sizes indicates that BGLS outperformed all oiher
estimalons. M sample sircs 2550 and 100 with minimum mean squares crror, the DMLE
oytperformed other cotimators ot sample size 200, 1the BGLS cutperformed other estimators m
sample size 500 and 1000, Thes performance a0 i, shows that BGLS has overall best
perforhance compare wilh all other cutimaion

Table 5: Comparisoa of the Porformanos of Eslimalors |BMLE. BGLS, BMMLAT)

with Mean Squares Error Criterion |§]

Mean Squares Ermor Crsterson®s

Samples BMLE  BGLS
23 G(BE%) T 100"
b Y TN
100 GG T D
JO0 TG i 6% a)
500  M4I%) A5TW)
1000 3a3%) AT

for |8, ol varkousy saompeds Sides decates that G LS autperformed all siher
gimey M M0 snd 100 wah minimum mean swquares eor

ihe BMLE
o samphe size 200, the BGLS oulperionmed oither estimabors ot
Thiss perfermance &t 8, shows ihai BGLS has overall besi
wiith alll oy Elamators







GB6%)  4(57%)
o (BE%)  A(5T%)
AT 6(86%)
um-a  G{BO%)

us degree .hhmnwmmlhnmwm.
0 de of heteroscedasticity with minimum mean
:h. MIﬂﬂﬂ!,ﬁ.ﬁﬂﬂ!&l‘n-ui
* ‘“hhlt.; ‘BMLE and ‘BMMLRET
heteroacedasticity. Thus performonce at 7,

ce compnre with all sdher estimators.
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