?

(Conditional Probability)1

" 9 A7)0 (Ma) "
7 (the conditional probability of B given A)”

2
AL22..A,
221 22 .. 40=2(202(2212)2(2312,22)..2(2,12,22  4-1)
- " : )

100-106



(Bayes’ Theorem)L

2
B\, .. (partition)
) B Bl=o, 6 VI*}
) 5, =
) ) >0,V
£ =1.2,...,
3 1 (Bayes' Theorem)
B\,B2,... A P(A)>0
P{B,,\]A) = Pwk)P{A\Pk) V*:|,2,3,...
E2« ) PMK,)
(Independence)2
3
2 AB “ (independent)”
P{B\A) = P(B) zP(A\B) = P(A)
P(A B) = P(A)-P(B)
4
3 AB C (mutually independent)
) (Pairwise independent)
P(A B) = P(A)-P(B) , P(AnC) = P(A)-P(C),
P(BnC) = P(B)-P(C)
)
P(AnBnC) = P(A)1P(B)1P(C)
I ; , 2530),
107-108
N ; , 2530),

114-1116



(Hierachical Polynomial Interaction Regression Modkels)

.. 194 (Chipman H)
|
1 (main effect) (orckr)
2 (Interaction effect) !
(exponent)
AB2 AB AB?2
5
Parent
6
Inherit
1
Immediate Inherit Inherit parent Inherit
AB:immediate inherit  AB- B2 /45 ineit A B
4
(Condiitional Independent Principle)
parent
5
(Inheritance Principle)
parent
6

(Immediiate Inreritance Principle)
(parent)  inherit parent

1



immediate inherit

X,X2 «.. inherit
parent
1 Parent  Infent
5 0 1 AX1
h
0( i
F(0,) (family) 1 (parent) 1
P{)  paent 6 O immediate inherit
k 0
5
P(<5) 1 0 )
10, !
P(f) = rhrgeos “\or,j=i,,i-i)
(parent) , (F(07))
T g M
= n pfeim))



?() =np(5.,m))

pi(\-p,)
P, =p. = 11P(81))
1
X X2
XNX2, X2 X2
X[X2  x,x2
8

P(J) = ?2( Xi<dXi,0 XX, X2,6 , xx"0xxi)
= P(Px, 58X1) 8XiX2»  »8xi\8XL8X2)

x prxix2 S XX 'Sx2-8 Xix2-8 X2,8x2)

P(J) = ?( xD?( x2)?( XXA0xL0x2)
XP(MAMALN (", ML x2)
X P(*X,2X2 >g Xt '<MX,X2'"X,2'NX 2)

Xp(",,2aX. SXD%.x, "M%, 2
parent inherit

8) = 2(6x1)2(6x2)2(0XX\0xL, X2)
XP (M2 1) P {sxl\6x2)
XP("X2Q 0 x1/ %, x2'"x,2)

XPAXX2  Tax2PKX8x2)
3 parent

P(8) = 8XI 8X)?(8XK28XL,8X)
X2(8, 8X)?(8x18X2)

Xp(AXZXX“ 8 XT)P(*X|X25XXXZ‘SX\)



7
parent
(Probability Distribution)
1 (Prior Probability Distribution)
(2) 0 1
kx1
0 ;31 ( )
7 -
@ 1Pl ( )
5 ~Ber(pl) , i=\2,.k
A [()= [I'(
P1=?( 1=1)=1-P(£, -0)
(mixture prior probability distribution) ~ P1
\n (0,r,2) 1= 0
0) |m(c,.r,)2 1=\
0) plV 1- (- ) +  IN(0,c,r)2)
(4) >0 G>
=0 PL~ wW(0r2 12,
Pl
= P1- 7V(0,(c,r,)2) Pl
31 Pi P1
i
) P\ (Multivariate
Normal Prior)
() p\ - Nk(0,D5RDS)



R (Prior Correlation Matrix)
D5 = diag[aiT],---,akT1]

Dg
al
' (Resiual Variance) o
(Inverse Gamma Conjugate Prior)
(6 p\o - IG “2
s ¥ 5 Xg 0
3 cr 3B ( ,
2 (Posterior Probability Distribution)
(Marginal posterior distribution)
(Likelihood)
(Prior distribution)
(7 f(8\ly) 00 f{y\8)f{8)
2k 5
f{oly)
1) f()
2) M LTk €L...ck Dg
J) (rior correlation matrix) R ()
4 Vg Xg ()
21 m)
(3) (uniform prior)

A

f(0) = 2+k



b

(non informative prior)

pi
45 6
) ,
)
Pz 20X, -1) =, VI=12..6
2,3 4
_ P(x; =m x 1x; =)
P22l P(X: =\){X2xf = D+P(X~ = OP(jf |2f.2 =0)
11
11,h 1
22 v 2
V(XX j=\\x E -
a = 27X, X1=\)V{XLX \x,xj.=1)
b = = 0)P(X,, X \x X 1=0)
3 4

XX 1=\\LX D) =
nx, =D?(Xj=mx ,\x XJ=m x\x ,x1=1)
(\-

2(X, =)HXj =imx, \x,x 1=0)V(Xj\xXj =0)
1111

nx,x1=\\x1X )= 111 222 ]
22 W22,
1

a=
b

16 1
16+16



1
?2(X1=1) =, Vi=12..6
¢) P(X2=1) =™, Vi=12..6
2(XIXJ=l) = - Vij=12,.6 ;1%
(information)
1C IXfl 1
20C X 2
2.2 C\...
Lok €k
(Semiautomatic Approach) (Intersection point) (relative
height) (marginal densities)
o =0-NOUp+Ty (L =1)~N{o(ja +eit)
hvp,
z HEVM
oy fil
9) P =\\filp)> P, v >1
a
[1 (t-distribution)
Z i}
fil
0pjT1+4c;
(0 crifzf +i
I (marginal posterior probability) 2

fil=0



I

9 N(0,a2+T2)
AQ0,cr2+cae2y  (cr/r,c)=(15),(1,0),(10,100),(10,500)

n apl,
il f gP Ixt a
(rescaling)  Z,
1
(<b_1t1,Cl)=(1,5)(1,10)(10,100)(10,500) (GP TLED=(LH)

«p Ixncd = (1,10)
(aP T,G) = (10500)

(crA/r, ,c,.)=(10500) (/1) (2417
(2123) (21, 32), (2868) (marginal density function)
2 (Ml @

Pt (31- N(0,t2  31- AN0,(c.r)2)

23 (Prior Correlation Matrix : R)
R 8
R (Posterior
covariance matrix) /2 f(13\y,<7.8)
(@--Z'Z+B-u
R= | 3 : f(P\ )
(Posterior correlation) R O (Z'Z)’1

1George, EI. and McCulloch, RE. “Variable Selection Via Gibbs Sampling” Journal of the American
Statistical Association. 88 (1993) : 881-889



R (22)"

(clesign' correlation)

24 v U
As
(experimental dlesign)
( =0) R cT
' (non- informative

prior) T As , "5

f, \Ag -

K -2,

5 19 As
As As

(Stochastic Search Variable Selection)

SSVS
(Gibbs Sampling ~ Gibbs Samypler)
(Markov Chain Structure)
(Markov Chain Simulation)
(random  walk)
9 (stationary  distribution)
(Joint Posterior Distribution) f{9 |Y)

(Markov Process) f(9 |p (run)

(Alternative Conitional Sampling)

(Multicimensional problem)

2Chipman, H, Hamada, M and , CF.J. “A Bayesian Variahle Selection approach for Analyzing
Designed Experiments with Complex Aliasing.”  iversity of Chicago, 19%



)

{ t
Bz (MIA MR,-0 ) t=12..
9 0
U _1]! = {(AL900e? jl.\ % ,‘13r!15-°'5n Jf!)
g 19

(Selection the Best Regression Equation)

(Backward Elimination)1

1

(Full Model)
Partial F

I n (
20 143



J) Partial F (1) F1 F
(10)
) FI<F) Partial F f
2
) FI>F0
(Stepwise Regression)
]
2) (Coefficient Correlation)  }'
y =§)
J) Partial F
4) Partial F (Fu) F
(10)
) FU<H Partial F
) Fu>/0 Partial F
) Partial F
6  Patial F F (FO)
) [I"<HK0 Partial F
) [I">H Partial F
0



3. (Bayesian Variable Selection)

(11) l 2, ' l
(10) §~f(6\y)

(12) pol 1 OIP'l ] l! IPII ] l!

p°, @

5° 5 =(1,....I

PJ<),S)

) Pl

(13) f(Pdy, -, +) = Np[Ast ( -1)2rzp L AQ-)

Wsl= ((*)2Z'Z # D) R~D).4))
. D~ =diag[(ax]y' ,(a212)",...,(akTky']

2)
(14) f( P'5") = IG UM Y-z by >y

3) 0J (componentwise)

(sampling consecutively)
(15) V-t ( hypd, , ) =tnp, 1)
CxSL - L, L)
(15) y
1) |

(16 ) [=\NPJ, 1) = -Db
16 ) a=f(P1\ 1, Hg il-, ! 18x/( /1)
16 ) b=f(PI\ 1, 1 =Oxf( {1, 1 =Oxf( I, =0



22

(1)
f{o\y)
f{o\y)
f(oly)
(12) 5
XLX2.. xKk
f{o\y)
(Carl Friedrich Gauss) . 17771855
(Andrei Andeevich Markov) .. 1856
1922 :
(Sum Square of Error :SSE)
8
y= xp+ £ £~n (0,<7211) P
P P
D-{xxy'x'y V¢ Cov(P)=a2(XX) "In
(Partial F-test)1
P
P
7 ' Xj 1y 2
(18 y =PI+ pxZ\+ .. +pgiq+
0=9+M +- +M,
(16) 1P = (172,172,.,17)
1
2 M

12539) 1518



) 1P (M) 17
) SSRX= ®[Z'y
) SSE = jy-pxYy

MSEX= or2

nxq

SSR Sum Squares of Regression

(17) y =pl+pXx+ .. +paZg+P +Eokx+.. +Ppzl+

pl =P0+pux+..+P Z +Paiz  +.+P 1p
7 P>q (17)

J

2P = (271,2P 2, ,iP q,2P q+IV1 1 nPp)
(Sum of Squares)
) 2n= (2L'2)oz 27

nxq
) B2 = P-ZY
) SSE2 = 27'ZYy
MSE2 = g\
=y-(y'y-J'ZY)

Extra Sum of Squares Regression  ESSR
ESSR = SSR2- SSR1
= DZL'y-\v,Z'y
Extra Sum of Squares

ut],2142,...,Z,
(16)

Distribution of Quadratic Form
ESSR 2 SE2 2

- AMAr-ztn-n)

ESSR/(p-q)cr2
SSE2/( - plor~
ESSRI(p-q)
a;
(p-4,n-p)

HOPgX=PH2=..=" =0 3 F,
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y=0+px, +.+Bup+E
(Mean Squares Error) (Sum of Squares Regression)

]

MSE = a2 = -J—(y'y-P'Z'y)

Cxlzj\ 5 |- HAV? )
0/ 1% VA A Erd T S T

4
A SS(zJJZ] éFT Mt w4 3%P)
HO:31=0 a Fo> Fx0l
(Correlation Coefficient)

(Simple Correlation Coefficient)
(*/-x)(y,~)
" (X 1"|')2£ (y,-y)2
>1 i
(Coefficient of Partial Correlation)

X], X, *3



X3 ry213 ry312

Fij\2,3, - I+

1,23V,
ri2s lutl 141k
/
ry
k
aj / j
oo
1 rX
1
ASY.
= 71 "2
_ak
R

= signer
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