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[Abstract]  Meta-analysis used for genetic association studies became popular among
researchers, with the amount of published papers increased rapidly. In this paper, we will focus on the
introduction on the selection of genetic models. Traditionally, methods used for Meta-analysis on
genetic association studies was to calculate the statistics based on available genetic models which not
only increasing the probability of false-positives but also making the interpretation of results more
difficult. Hence, a critical step in the Meta-analysis of genetic association studies was to choose the
appropriate inheritance model. The aim of this paper was to introduce the theory of Bayesian analysis
regarding the genetic model-free approach, in performing the Meta-analysis for studies related to
genetic associations.
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(1) FZEA 4 Fh - S0 FE A (allele model) 3 i 4
#i # (co-dominant model) | & M 5% AU (recessive
model) . i P45 Y (dominant model ) , i 3 I PEAE
A5 246 & T 174 (homozygote model) FIZ% A F 45
Y (heterozygote model) ** . 7E ¥ K& SNP % 5 11
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Beta(0.5,0.5)

s Beta(l,1)
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ME

B2 ZEARTERP I A R
= SR
P Kato 45" & 36 1) 1ML A4 55 9K K L L [ M235T
LA TR R B 10T & UG AH G 1 1Y Meta 43
Mok, W1,

=3 BNITEE

N EGEE X BE2H

MM T TT MM TM TT
Hata 1994 2 20 83 3 34 44
Twai 1994 3 17 6 4 30 49
Nishiuma 1995 3 30 31 17 84 48
Morise 1995 5 B 2 5 26
Stao 1997 8 390 133 12 6 119
Kamitani 1994 6 368 9 48 47
Kato 1999 20 214 483 18 134 363

K OpenBugs #4154 A .

model |
for(iin1:7 ) |
pli,1]<-1/(1+bli,1]+bli,2])
pli,21<-bli, 1]/(1+bli,1]+bli,2])
pli,3]<-bli,2]/(1+b[i,1]+b[i,2])
qli, 1] <-1/(1+bli, 1]*exp (lambda*d[i] ) +b[i, 2]
*exp(d[i]))
qli,2]<-bli,1]*exp(lambda*d[i])/
(1+bli, 1]*exp(lambda*d[i]) +b[i,2*exp(d[i]))
qli,3]<-bli,2]*exp(dli])/
(1+bli, 1 ]*exp(lambda*d[i])+b[i,2]*exp(d[i]))
d[i] ~ dnorm(theta, tau2)
ncont[i,1:3] ~ dmulti(p[i,1:3],tcont[i])
ncaseli,1:3] ~dmulti(qli, 1:3],tcase[i])
bli, 1] ~dnorm(0,0.0001)
bli,2] ~ dnorm(0,0.0001)
f
lambda ~ dbeta(1,1)
theta ~ dnorm(0,0.0001)
tau2 ~ dgamma(0.001,0.001)
OR1<-exp(theta)
OR2<-exp(lambda*theta)
SD<-1/sqrt(tau2)
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%
list(ncase=structure (.Data=c(2,20,83,3,17, 62,3,30,31,
5,23,52,8,39,133, 6, 34, 68,20, 214, 483),.Dim=c(7,
3)),
ncont=structure (.Data=c (3,34, 44,4,30,49,17,84,48,5,
32,63,12,62,119,9,48,47,18,134, 363),.Dim=c(7,3)),
tcase=c (105.000, 82.000, 64.000, 80.000, 180.000, 108.000,
717.000),
tcont=c(81.000, 83.000, 149.000, 100.000, 193.000, 104.000,
515.000) )
list (lambda=0.5, theta=0, tau2=1, b=structure (.Data=c
(0.5,0.5,0.5,05,0.5,0.5,0.5,0.5,05, 05,05,0.5,0.5,
0.5),.Dim=c(7,2)))
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OR, sample: 10 000 OR, sample: 10 000
1001 > I
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S sof S 10 j\
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0.0, A - - ) 0.0F, . . .
0.0 1.0 2.0 3.0 4.0 0.0 25 5.0 7.5
OR, OR,
SD sample: 10 000 lambda sample: 10 000
- g 401
2 20f =
< ’ \ £ 207
0.01 = 00k, . .
0.0 2.0 4.0 6.0 -0.25 0.00 0.25 0.50 0.75 1.00
s lambda
tau, sample: 10 000 theta sample: 10 000
~ = 2.0F
- (5]
£ ol k < 10}
&~ <
0.0 (4 - - - 0.0E, ; . ) : 0
0.0 100.0 200.0 300.0 -20 -1.0 00 1.0 20 3.0
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B5 JEg s ARG
F2 DU O AR AR 2 i A S A 4 R
CANSHU mean sd MC_error val2.5pc median val95.0pc val97.5pc start sample
OR, 1.118 0.1412 0.004 323 1.001 1.075 1.377 1.484 10 001 10 000
OR, 1.777 0.521 0.014 65 1.074 1.69 2.662 3.026 10 001 10 000
s 0.492 0.256 7 0.008 549 0.171 5 0.4389 0.958 6 1.142 10 001 10 000
lambda 0.1817 0.1332 0.003 353 0.007 465 0.156 9 0.4332 0.4835 10 001 10 000
tau, 8.365 12.79 0.5472 0.767 4 5.191 24.78 34 10 001 10 000
theta 0.54 0.2575 0.007 432 0.071 62 0.525 0.979 2 1.107 10 001 10 000
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