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Derivation of the posterior predictive probability for the observed replication from
Section 3

We derive the posterior predictive probability for the observed replication using the model in

Section 3. We only consider a prior distribution for the regression parameter, α, α ∼ N(0, ν2)

for simplification and keep the other regression parameters fixed. First we derive the posterior

distribution of α,
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By Slutsky’s theorem,

ȳrep

2,obs
|yobs, r2 ∼ AN

(
n1ν

2(y2,obs − φy1,obs)

τ2 + n1ν2
+ φ(µ+ ξ),

τ2 + φ2σ2
2

nη
+

τ2ν2

τ2 + n1ν2

)
,

where AN represents an asymptotically normal distribution. Using the above results we obtain,
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n1(ȳ1,obs − (µ + ξ)), m denotes the numerator, and V

denotes the denominator.

Derivation of the posterior predictive probability for the complete replication from
Section 3

Here we derive the posterior predictive probability for the complete replication using the model
in Section 3. As for observed replication, the prior distribution on the regression parameter α is
α ∼ N(0, ν2).
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WinBUGS code for the posterior predictive checks in Section 3

model{

##### likelihood (sigma1,sigma2 and tau are standard deviation)

for (i in 1:n)

{

r2[i]~dbern(eta)

y[i,1]~dnorm(mu+xi*r2[i], 1/sigma2^2*r2[i]+1/sigma1^2*(1-r2[i]))

y[i,2]~dnorm(alpha+phi*y[i,1]+delta*(1-r2[i]), 1/tau^2)

}

##### prior

alpha~dnorm(0,0.00001)

##### known (fixed) parameters

eta<-param[1]

mu<-param[2]

xi<-param[3]

sigma1<-param[4]

sigma2<-param[5]

phi<-param[6]

delta<-param[7]

tau<-param[8]

#### predictive replicates

for (i in 1:n)

{

r2pred[i]~dbern(eta)

ypred[i,1]~dnorm(mu+xi*r2pred[i], 1/sigma2^2*r2pred[i]+1/sigma1^2*(1-r2pred[i]))

ypred[i,2]~dnorm(alpha+phi*ypred[i,1]+delta*(1-r2pred[i]), 1/tau^2)

}

#### posterior predictive check based on oberved data

check_obs<-step(sum(ypred[,2]*r2pred)-sum(y[,2]*r2)/sum(r2)*sum(r2pred))

#### posterior predictive check based on complete data

#check_com<-step(sum(ypred[,2])-sum(y[,2]))

}

WinBUGS code for the posterior predictive checks in Section 4

The observed data (y, r2) are sorted so that the subjects in the EG group are ordered before
those in the EP group.
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model{

##### likelihood (sigma1,sigma2 and tau are precision)

for (i in 1:78)

{

r2[i]~dbern(eta)

y[i,1]~dnorm(mu+xi*r2[i], sigma2*r2[i]+sigma1*(1-r2[i]))

y[i,2]~dnorm(alpha+phi*y[i,1]+delta*(1-r2[i]), tau)

}

##### prior

alpha~dnorm(0,0.00001)

eta~dbeta(1,1)

mu~dnorm(0,0.00001)

xi~dnorm(0,0.00001)

sigma1~dgamma(.01,.01)

sigma2~dgamma(.01,.01)

tau~dgamma(.01,.01)

phi~dnorm(0,0.00001)

#### posterior predictive replicates

for (i in 1:n)

{

r2pred[i]~dbern(eta)

ypred[i,1]~dnorm(mu+xi*r2pred[i], sigma2*r2pred[i]+sigma1*(1-r2pred[i]))

ypred[i,2]~dnorm(alpha+phi*ypred[i,1]+delta*(1-r2pred[i]),tau)

}

#### posterior predictive checks for EG based on oberved data and complete data replications

check_obs_EG<-step(sum(ypred[1:38,2]*r2pred[1:38])-sum(y[1:38,2]*r2[1:38])/

sum(r2[1:38])*sum(r2pred[1:38]))

check_com_EG<-step(sum(ypred[1:38,2])-sum(y[1:38,2]))

#### posterior predictive checks for EP based on oberved data and complete data replications

check_obs_EP<-step(sum(ypred[39:78,2]*r2pred[39:78])-sum(y[39:78,2]*r2[39:78])/

sum(r2[39:78])*sum(r2pred[39:78]))

check_com_EP<-step(sum(ypred[39:78,2])-sum(y[39:78,2]))
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#### marginal means of Y_1 and Y_2

mean_y1<-mu+eta*xi

mean_y2<-alpha+phi*(mu+eta*xi)+(1-eta)*delta

}
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