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ABSTRACT

In this study, Gibbs sampling has been applied to the variable selection in the
linear regression model with outlier values. Gibbs sampling has been compared
with classical variable selection criteria by using dummy data with different 3

and priors.
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AYKIRI DEGER VARLIGINDA DOGRUSAL REGRESYONDA DEGISKEN
SECIMINE GiBBS ORNEKLEMESiI YAKLASIMI

OZET

Bu ¢alismada, aykiri degerlerin oldugu dogrusal regresyon modelinde degisken
secimine, Gibbs Orneklemesi yaklasimi uygulanmistir. Klasik degisken segimi
olgiitleri ile Gibbs 6rneklemesi yaklasimi, degisik B ve onsel yapilari igin yapay

veriler lizerinden karsilagtirilmigtir.

Anahtar Kelimeler: Bayesci degisken se¢imi, onsel dagilim, Gibbs 6rneklemesi,
Markov Chain Monte Carlo, aykir1 deger, entropi

1. GIRiS
Gozlem sayisi n, bagimli degisken sayis1 k iken ¢oklu
dogrusal regresyon denklemi,

Y=XB+¢ [1]

bi¢ciminde tanmimlanir. Y,,;, bir raslanti degiskeni olan
yanit vektoril; X, k'=k+1 iken k’ rankli stokastik

olmayan girdi matrisi; Py, bilinmeyen katsayilar

vektorii; € ., E(g)=0, E(-EZ-EZ'):(TZIrl kosullarini
saglayan yanilgr vektoridiir. Kestirim ve Onkestirim
(prediction) denklemleri ise, artiklar vektorii e iken,
Y= Xﬁ +eve Y= Xﬁ olarak tanimlanir. ﬁ kestiricisi,

En Kiigiik Kareler (EKK) ya da € 'nin Normal dagiliml
oldugu varsayimi altinda En Cok Olabilirlik (ECO)
yontemleri kullanilarak elde edilir.

Olabilirlik fonksiyonunun enbiiyiiklenmesi ile elde edilen
Y 'nin birlesik dagilimu,

Lo/ y)=F(y/B.0,X) = ﬁexp(— (v Xpy(v - Xp)
(2m 20
(2]

~—

c%)

1. INTRODUCTION

A multiple linear regression equation with n
observations and k independent variables can be defined
as

Y=Xp+¢ []

where Yy, is a response vector; X', is non-stochastic
input matrix with rank k', wherek’ =k+1; By, is as
unknown vector of coefficients; € ,,; iS an error vector
with E(€)=0, E( gg’ )= 621n . Where e is the residual
vector, estimation and prediction equations can be defined
as, Y= Xﬁ +e andY = Xﬁ . |§ estimator can be

obtained using the Least Square Error (LSE) method or
the Maximum Likelihood (MC) method under the
assumption that € is normally distributed.

The joint distribution of Y is obtained by maximizing the
likelihood function as follows

L(B,o/y) = f(y/B,0,X) = ;exp[— L -xpyv- Xﬁ)]
2re)"? 252

(2]
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bi¢iminde yazilir. Buradan,  ve 62 kestiricileri,

B=XX)"'XY 3]
52 =(Y - XB)'(Y - XB)/(n — k') = AKT(B) /(n — k')
elde Burada y~ N(XB,6¢%I,) Ve

olarak edilir.

E(6%)=c2 dir 3).

Regresyon analizlerinde degisken se¢imi, su amaglarla
yapilir: Daha diisiik maliyetle kestirim ya da dnkestirim
yapmak, bilgi verici olmayan degiskenlerin ¢ikarilmasi ile
daha kii¢iikk yanilgi kareler ortalamali kestirimler elde
etmek, yiliksek derecede iliskili degiskenlerin varliginda
regresyon katsayilarinin  kiigiik standart yanilgr ile
kestirimini elde etmek.

2. KLASIK DEGISKEN SECIiMi OLCUTLERI

Dogrusal regresyonda degisken se¢imi islemi i¢in sik
sik, adimsal ve tiim olasi altkiime tekniklerine bagvurulur.
Tiim olas1 altkiimeler teknigi, artik kareler ortalamasi,
coklu belirtme katsaysi, F, istatistigi, C, ve PRESS, gibi
secim Olgiitleri ile birlikte kullanilir (9). Son dénemlerde
bilgi miktarina bagli olarak degisken se¢imi yapilmasina
olanak taniyan AIC, AICc ve BIC olgitleri de
kullanilmigtir.  Altkiimedeki parametre sayist p olmak
tizere AIC ve AlCc,

AIC=nlog(AKO +1) +2p [4]
AlCe= AlC + 2P+ D +2)
n-p-2 [5]

esitlikleri ile tanimlanir. p alt kiimesi igin olabilirlik
fonksiyonu f(Y/Bp,Gp,X) bi¢iminde tanimlanmak {izere

BIC kriteri,
A p
BIC=logf(Y/B,,0,,X)—=logn
p>-p 2 [6]

ile tanimlanir ve (6) esitligini en biiylik yapan altkiimeyi
secmeyi amaglar (2).

Ayrica, sonsal model olasiliklart ve risk oOlgiileri de
zaman zaman degisken se¢iminde kullanilmigtir. Sonsal
model olasiliklari, Wassermann (12) tarafindan verilen
logaritmik yaklasim kullanilarak, esit onsel altkiime
olasiliklart oldugu varsayimmi altinda tiim altkiimeler igin
hesaplanmistir.  Risk kriteri ise Toutenburg (10)

tarafindan; V(ﬁ) R ﬁ icin varyans-kovaryans matrisi iken,
Risk=g21,(v () [7]

esitligi yardimiyla degisken se¢imine uyarlanmigtir. Tim
olast altkiimeler i¢in bulunan (7) degeri, yapilacak
kestirimlerin riskine karsilik gelmektedir. Amag, riski en
kiigiik modeli elde etmektir. Ancak bu noktada risk ile
sonsal olasilik degerlerinin, yorumlama asamasinda
birlikte degerlendirilmesi  gerektigi  Yardimer (13)
tarafindan belirtilmistir. Ideal durumda sonsal olasilig1
yiiksek ve riski diigiik altkiimeye ulasilmak istenir. Buna
karsin her ikisinin de saglandigi duruma ulagmak gii¢
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Where, |§ and G2 estimators are defined by

B=(X'X)"X'Y [3]
62 =(Y - XB)'(Y - XB)/(n — k") =SSE(B)/(n — k)

Where y ~ N(XB,o21,) and E(62)=62 (3).

The aims of variable selection in regression analysis
are; to make estimation and prediction in a lower cost, to
obtain estimation with mean square error by subtractions
of the noninformative variables, to obtain regression
coefficient with estimation of low standard error.

2. CLASSICAL VARIABLE SELECTION CRITERIA

For variable selection procedure in linear regression,
stepwise and all possible subset methods are frequently
used. The all possible subsets method include mean square
error, coefficient of determination, F, statistics, C, and
PRESS,, (9).In recent years AIC, AICc and BIC criteria
which make variable selection possible to do information
amount are used. Where p is the parameter number in
subset, AIC and AICc are,

AIC =nlog(MSE +1)+2p (4]
AlCc = AIC + 2P+ D +2)
n-p-2 [5]

If f(y /Bp,op,x) is the likelihood function for the

subset p, the criterion BIC aims to select the subset which
maximizes the equation (6) given below (2)

BIC:logf(Y/fip,cp,X)—glogn
[6]

Posterior model probabilities and risk criteria have also
been used occasionally in variable selection. Posterior
model probabilities have been assessed for all the subsets
using a logarithmic approach given by Wassermann (12)
under the assumption of equal prior subset probabilities.
The risk criterion has been adapted to variable selection
with the help of the equation

Risk=c2tr(V/(f)) 7]

given by Toutenburg (10), where V(ﬁ) is the variance-

covariance matrix of ﬁ The rate (7) found for all the

probable subsets corresponds to the risk of the estimations.
The aim is to get the model with the smallest risk.

On the other hand, Yardimci (13) claims that the rates
of risk and posterior probability should be evaluated
together during the interpretation. Ideally, the aim is to
find a subset that has higher posterior probability and
lower risk. Since it is hard to satisfy this condition,
preferences are made within acceptable limits (13).
Furthermore, the Risk Inflation Criterion (RIC) has been
found for all probable subsets with the help of the
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oldugundan kabul edilebilir sinirlar igerisinde tercihler
yapilabilir (13).

Ayrica Risk sisme 0l¢iitli, Foster ve George (4) tarafindan
verilen,

RIC = AKT, +2p AKO, log(k) [8]
esitligi yardimiyla tiim olas1 altkiimeler i¢in bulunmustur.
Burada AKT, ve AKO,, sirasiyla, Artik Kareler
Toplammma ve Artik Kareler Ortalamasina karsilik
gelmektedir. Dogru agiklayicilarin  secilmesi ile RIC
degerinin enkiiciiklenecegi ve boylece dogru degiskenlerin
secilebilecegi belirtilmistir (13).

3. GIBBS ORNEKLEMESI YAKLASIMI

Bayesci degisken se¢imi yaklagimlarinda sonsal
olasiik ya da dagilimlarinin belirlenmesi iizerine
yogunlasilmistir. Ancak kimi durumlarda 6zellikle sonsal
momentlerin hesaplanmasi igin gerekli olan integrallerin
analitik olarak ¢oziimleri miimkiin olmamakta ya da gii¢
olmaktadir. Bu durumlarda, Markov zinciri tiiretme ve
yakinsaklik ozellikleri ile sonsal dagilima erisme
bi¢iminde yaklagimlar verilmektedir (15). Boylece Monte
Carlo ve stokastik benzetim tekniklerinin bir arada
kullanilmas: ile zincirleme veri ¢ogaltma adi verilen
yaklagimlar gelistirilmistir. Bu yaklagimlar genel olarak
Markov Zinciri Monte Carlo (MCMC) bagligi altinda
toplanmaktadir.

MCMC yaklasimlart araciligiyla sonlu sayida gozlem
degeri kullanilarak, sonsuz sayida veri elde etmek
miimkiindiir. Béylece ¢6ziimii analitik olarak zor olan bazi
problemlerin, benzetim teknikleri ve bilgisayar yazilimlari
sayesinde hizli bigimde ¢6ziilmesi miimkiin olmaktadir.

MCMC yaklagiminin amaci, 0 parametre uzayinda
rasgele yiirliylis olusturup hedef olan sonsal dagilima
yakinsamaktir  (1). MCMC yaklagimlarinda sonsal
dagilima yakmsamak amaciyla tiiretilen 6", dnceki &
degerine bagli olmaktadir. Bu amacla rnekleme, g(6/6%)
Markov gecis dagilimindan yapilmaktadir (6).

Hedeflenen sonsal dagilim icin gegis dagilimindan
orneklem almak ve bunu islemek i¢in bir¢ok ydntem
bulunmaktadir. Sonsal dagilimdan alinan bu drneklemlerin
Markov zinciri 6zelligini gostermesi amactyla Metropolis
algoritmalar1 ile Gibbs Orneklemesi yaklagimlari
kullanilmaktadir.

Gibbs D x@ L x® ke
gosterilen Markov zincirinin, p(x) dagilimina yakinsamasi
icin  p(x;/x_;) kosullu dagilmindan tiiretilen

orneklemler

Orneklemesinde, X (

kullamilmaktadir. Burada X_; , X;

disindakileri degiskenleri simgelemektedir. Boylece Gibbs
orneklemesinin tiiretilme siireci, j iterasyon sayist olmak
tizere agagida verilmistir (5).
1. j =1, baslangi¢c degeri (X?,xg,...,xg )" olarak
alinir.

equation defined by Foster and George (4) given below
RIC=SSE_ +2pMSE  log(k) [8]

where SSEp and MSEp are the sum of squares error and
mean square error for the subset pi respectively . It is
claimed that RIC will produce the lowest values and thus
give more consistent deductions when trying to select the
correct variables (13).

3. THE GIBBS SAMPLING APPROACH

In Bayesian variable selection approaches, it is
concentrated on the determination of posterior
probabilities and distributions. However in some cases, the
analytic analysis of integrals needed for the calculation of
posterior moments is difficult or even impossible. In such
cases, by the creation of Markov’s chain and convergence
characteristics approaches to posterior distribution are
obtained (15). Thus, by using Markov chain and stochastic
stimulation techniques together, Markov Chain Monte
Carlo (MCMC) approaches have been developed. These
approaches are generally gathered together under Markov
Chain Monte Carlo method.

Using limited observation values in MCMC
approachment, it is possible to obtain unlimited data. Thus
by using simulation techniques and computer software, it
is possible to easily solve the problems hard to be
calculated in analytic analysis.

The aim of the MCMC approach is to create a random
walk which converges to the target posterior distributions
on the 0 parameters space (1). In the MCMC approach,
03" created for the convergence to the posterior
distribution, depends on the previous &' value. For this
purpose sampling is done by using the Markov transition
distributions g(6/¢") (6).

For a posterior distribution, there are various methods
that take samples and use from transition distribution
Metropolis algorithms and Gibbs sampling approaches are
used to show how these samples taken from a posterior
distribution achieve the characteristic of a Markov chain.

In Gibbs sampling, the Markov Chain is defined as
x(l),x(z),...,x(t). For the
distribution, samples created from p(x; /x_;) conditional

convergence  p(X)

distribution are used. Here X_; , represents variables

different from X; . Being j the iteration number, the
creation process of Gibbs sampling is below; (5)

1. j=1 the initial value is (x},xJ,...,x} )'

605



606

: g Dy,
2. XiJ)Np(Xl/X(ZJ >,x(3J >,...,X§(J )

. . ) .
X(2J)~p(><2/xfj),xgJ ),...,xij ))

()

00,

XE) ~p(xk/x XEZI)'
3. j=j+1 almir ve 2. adima gidilir.

Yakinsaklik saglandiginda xD degerleri

dagilimdan alinmig  degerlere

P(X| X5, X550 Xy )
karsilik gelmektedir.

Dogrusal regresyonda Gibbs orneklemesine dayanan
birgok  Bayesci  degisken  se¢imi  yaklasimlan
bulunmaktadir. Burada, c¢alismada kullanilan, Kuo ve
Mallick (8) tarafindan verilen yaklasim agiklanacaktir.

Gibbs érneklemesinde 2*-1 sayida agiklayic1 degisken
altklimesi  i¢in, bunlarin  modeldeki  durumlarini
tanimlayacak y=(yi, 7Ya,..., Yi)' gOstermelik degiskeni
kullamlmaktadir. Tlgilenilen degisken modelde ise y=1,
modelde degilse y=0 degerini almaktadir. y 'min degeri
bilinmediginden Bayes siirecine eklenmesi gerekmektedir.
Bu amagla degisken se¢imi isleminde kullanilacak bilesik
Onsel,

p(B,o.y)=p(B/c,v)p(c/7)p(Y)

bi¢iminde tamimlanir. Burada, [ katsayilar1 icin
tanimlanan Onselin,
B~N(Bo.Do)
oldugu varsayilmstir (8). Bununla beraber o igin,
1
p(c) c— [9]
G

ile ifade edilen bilgi vermeyen onsel tamimlanir. y igin
Onsel de,

yi~Bernoulli(1,p) [10]

bi¢iminde verilir. Yapilan bu tanimlamalar sonucunda
p(y/y) marjinal sonsal dagilimi, degisken sec¢imi icin
istenen tlim bilgileri igermis oldugundan yapilan
cikarsamalarda bu dagilim iizerine yogunlasilmaktadir.
Kuo ve Mallick (8) tarafindan, Gibbs orneklemesi ile
p(y/y) min kestirilebilecegi belirtilmistir. Ayrica bu islem
icin gerekli olan pB° ve ¢° baslangig degerleri icin 1=l
(G=1,2,...,k) oldugu durumda, tam model igin bulunacak
EKK kestirimlerinin kullanilabilecegi de ifade edilmistir.
7" igin ise baslangigta (1,1,...,1)" almabilir. Béylece y 'nin
marjinal sonsal yogunlugu,

p(vi/v-j»B,0,Y)=B(LDj) , j=l..k

esitligi ile wverilebilir. Burada vy =(yi, ..., Yj-1, Yjt1ses Yi)
olmak iizere,
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‘ b .
2. X{J)~p(X1/X(2‘] ),ng ),.,.,XE )

. . y 1)
X(ZJ)~p(xz/x§J),XgJ ),...,XE ))

) ©) y

gJ), X5 e X

X (kj) ~p(x, /X
3. j=j+1 then return to the 2nd step.
@)

When convergence is obtained, X'/ values are taken

from the p(x1 3 Xy Xgses Xy )" distribution.

In linear regression, there are many Bayesian selection
methods that rely on Gibbs sampling. Here the approach
of Kuo and Mallick (8) that is used in this study will be
explained.

In Gibbs sampling, a dummy variable given by y=(y,,
Y2,--» Yx)' 18 used to define the position of the 2k.1
independent variable subsets in the model. If the variable
considered is in the model, then y=1, if not y=0. Since the
y rate is not known, it has to be added to the Bayes
process. Thus, the joint prior that will be used in the
variable selection process is defined as

p(B.o:1)=p(B/c.v)p(c/7)p(Y)

Here, the prior defined by Kuo and Mallick (8) for the
[ coefficients is assumed to be,

B~N(Bo,Do)

In addition, a noninformative prior for c is defined by

1
p(c)oc— [9]
c
The noninformative prior for y is given as
yy~Bernoulli(1,p) [10]

The deductions concentrate on these distributions since
the marginal posterior distribution p(y/y) contains all the
information that is needed for the variable selection. In
Kuo and Mallick (8), it has been shown that p(y/y) can be
estimated using Gibbs sampling. Moreover, the least
square estimation for the full model can be used when the
starting values of B’ and o°, that are needed for this
process, are y=1 (j=1,2,...,k). Initially we may take
(1,1,...,1)" for the y°. In this way, the marginal posterior
density of y can be given as,

p(vi/v_;-Bo.Y)=B(LP;) . j=l..k

where, if Y =(Y1, .., ¥j-1, Yj+15---» Y&), then

~ Cj

Pi= (CJ +d_|)

1 «\ *
¢j =pjexp[——2(Y—ij)(Y—ij)]
20

(11]
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~ Cj

i vdp) [11]

1 *) *
¢ :pjexp(—j(Y—ij)(Y—ij)j
2c

IR AR

*
olarak tanmimlanir. v,

j vektord, j inci elemant B; ile

degistirilen v kolon vektori, v;'* ise j inci elemani 0 ile

degistirilen v vektoriidiir. Boylece cj, j inci agiklayicinin
kabul edilmesine, d; reddedilmesine, p; modelde bulunma
olasiliklarina karsilik gelmektedir (8).

Bir sisteme 0zgii Dbelirsizlik ve bilinmezligin, bir
diizendeki karmasa miktarinin matematiksel Olgiisii
entropi olarak tanimlanmaktadir (11). Entropi o6zellikleri
Gray (7) tarafindan verilmistir. Deneyden 6nce bulunan
entropi, deney sonuglar1 ile ilgili belirsizligin, deney
sonrasinda bulunan entropi ise deneyden elde edilen bilgi
miktarin1  vermektedir. Boylece Gibbs  yaklagimi
uygulandiginda, entropi degerleri bulunarak modeldeki
bagimsiz degiskenlerin beklenen bilgi miktarlarinin da
elde edilmesi olanaklidir.

Bu amagla tam modelde bulunan bagimsiz degiskenlerin
sonsal ortalama ve varyans,

. ) (a2 T 2
Ba 2;;% Vo) =1 Z}:Bﬁ)[;ﬁ@]
esitlikleri yardimiyla elde edilir. Esitlikte T, Gibbs
orneklemesi tekrar sayismni, g, i adimda Gibbs
algoritmasina uygun tiiretilen parametre degeridir. Entropi
degerleri, degiskenlerin modelde bulunma olasiliklarin
veren (8) esitligi kullanilarak, bu ¢alismada,

T
H(B;)=—> 5y loglfyp)
i=l

ile hesaplanacaktir.

4. SECIM OLCUTLERININ AYKIRI DEGER
ICEREN YAPAY VERILER UZERINDEN
KARSILASTIRILMASI

Se¢im Olgiitlerinin karsilastirilmasi amaciyla, Kuo ve
Mallick (8) ile George ve McCulloch (6) tarafindan
yapilan g¢aligmalara paralel olarak, n=20 ve k=5 olacak
sekilde, yapay veriler tiretilmistir. Boylece verilen
tepkilerin ~ gbzlenmesi ~ mimkiin  olmusgtur. X
degiskenlerinin dagilimlarinin, N(0,1) ile normal dagiliml
olduklar1 yoniinde varsayim yapilmistir. Modelde bulunan
degiskenlerin anlamlilik diizeylerinin yapilacak secim
islemindeki etkilerini gérmek amaciyla (31, B2, B3, Bs> Bs)
icin 4 farkli B yapist belirlenmistir. Veri tiiretilmesi
strasinda kullanilan B yapist:

d; =(1—pj)eXp(—2012(Y—XV?*),(Y—XV?*)j

Here, the vector v;f is the column vector of v with the

i entry replaced by B, similarly, \2 is the column vector

of vwith the j" entry replaced by 0. Thus cj, is a
probability for the acceptance of the j variable and dja
probability for its rejection (8).

The mathematical degree of uncertainty, uninformation
and the amount of complexity in a process is described as
entropy (11). Gray (7) has described the properties of
entropy. Entropy found before experiment represents the
uncertainty about the experiment results, the entropy
calculated after the experiment represents the amount of
information obtained from the experiment. Therefore by
applying the Gibbs approach, using the entropy values, it
is possible to obtain expected information amount from
the independent variables in the model.

For this purpose, posterior mean and variance of
independent variables in the full model B are calculated as
follows;

T 2
7l o, 1 T T
Bg = T;% Vo) =1 Z%[;mi)]

Py

In the equation T, while Gibbs sampling represents the
repeat number, [ is the parameter value in the step of i
simulated by using the Gibbs algorithm. In this study, the
entropy values will be calculated by using the equation (8)
that gives the inclusion probability of variables in the
model described below.

T
H(Bj )= —Z Pi(i) log(ﬁj(i))
=1

4. THE CORRESPONDENCE OF SELECTION
CRITERIA BY USING DUMMY DATA
INCLUDING OUTLIER VALUES

For the correspondence of selection criteria, we have
simulated dummy data as n=20 and k=5 in parallel to Kuo
and Mallick’s (8) and George and McCulloch’s (6)
studies. By this way it has been possible to obtain the
reactions. The distribution of the variables X; has been
assumed to be normal with N(0,1). Four types of
structure have been determined to observe the effects of
the significance level of variables (B, B2, B3, P4, Bs) in the
model. The B structure that has been used is as follows;

Betal : (3,2,1,0,0) Beta2 : (1,1,1,0,0)
Beta3 : (3,-2,1,0,0) Beta4 : (1,-1,1,0,0)
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Betal i¢in (3,2,1,0,0)
Beta3 i¢in (3,-2,1,0,0)

Beta2 igin (1,1,1,0,0)
Beta4 igin (1,-1,1,0,0)

bi¢iminde belirlenmistir. Her bir § yapisinda gegerli olmak
iizere aykir1 deger olusturmak amaciyla bagimlh
degiskenin 10. gozlemi gercek degerin 8 kat1 olacak
bi¢imde yapay veriler iiretilmistir. Ayrica aykiri degerin
sonug lizerindeki etkilerini gérmek amaciyla, aykir1 deger
olmadan ayn1 kosullar altinda yapay veriler de iiretilmistir.

Bunun yaninda katsayilarmn  iretilmesi sirasinda
kullanilan &%, 1.0 olarak se¢ilmistir. Calismada 6nsel bilgi
diizeylerinin sonug¢ lizerindeki etkilerini gdzlemlemek
amacityla, Gibbs oOrneklemesi igin Dg=1, 16 ve esit
degisken onsel olasiliklar1 tanimlanmistir. Ayrica hatalar
ile ilgili &~N(0,0%) varsayimi yapilmistir. k=5 agiklayici
degisken icin tlim olas1 altkiimelerin listesi Ek-1 de
verilmistir.

Karsilasgtirmalar sirasinda Yardimer (13) tarafindan,
Bayesci degisken secimi islemleri igin &zel olarak
geligtirilen ve BARVAS adi verilen 6zel bilgisayar
yazilmi kullanilmigtir. BARVAS  yazilimi, dogrusal
regresyonda Bayesci regresyon ve degisken secimi
islemleri igin kullanilabilen, ayrica degisken se¢imi igin
klasik degisken se¢imi Olgiitlerinin de bir arada
uygulanabildigi bir paket yazilimdir (14).

4.1. Klasik Degisken Secimi

Klasik degisken secimi karsilastirmalar1 yapilirken 1.
Grup altinda, en bilinen 6lgiitler olan C,, AICc , BIC ve
Press yer alirken, istatistiksel olarak kullanilan ancak
uygulamada heniiz tercih edilmeyen Olgiitler olan Risk,
RIC 1II. Grup altinda toplanmislardir. Aykir1 deger
varliginda ve bozulmanmn olmadigi durumlarda yapay
veriler i¢in klasik degisken se¢imi sonuglar1 Cizelge 4.1'de
Ozetlenmistir.
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In all the beta structures above, the 10th observation of
dependent variable has been obtained as the 8 times of real
values. Thus outlier values have been created. Moreover
for the same structures dummy data has been obtained
without the existence of outlier value.

During the creation of coefficients, it has been chosen
as 6°=1.0 In the study for the observation of prior
information levels on the results, for Gibbs sampling
Dy=1, 16 and equal prior probability for variables have
been defined. Furthermore, the assumption e~N(0,6%) is
made for the errors. The list of all possible subsets for 5
independent variables is given in appendix 1.

During the comparison of these approaches, the
BARVAS (Bayesian Regression-Variable Selection)
computer program, which is developed especially for the
Bayesian variable selection process by Yardimci(13) is
used. The BARVAS program can be used for Bayesian
regression and variable selection in linear regression, and
it is a packet program where the classical variable
selection criteria for variable selection could also be used
together (14).

4.1. Classical Variable Selection

In the comparison of classical variable selection, the
well-known criteria (Cp, AICc, BIC, Press) will be
referred to as group 1, and posterior model probability,
Risk RIC as Group 2. In the situations when outlier value
absent or present, the results of classical variable selection
for dummy data have been shown on Table 4.1.

Table 4.1. The results of classical variable selection in the presence / absence of outlier value
Cizelge 4.1. Aykir1 deger oldugu ve olmadig1 durumlarda klasik degisken se¢im sonuglart

Aykir1 deger olmadig1 durum/ Aykir1 deger oldugu durum/
Outlier value absence Outlier value presence
I. Grup/ I1. Grup/ I. Grup / II. Grup/
Group 1 Group IT Group I Group IT
Beta | C, | AICc | BIC | Press | Risk | RIC | C, | AICc | BIC | Press | Risk | RIC

5 5 5 5 5 5 5 1 5 5 1 5

1 10 2 10 26 10 10 10 2 10 10 2 10
26 10 26 10 26 26 26 5 26 26 14 26

5 5 5 5 5 5 1 1 5 1 1 5

2 10 1 10 26 1 10 2 2 1 2 6 2
26 6 26 10 6 26 6 6 2 29 2 1
5 5 5 5 5 5 26 2 26 5 31 26

3 10 10 10 10 10 26 5 31 21 10 3 21
26 26 26 26 26 10 21 1 5 26 28 5

4 5 5 5 5 7 10 6 6 6 6 7 5
26 6 26 26 6 5 5 7 5 25 6 6

I. Grup secim Olgiitlerinin aykir1 deger varliginda Beta
1 durumu igin etkilenmedikleri sdylenebilir. Beta 1
durumu i¢in II. Grupta yer alan RIC, I. Grup ile uyumlu

The selection criteria for Group I in the outlier value
presence have not been affected for the Beta 1 situation.
For Beta 1 structure, RIC that has been in Group II has
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sonu¢ vermistir. Buna karsin Risk 6l¢iitii degisken sayisi
az olan altkiimelere daha fazla agirlik vermistir. Ancak
Beta 2 yapist i¢in en iyi alt kiime olan 5. kiimenin
bulunmasinda farkliliklar olmustur. Beta 2 i¢in 1. Grupta
yer alanlar arasindan sadece BIC 6lgiitii dogru altkiimeyi
bulmustur. Grupta yer alan diger dlgiitler ise 1. altkiimeyi
bulmustur. II. Grupta yer alan Olgiitlerden RIC dogru
altkiime olan 5. altkiimeyi bulmuslardir. Ancak segenek
altkiimelerin bulunmasinda, I. Grup ile uyumludurlar. Beta
3 yapisinda ise I. Grupta PRESS haric diger 6lgiitler ile II.
Gruptaki Olgiitler secenek altkiimelere agirlik vermislerdir.
Beta 4 yapisinda ise 1. Grupta yer alan Olgiitlerin higbiri
eniyi altkiime olarak 5. altkiimeyi bulamamuslardir. II.
Grupta ise RIC eniyi altkiimeyi bulmustur.

4.2. Gibbs Orneklemesi Yaklagim

Aykiar1 deger varliginda dogrusal regresyonda Bayesci
degisken se¢imi i¢in Kuo ve Mallick (7) tarafindan
Onerilen yaklasim kullanilarak sonuglar, BARVAS
yazilimindan elde edilmis ve Cizelge 4.2°de dzetlenmistir.
Gibbs oOrneklemesi sonucunda degiskenlerin  sahip
olduklar1 entropi degerleri ise Cizelge 4.3’de verilmistir.

Gibbs yaklasiminda tekrar sayist 10.000 olarak
almmistir. Degigsken se¢imi islemi i¢in Onsel parametre
kestirimleri B¢=0 alinmistir. D, Onsel varyans tim
degiskenler i¢in  esit alinmakla birlikte Onsel
beklentilerdeki degisikliklerin sonuglar iizerindeki etkisini
gozlemlemek amactyla Dy=1 ve Dy=16 alinmistir.

been in harmony with Group 1. Wherever, the risk criteria
have given more importance to subsets that have few
variables. But there have been differences in finding the
S5th subset that has been the best subset for Beta 2
structure. The other criteria in the Group 1 have found the
subset 1. RIC that has been in the Group 2 has found the
subset 5 as the correct subset. But also in finding the
alternative subsets RIC is in harmony with the Group 1. In
the Beta 3 structure, the criteria except PRESS in the
Group 1 and the criteria in the Group 2 have given
importance to alternative subsets. In the Beta 4 structure
none of the criteria in the Group 1 have been able to find
the subset 5 which is the best subset. In the Group 2 RIC
has found the best subset.

4.2. The Gibbs Sampling Approach

For the Bayesian variable selection in linear regression
with outlier value using the approach proposed by Kuo
and Mallick (7), the results are obtained from Barvas
software and summarized in Table 4.2.The entropy values
which variables have in the result of Gibbs sampling are
shown in Table 4.3.

In Gibbs approach repeat number is taken as 10.000.
For variable selection prior parameter estimation is [3,=0.
For all variables D, prior variance is taken as equal.
Furthermore to evaluate the effects of the differences of
prior expectations on the results; Dp=1 and Dy=16.

Table 4.2. The results of variable selection with Gibbs sampling approach in the presence / absence of outlier value
Cizelge 4.2. Aykir1 deger oldugu ve olmadig1 durumlarda Gibbs drneklemesi yaklagimu ile degisken se¢imi sonuglart

Aykir1 deger olmadigi durum/ Aykiri deger oldugu durum/
Outlier value absence Outlier value presence
Dy=1 Dy=16 Dy=1 Dy=16
Altkiime | Sonsal |Altkiime | Sonsal |Altkiime Sonsal  |Altkiime | Sonsal
Beta No/ Olasihik/ No/ Olasihik/ No/ Olasihik/ No/ Olasilik/
Subset | Posterior | Subset | Posterior | Subset | Posterior | Subset | Posterior
No probability No probability No probability No probability
5 0.37 2 0.63 21 0.41 1 0.30
1 2 0.31 5 0.27 5 0.29 2 0.29
21 0.24 1 0.05 2 0.13 5 0.21
5 0.72 5 0.66 1 0.38 1 0.73
2 21 0.17 3 0.22 21 0.26 5 0.12
3 0.05 6 0.07 5 0.18 30 0.09
5 0.70 5 0.75 21 0.43 29 0.29
3 21 0.18 2 0.19 26 0.31 26 0.28
2 0.04 18 0.02 5 0.11 5 0.18
5 0.64 5 0.59 6 0.41 6 0.70
4 21 0.13 2 0.15 21 0.26 5 0.13
26 0.11 3 0.12 26 0.21 7 0.08

Elde edilen sonuglara bakildiginda, oncelikle Beta
yapilarinin en iyi altkiimeye ulagsmada etkili olmadiklari
goriilmiistiir. Ancak Onsel bilgi diizeyinin gostergesi olan
Dy degerinin sonuglar iizerinde etkili oldugu sdylenebilir.
Secilen altkiimelerin sonsal olasiliklarinin aykir1 deger
varliginda diistigii goriilmektedir. Beta 1 yapisinda aykiri
deger olmadigt durumda 5 nolu altkiimenin sonsal
olasiliginin diisiikligii, belirlenen onsel olasilik diizeyinin
diisiikliigiinden ve segenek altkiimelerin yiiksek sonsal

Examining the results it is observed that Beta structures
are not effective to reach to the best subset. But D, value
which is the indicator of prior information level is
effective on the results. In the presence of outlier value
posterior probability of selected subsets decreases. In the
absence of outlier value in beta 1 structure the posterior
probability of subset 5 is low. The reason for this is low
level of prior probability and high posterior probability of
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olasiligindan kaynaklanmaktadir.

Bagimsiz degiskenlerin Beta yapilarima gore entropi
degerleri Cizelge 4.3 yardimiyla incelendiginde, aykiri
degerin yaninda onsel bilgi diizeyinin de etkili oldugu
goriilmektedir. Ancak Beta yapilarna uygun entropi
degerleri elde edilmistir. Aykir1 deger varliginda bagimsiz
degiskenlerin entropi degerleri 6nemlilik derecelerini daha
belirginlestirecek bigimde artmistir.
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alternative subsets.

The entropy values of independent variables for beta
structures are shown in Table 4.3. On entropy values
besides outlier value prior information level is also
effective. Moreover entropy values suitable for beta
structures are obtained. In the presence of outlier value the
entropy values increase by making the importance degree
of independent variables more clear.

Table 4.3. The entropy values of independent variables with Gibbs sampling approach in the presence / absence of
outlier value
Cizelge 4.3. Aykiri deger oldugu ve olmadigi durumlarda Gibbs Orneklemesi yaklasimi uygulandiginda bagimsiz
degiskenlerin entropi degerleri

Bagimsiz degiskenler/Independent variables
X1 X2 X3 X4 X5
Beta Durum/ | Dy=1 | Dy=16 | Dy=1 | Dy=16 | Dy=1 | Dy=16 | Dy=16 | Dy=16 | D,=16 | Dy=16
Case
| A 3.97 | 4.00 396 | 3.86 3.97 366 | 392 | 346 | 3.86 | 3.51
B 4.00 | 4.00 | 4.00 | 3.76 | 4.00 3.86 | 3.65 3.11 3.73 3.12
) A 398 | 3.98 3.89 3.48 3.89 348 | 391 345 | 3.87 | 348
B 393 | 3.85 3.88 3.72 3.94 372 | 3.70 | 3.15 | 3.74 | 3.28
3 A 398 | 3.95 3.89 3.96 3.89 3.72 | 391 356 | 3.87 | 3.88
B 394 | 391 3.77 3.53 3.94 3.71 391 387 | 3.76 | 3.26
4 A 396 | 3.99 3.84 3.50 3.96 399 | 3.85 340 | 3.87 | 3.40
B 3.65 | 3.19 3.69 3.22 3.67 394 | 3.81 345 | 3.78 | 3.34

A: outlier value present, B: outlier value absent /A: Aykiri deger var, B: Aykiri deger yok

5. SONUC

Bu c¢alisma sonucunda dogrusal regresyonda degisken
secimine Gibbs 6rneklemesi yaklasimmim D, 6nsel bilgi
diizeyindeki degisimlerden etkilendigi  goriilmiistiir.
Bunun yaninda aykir1 deger varliginda Gibbs 6rneklemesi
yaklagimi, secenek altkiimeleri Beta yapisina bagh
bulmasina karsin altkiime sonsal olasiliklarinda diisme ve
birbirlerine yakinlik goriigmiistiir.

Beta 1 ve Beta 4 yapisinda aykirt deger varliginda,
Gibbs yaklagimi C, ile benzer sonuglar vermistir. Ancak
secenek altkiimelerin sonsal olasiliklarinda aykiri deger
varliginda yiikselis goriilmiistir. Gibbs yaklasiminda
aykirt deger varliginda altkiime sonsal olasiliklarinin
diistik ve birbirine yakin olduklar1 gézlenmistir.

Boylece Gibbs yaklagimlarmin aykir1 deger varligindan
daha fazla etkilendigi, altkiime sonsal olasiliklarin
birbirine yakin olmasi sonucunda segenek altkiimelerin
tercih edilebilecegi s6ylenebilir.

Gibbs orneklemesi yaklagimi, tiim olasi alt kiimeler
yerine sadece sonsal olasiliklari yiiksek alt kiimeler ile
degisken secimi islemini yapmaktadir. Bunun sonucunda
degisken secimi islemini daha hizli uygulamaktadir.

Aykir1 deger varliginda Gibbs yaklasimi sonucunda
o6nemli bagimsiz degiskenlerin entropi degerlerinde
yiikselme olmustur. Onemsiz degiskenlerdeki entropi
degerlerinde ise degisim daha az olmustur. Bunun
sonucunda Onemli bagimsiz degiskenler, aykir1 deger
varliginda daha fazla bilgi miktarina sahip olurlarken,
onemsiz degiskenlerdeki bilgi miktar1 azalmistir.

5. RESULTS

As a result of this study it is shown that Gibbs
sampling approach in variable selection of linear
regression is affected from the changes in D, prior
information level. Although Gibbs sampling approach in
the presence of outlier value finds alternative subsets
dependent to beta structure, subset posterior probabilities
decrease and get closer.

In the presence of outlier value in Beta 1 and Beta 4
structures Gibbs approach give similar results with C,,. But
in the presence of outlier value posterior probabilities of
alternative subsets increase. In Gibbs approach in the
presence of outlier value subset posterior probabilities are
lower and closer.

Thus Gibbs approaches are more affected from the
presence of outlier value, alternative subsets can be
selected because of subset posterior probabilities being
closer.

Gibbs sampling approach makes variable selection by
using only subsets with high posterior probability instead
of all possible subsets. By this way applies variable
selection faster.

In Gibbs sampling approach result with outlier value,
there is increase in entropy values of important
independent variables. The change in entropy values of
unimportant variables is lesser. As a result while important
independent variables in the presence of outlier value have
increase in information amount, unimportant variables
have decrease.
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EK-1: k=5 i¢in olas1 altkiimeler listesi

Appendix 1: List of subsets for k=5

Altkiime No | Degiskenler/ [Altkiime No| Degiskenler/

Subset No Variables /Subset No Variables
1 X1 17 X1, X4, X5
2 X1, X 18 X1, Xp, X4, X5
3 Xo 19 X2, X4, X5
4 Xo, X3 20 Xo, X3, X4, X5
5 X1, X2, X3 21 X1, X2, X3, X4, X5
6 X1, X3 22 X1, X3, X4, X5
7 X3 23 X3, X4, X5
8 X3, X4 24 X3, Xs
9 X1, X3, X4 25 X1, X3, X5
10 X1, Xo, X3, X4 26 X1, X2, X3, X5
11 X), X3, X4 27 X, X3, X5
12 X2, X4 28 X, Xs
13 X1, Xo, X4 29 X1, Xo, X5
14 X1, X4 30 Xq, Xs
15 X4 31 X5
16 X4, X5

Received/ Gelis Tarihi: 27.04.2004  Accepted/Kabul Tarihi: 15.03.2005

611



