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Appendix A

R and JAGS Code





model{
   for (j in 1:nsubj){ 
      for (i in 1:ntone){ 
         r[i,j] ~ dbin(thetalim[i,j], n[i,j]) 
         logit(thetalim[i,j]) <- lthetalim[i,j] 
         lthetalim[i,j] <- min(999, max(-999, ltheta[i,j])) 
         ltheta[i,j] <- alpha[j] + beta[j]*tones[i] 
      } 
      beta[j] ~ dnorm(mu.beta[cond[j]], tau.beta[cond[j]]) 
      alpha[j] ~ dnorm(mu.alpha[cond[j]], tau.alpha[cond[j]]) 
   } 

   for (k in 1:ncond){ 

      mu.beta[k] ~ dnorm(0,.001) 
      mu.alpha[k] ~ dnorm(0,.001) 
      sigma.beta[k] ~ dunif(0,10) 
      sigma.alpha[k] ~ dunif(0,10) 
      tau.beta[k] <- pow(sigma.beta[k], -2) 
      tau.alpha[k] <- pow(sigma.alpha[k], -2) 
   } 
}

data = c("r", "n", "nsubj", "ntone", "tones", "ncond", "cond") 
parameters = c("mu.alpha","mu.beta") 
myinits = list( 
  list(mu.beta = runif(ncond,0,.5), mu.alpha = runif(ncond,-2,2)), 
  list(mu.beta = runif(ncond,0,.5), mu.alpha = runif(ncond,-2,2)), 
  list(mu.beta = runif(ncond,0,.5), mu.alpha = runif(ncond,-2,2)), 
  list(mu.beta = runif(ncond,0,.5), mu.alpha = runif(ncond,-2,2)) 
)

samples = jags(data, inits = myinits, parameters, model.file = 
"model.hier.txt", n.chains = 3, n.iter = 10000, n.burnin = 500, 
n.thin = 1, DIC = T) 

alpha = samples$BUGSoutput$sims.list$mu.alpha 
beta = samples$BUGSoutput$sims.list$mu.beta 
# Transform posterior so values expressed in psychometric SD units 
postE = 1/beta2[,1] 
postI = 1/beta2[,2] 

model{
   for(j in 1:Subs){ 
      for(i in 1:N){ 
         h[i,j] ~ dbin(hr[i,j],n1[i,j]) 
         f[i,j] ~ dbin(far[i,j],n2[i,j]) 
         hr[i,j] <- 1-phi(c[i,j]-d[j]) 
         far[i,j] <- 1-phi(c[i,j]) 



      } 
      d[j] ~ dnorm(D[cond[j]],precD) 
      c[1,j] <- c1[j] 
      for(i in 1:(N-1)){ 
         c[i+1,j] <- c[i,j]+Shift[s[i,j]+1,r[i,j]+1]*delta[j] 
      } 
      delta[j] ~ dnorm(Delta[cond[j]],precDelta) 
      c1[j] ~ dnorm(C1[cond[j]],precC1) 
   } 

   for(k in 1:Cond){ 
      D[k] ~ dunif(0,4) 
      Delta[k] ~ dunif(-1,1) 
      C1[k] ~ dunif(0,4) 
   } 

   sdD ~ dunif(0,10) 
   sdDelta ~ dunif(0,10) 
   sdC1 ~ dunif(0,10) 

   precD <- pow(sdD,-2) 
   precDelta <- pow(sdDelta,-2) 
   precC1 <- pow(sdC1,-2) 
}

data = list("s", "r", "h", "f", 
"n1","n2","cond","N","Subs","Cond","Shift")
parameters = c("D", "C1", "Delta") 

samples = jags.parallel(data,inits=NULL,parameters, 
model.file="model.ecm.txt",n.chains = 4, n.iter = 10000, n.burnin 
= 1000, n.thin=2, DIC=T) 

D=samples$BUGSoutput$sims.list$D
C1=samples$BUGSoutput$sims.list$C1
Delta=samples$BUGSoutput$sims.list$Delta

nsim = 1e4 
D=runif(nsim,0,4)
C=runif(nsim,0,4)
G=runif(nsim,-1,1)

H=1-pnorm(C-D)
F=1-pnorm(C)

ll=array(dim=c(2,nsim,ntrials,nsubs)) # rate x sim x trial x 
subject

# Condition 1 



for(j in 1:nsubcon[1]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C = C+Shift[ss[i]+1,rs[i]+1]*G 
      H=1-pnorm(C-D) 
      F=1-pnorm(C) 
   } 
}

# Condition 2 
for(j in 1:nsubcon[1]+nsubcon[2]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C = C+Shift[ss[i]+1,rs[i]+1]*G 
      H=1-pnorm(C-D) 
      F=1-pnorm(C) 
   } 
}

# Condition 3 
for(j in 1:nsubcon[3]+sum(nsubcon[1:2])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C = C+Shift[ss[i]+1,rs[i]+1]*G 
      H=1-pnorm(C-D) 
      F=1-pnorm(C) 
   } 
}

# Condition 4 
for(j in 1:nsubcon[4]+sum(nsubcon[1:3])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C = C+Shift[ss[i]+1,rs[i]+1]*G 



      H=1-pnorm(C-D) 
      F=1-pnorm(C) 
   } 
}

#subject marginal likelihood 
tmp=apply(ll,c(2,4),sum,na.rm=T)
marginalsS=array(dim=c(dim(tmp)[2]))
for(i in 1:(dim(tmp)[2])) marginalsS[i]=mean(exp(tmp[,i]-
max(tmp[,i])))

save(marginalsS, file="bf-ecm.RData") 

nsim = 1e5 
D=runif(nsim,0,4)
C=runif(nsim,0,4)
G=runif(nsim,0,1)

H=1-pnorm(C-D)
F=1-pnorm(C)

ll=array(dim=c(2,nsim,ntrials,nsubs)) # rate x sim x trial x 
subject

# Condition 1 
for(j in 1:nsubcon[1]){ 
   print(j) 
   hs=h[,j] 
   fs=f[,j] 
   n1s=n1[,j] 
   n2s=n2[,j] 

   for(i in 1:ntrials) ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
   for(i in 1:ntrials) ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
}

#Condition 2 
for(j in 1:nsubcon[1]+nsubcon[2]){ 
   print(j) 
   hs=h[,j] 
   fs=f[,j] 
   n1s=n1[,j] 
   n2s=n2[,j] 

   for(i in 1:ntrials) ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
   for(i in 1:ntrials) ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
}

#Condition 3 
for(j in 1:nsubcon[3]+sum(nsubcon[1:2])){ 
   print(j) 
   hs=h[,j] 
   fs=f[,j] 
   n1s=n1[,j] 



   n2s=n2[,j] 

   for(i in 1:ntrials) ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
   for(i in 1:ntrials) ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
}

#Condition 4 
for(j in 1:nsubcon[4]+sum(nsubcon[1:3])){ 
   print(j) 
   hs=h[,j] 
   fs=f[,j] 
   n1s=n1[,j] 
   n2s=n2[,j] 

   for(i in 1:ntrials) ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
   for(i in 1:ntrials) ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
}

#subject marginal likelihood 
tmp=apply(ll,c(2,4),sum,na.rm=T)
marginalsS=array(dim=c(dim(tmp)[2]))
for(i in 1:(dim(tmp)[2])) marginalsS[i]=mean(exp(tmp[,i]-
max(tmp[,i])))

save(marginalsS, file="bf-scm.RData") 

# Number of trial per event and number of simulations 
nHigh = nLow = 200 
nsim=1e4

# Means and SDs for criterion distribution: from psychometric 
function
tmp1 = c(7.40,7.45) 
tmp2 = c(1.28,.62) 

# Standardise the criterion values 
c = (tmp1-6.5)/2 
sd = tmp2/2 

# Set up array to store d prime values 
ds = array(dim=c(2,nsim)) 

# Run simulation loop 
for(i in 1:nsim){ 
   C1 = c[1] 
   C2 = c[2] 

   # criterion variance degraded d prime value 
   D1 = 1/sqrt(1+sd[1]^2) 
   D2 = 1/sqrt(1+sd[2]^2) 

   # calculate hits and false alarms 
   H1 = 1-pnorm(C1-D1); F1 = 1-pnorm(C1) 
   H2 = 1-pnorm(C2-D2); F2 = 1-pnorm(C2) 



   h1 = sum(rbinom(nHigh,1,H1))/nHigh 
   f1 = sum(rbinom(nLow,1,F1))/nLow 
   h2 = sum(rbinom(nHigh,1,H2))/nHigh 
   f2 = sum(rbinom(nLow,1,F2))/nLow 

   # estimate d prime from "observed" values 
   ds[1,i] = qnorm(h1)-qnorm(f1) 
   ds[2,i] = qnorm(h2)-qnorm(f2) 
}

model{
   for(j in 1:Subs){ 
      for(i in 1:N){ 
         h[i,j] ~ dbin(hr[i,j],n1[i,j]) 
         f[i,j] ~ dbin(far[i,j],n2[i,j]) 
         hr[i,j] <- 1-phi(c[i,j]-d[j]) 
         far[i,j] <- 1-phi(c[i,j]) 
      } 

      d[j] ~ dnorm(D[cond[j]],precD) 
      c[1,j] <- c1[j] 
      for(i in 1:(N-1)){ 

c[i+1,j] <- c[i,j]+Shift[s[i,j]+1,r[i,j]+1]*(x[i,j]-
c[i,j])*delta[j]

      } 

      delta[j] ~ dnorm(Delta[cond[j]],precDelta) 
      c1[j] ~ dnorm(C1[cond[j]],precC1) 
   } 

   D[1] ~ dunif(0.5,1)
   D[2] ~ dunif(0.5,1) 
   D[3] ~ dunif(2,3)
   D[4] ~ dunif(2,3) 
   C1[1] ~ dunif(0,1)
   C1[2] ~ dunif(0,1) 
   C1[3] ~ dunif(1,2)
   C1[4] ~ dunif(1,2) 

   for(k in 1:Cond){ 
      Delta[k] ~ dunif(0,1) 
   } 

   sdD ~ dunif(0,10) 



   sdDelta ~ dunif(0,10) 
   sdC1 ~ dunif(0,10) 

   precD <- pow(sdD,-2) 
   precDelta <- pow(sdDelta,-2) 
   precC1 <- pow(sdC1,-2) 
}

# Shift matrix contains only positive values to indicate on which 
#type of trial shifts can occur. Here it is only on errors.
# The direction is determined by x - c. 
Shift = matrix(c(0,1,1,0),2,2,byrow=T) 

data = list("x", "s", "r", "h", "f", "n1", 
"n2","cond","N","Subs","Cond","Shift")
parameters = c("D", "C1", "Delta") 

samples = jags.parallel(data,inits=NULL,parameters, 
model.file="model.pecm.txt",n.chains = 4, n.iter = 10000, n.burnin 
= 500, n.thin=1, DIC=T) 

D=samples$BUGSoutput$sims.list$D
C1=samples$BUGSoutput$sims.list$C1
Delta=samples$BUGSoutput$sims.list$Delta

nsim = 1e5 
D1=runif(nsim,0.5,1); D2=runif(nsim,2,3) 
C1=runif(nsim,0,1); C2=runif(nsim,1,2) 
G=runif(nsim,0,1)

H=1-pnorm(C1-D1)
F=1-pnorm(C1)

ll=array(dim=c(2,nsim,ntrials,nsubs)) # rate x sim x trial x 
subject

# Condition 1 
for(j in 1:nsubcon[1]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+Shift[ss[i]+1,rs[i]+1]*G*(xs[i]-C1) 
      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 



}

# Condition 2 
for(j in 1:nsubcon[1]+nsubcon[2]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+Shift[ss[i]+1,rs[i]+1]*G*(xs[i]-C1) 
      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 
}

H=1-pnorm(C2-D2)
F=1-pnorm(C2)

# Condition 3 
for(j in 1:nsubcon[3]+sum(nsubcon[1:2])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+Shift[ss[i]+1,rs[i]+1]*G*(xs[i]-C2) 
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}

# Condition 4 
for(j in 1:nsubcon[4]+sum(nsubcon[1:3])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+Shift[ss[i]+1,rs[i]+1]*G*(xs[i]-C2) 
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}

#subject marginal likelihood 
tmp=apply(ll,c(2,4),sum,na.rm=T)



marginalsS=array(dim=c(dim(tmp)[2]))
for(i in 1:(dim(tmp)[2])) marginalsS[i]=mean(exp(tmp[,i]-
max(tmp[,i])))

save(marginalsS, file="bf-pecm.RData") 

model{
   for(j in 1:Subs){ 
      for(i in 1:N){ 
         h[i,j] ~ dbin(hr[i,j],n1[i,j]) 
         f[i,j] ~ dbin(far[i,j],n2[i,j]) 
         hr[i,j] <- 1-phi(c[i,j]-d[j]) 
         far[i,j] <- 1-phi(c[i,j]) 
      } 
      d[j] ~ dnorm(D[cond[j]],precD) 
      c[1,j] <- c1[j] 
      for(i in 1:(N-1)){ 
         c[i+1,j] <- c[i,j]+(Shift1[s[i,j]+1,r[i,j]+1]*delta1[j])+ 

(Shift2[s[i,j]+1,r[i,j]+1]*delta2[j])
      } 
      c1[j] ~ dnorm(C1[cond[j]],precC1) 
      delta1[j] ~ dnorm(Delta[cond[j],1],precDelta) 
      delta2[j] ~ dnorm(Delta[cond[j],2],precDelta) 
   } 

   D[1] ~ dunif(.5,1) 
   D[2] ~ dunif(.5,1) 
   D[3] ~ dunif(2,3) 
   D[4] ~ dunif(2,3) 
   C1[1] ~ dunif(0,1) 
   C1[2] ~ dunif(0,1) 
   C1[3] ~ dunif(1,2) 
   C1[4] ~ dunif(1,2) 

   for(k in 1:Cond){ 
      for(n in 1:2){ 
         Delta[k,n] ~ dunif(-.5,.5) 
      }
   } 

   sdD ~ dunif(0,10) 
   sdDelta ~ dunif(0,10) 
   sdC1 ~ dunif(0,10) 
   precD <- pow(sdD,-2) 
   precDelta <- pow(sdDelta,-2) 
   precC1 <- pow(sdC1,-2) 
}

data = list("s", "r", "h", "f", 
"n1","n2","cond","N","Subs","Cond","Shift1","Shift2")



parameters = c("D", "C1", "Delta") 

samples = jags.parallel(data,inits=NULL,parameters, 
model.file="model.gdm.txt", n.chains = 4, n.iter = 10000, n.burnin 
= 500, n.thin=1, DIC=T) 

D=samples$BUGSoutput$sims.list$D
C1=samples$BUGSoutput$sims.list$C1
Delta=samples$BUGSoutput$sims.list$Delta

nsim = 1e5 
D1=runif(nsim,.5,1); D2=runif(nsim,2,3) 
C1=runif(nsim,0,1); C2=runif(nsim,1,2) 
G1=G2=runif(nsim,-.5,.5)

H=1-pnorm(C1-D1)
F=1-pnorm(C1)

ll=array(dim=c(2,nsim,ntrials,nsubs)) # rate x sim x trial x 
subject

# Condition 1 
for(j in 1:nsubcon[1]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+Shift1[ss[i]+1,rs[i]+1]*G1+ 

Shift2[ss[i]+1,rs[i]+1]*G2
      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 
}

# Condition 2 
for(j in 1:nsubcon[1]+nsubcon[2]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+Shift1[ss[i]+1,rs[i]+1]*G1+ 
   Shift2[ss[i]+1,rs[i]+1]*G2 
      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 
}



H=1-pnorm(C2-D2)
F=1-pnorm(C2)

# Condition 3 
for(j in 1:nsubcon[3]+sum(nsubcon[1:2])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+Shift1[ss[i]+1,rs[i]+1]*G1+ 

Shift2[ss[i]+1,rs[i]+1]*G2
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}

# Condition 4 
for(j in 1:nsubcon[4]+sum(nsubcon[1:3])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+Shift1[ss[i]+1,rs[i]+1]*G1+ 

Shift2[ss[i]+1,rs[i]+1]*G2
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}

#subject marginal likelihood 
tmp=apply(ll,c(2,4),sum,na.rm=T)
marginalsS=array(dim=c(dim(tmp)[2]))
for(i in 1:(dim(tmp)[2])) marginalsS[i]=mean(exp(tmp[,i]-
max(tmp[,i])))

save(marginalsS, file="bf-gdm.RData") 

model{
   for(j in 1:Subs){ 
      for(i in 1:N){ 
         h[i,j] ~ dbin(hr[i,j],n1[i,j]) 



         f[i,j] ~ dbin(far[i,j],n2[i,j]) 
         hr[i,j] <- 1-phi(c[i,j]-d[j]) 
         far[i,j] <- 1-phi(c[i,j]) 
      } 
      d[j] ~ dnorm(D[cond[j]],precD) 
      c[1,j] <- c1[j] 
      for(i in 1:(N-1)){ 
         c[i+1,j] <- c[i,j]+(x[i,j]-c[i,j])*delta[j] 
      } 
      delta[j] ~ dnorm(Delta[cond[j]],precDelta) 
      c1[j] ~ dnorm(C1[cond[j]],precC1) 
   } 

   D[1] ~ dunif(.5,1) 
   D[2] ~ dunif(.5,1) 
   D[3] ~ dunif(2,3) 
   D[4] ~ dunif(2,3) 
   C1[1] ~ dunif(0,1) 
   C1[2] ~ dunif(0,1) 
   C1[3] ~ dunif(1,2) 
   C1[4] ~ dunif(1,2) 

   for(k in 1:Cond){ 
      Delta[k] ~ dunif(0,1) 
   } 

   sdD ~ dunif(0,10) 
   sdDelta ~ dunif(0,10) 
   sdC1 ~ dunif(0,10) 

   precD <- pow(sdD,-2) 
   precDelta <- pow(sdDelta,-2) 
   precC1 <- pow(sdC1,-2) 
}

data = list("x", "s", "r", "h", "f", "n1", 
"n2","cond","N","Subs","Cond")
parameters = c("D", "C1", "Delta") 

samples = jags.parallel(data,inits=NULL,parameters, 
model.file="model.pgdm.txt",n.chains = 4, n.iter = 10000, n.burnin 
= 500, n.thin=1, DIC=T) 

D=samples$BUGSoutput$sims.list$D
C1=samples$BUGSoutput$sims.list$C1
Delta=samples$BUGSoutput$sims.list$Delta

nsim = 1e5 
D1=runif(nsim,0.5,1); D2=runif(nsim,2,3) 
C1=runif(nsim,0,1); C2=runif(nsim,1,2) 
G=runif(nsim,0,1)



H=1-pnorm(C1-D1)
F=1-pnorm(C1)

ll=array(dim=c(2,nsim,ntrials,nsubs)) # rate x sim x trial x 
subject

# Condition 1 
for(j in 1:nsubcon[1]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+G*(xs[i]-C1) 
      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 
}

# Condition 2 
for(j in 1:nsubcon[1]+nsubcon[2]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+G*(xs[i]-C1) 
      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 
}

H=1-pnorm(C2-D2)
F=1-pnorm(C2)

# Condition 3 
for(j in 1:nsubcon[3]+sum(nsubcon[1:2])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+G*(xs[i]-C2) 
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}



# Condition 4 
for(j in 1:nsubcon[4]+sum(nsubcon[1:3])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+G*(xs[i]-C2) 
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}

#subject marginal likelihood 
tmp=apply(ll,c(2,4),sum,na.rm=T)
marginalsS=array(dim=c(dim(tmp)[2]))
for(i in 1:(dim(tmp)[2])) marginalsS[i]=mean(exp(tmp[,i]-
max(tmp[,i])))

save(marginalsS, file="bf-pgdm.RData") 

# Assign tones to low and high vectors based upon TTKR values 
z = as.vector(tone) 
low = matrix(ifelse(tmp$KR==0,z,0),400,nsubs) 
high = matrix(ifelse(tmp$KR==1,z,0),400,nsubs) 

for(i in 2:400) for(j in 1:nsubs) low[i,j] = 
ifelse(low[i,j]==0,low[i-1,j],low[i,j])
for(i in 2:400) for(j in 1:nsubs) high[i,j] = 
ifelse(high[i,j]==0,high[i-1,j],high[i,j])

nsim = 1e5 
D1=runif(nsim,.5,1); D3=runif(nsim,2,3) 
G=matrix(runif(nsim,0,1),nsim,ntrials)
lag = matrix(seq(0,399),nsim,ntrials, byrow=T) 

ll=array(dim=c(2,nsim,ntrials,nsubs)) # rate x sim x trial x 
subject

# Condition 1 
for(j in 1:nsubcon[1]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   lows=matrix(low[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   highs=matrix(high[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   Mn = Ms = array(dim=c(nsim,ntrials)) 

   C=0.5 
   H=1-pnorm(C-D1) 
   F=1-pnorm(C) 



   ll[1,,1,j]=dbinom(hs[1],n1s[1],H) 
   ll[2,,1,j]=dbinom(fs[1],n2s[1],F) 
   Mn[,1] = lows[,1] 
   Ms[,1] = highs[,1] 

   for(i in 1:(ntrials-1)){ 
      Mn[,i+1]=apply(lows[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Ms[,i+1]=apply(highs[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Mn[,i+1]=ifelse(is.na(Mn[,i+1]),0,Mn[,i+1]) 
      Ms[,i+1]=ifelse(is.na(Ms[,i+1]),0,Ms[,i+1]) 
      C = 0.5*(Mn[,i+1]+Ms[,i+1]) 
      H=1-pnorm(C-D1) 
      F=1-pnorm(C) 
      ll[1,,i+1,j]=dbinom(hs[i+1],n1s[i+1],H,log=T) 
      ll[2,,i+1,j]=dbinom(fs[i+1],n2s[i+1],F,log=T) 
   } 
}

# Condition 2 
for(j in 1:nsubcon[1]+nsubcon[2]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   lows=matrix(low[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   highs=matrix(high[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   Mn = Ms = array(dim=c(nsim,ntrials)) 

   C=0.5 
   H=1-pnorm(C-D1) 
   F=1-pnorm(C) 
   ll[1,,1,j]=dbinom(hs[1],n1s[1],H) 
   ll[2,,1,j]=dbinom(fs[1],n2s[1],F) 
   Mn[,1] = lows[,1] 
   Ms[,1] = highs[,1] 

   for(i in 1:(ntrials-1)){ 
      Mn[,i+1]=apply(lows[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Ms[,i+1]=apply(highs[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Mn[,i+1]=ifelse(is.na(Mn[,i+1]),0,Mn[,i+1]) 
      Ms[,i+1]=ifelse(is.na(Ms[,i+1]),0,Ms[,i+1]) 
      C = 0.5*(Mn[,i+1]+Ms[,i+1]) 
      H=1-pnorm(C-D1) 
      F=1-pnorm(C) 
      ll[1,,i+1,j]=dbinom(hs[i+1],n1s[i+1],H,log=T) 
      ll[2,,i+1,j]=dbinom(fs[i+1],n2s[i+1],F,log=T) 
   } 
}

# Condition 3 
for(j in 1:nsubcon[3]+sum(nsubcon[1:2])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   lows=matrix(low[,j],nrow=nsim,ncol=ntrials,byrow=T) 



   highs=matrix(high[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   Mn = Ms = array(dim=c(nsim,ntrials)) 

   C=1.5 
   H=1-pnorm(C-D3) 
   F=1-pnorm(C) 
   ll[1,,1,j]=dbinom(hs[1],n1s[1],H) 
   ll[2,,1,j]=dbinom(fs[1],n2s[1],F) 
   Mn[,1] = lows[,1] 
   Ms[,1] = highs[,1] 

   for(i in 1:(ntrials-1)){ 
      Mn[,i+1]=apply(lows[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Ms[,i+1]=apply(highs[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Mn[,i+1]=ifelse(is.na(Mn[,i+1]),0,Mn[,i+1]) 
      Ms[,i+1]=ifelse(is.na(Ms[,i+1]),0,Ms[,i+1]) 
      C = 0.5*(Mn[,i+1]+Ms[,i+1]) 
      H=1-pnorm(C-D3) 
      F=1-pnorm(C) 
      ll[1,,i+1,j]=dbinom(hs[i+1],n1s[i+1],H,log=T) 
      ll[2,,i+1,j]=dbinom(fs[i+1],n2s[i+1],F,log=T) 
   } 
}

# Condition 4 
for(j in 1:nsubcon[4]+sum(nsubcon[1:3])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   lows=matrix(low[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   highs=matrix(high[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   Mn = Ms = array(dim=c(nsim,ntrials)) 

   C=1.5 
   H=1-pnorm(C-D3) 
   F=1-pnorm(C) 
   ll[1,,1,j]=dbinom(hs[1],n1s[1],H) 
   ll[2,,1,j]=dbinom(fs[1],n2s[1],F) 
   Mn[,1] = lows[,1] 
   Ms[,1] = highs[,1] 

   for(i in 1:(ntrials-1)){ 
      Mn[,i+1]=apply(lows[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Ms[,i+1]=apply(highs[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Mn[,i+1]=ifelse(is.na(Mn[,i+1]),0,Mn[,i+1]) 
      Ms[,i+1]=ifelse(is.na(Ms[,i+1]),0,Ms[,i+1]) 
      C = 0.5*(Mn[,i+1]+Ms[,i+1]) 
      H=1-pnorm(C-D3) 
      F=1-pnorm(C) 
      ll[1,,i+1,j]=dbinom(hs[i+1],n1s[i+1],H,log=T) 
      ll[2,,i+1,j]=dbinom(fs[i+1],n2s[i+1],F,log=T) 
   } 
}



#subject marginal likelihood 
tmp=apply(ll,c(2,4),sum,na.rm=T)
marginalsS=array(dim=c(dim(tmp)[2]))
for(i in 1:(dim(tmp)[2])) marginalsS[i]=mean(exp(tmp[,i]-
max(tmp[,i])))

save(marginalsS, file="bf-ewlm.RData") 

# Assign tones to low and high vectors based upon TTKR values 
z = as.vector(tone) 
low = matrix(ifelse(r==0,z,0),400,nsubs) 
high = matrix(ifelse(r==1,z,0),400,nsubs) 

for(i in 2:400) for(j in 1:nsubs) low[i,j] = 
ifelse(low[i,j]==0,low[i-1,j],low[i,j])
for(i in 2:400) for(j in 1:nsubs) high[i,j] = 
ifelse(high[i,j]==0,high[i-1,j],high[i,j])

nsim = 1e5 

D1=runif(nsim,.5,1); D3=runif(nsim,2,3) 
G=matrix(runif(nsim,0,1),nsim,ntrials)
lag = matrix(seq(0,399),nsim,ntrials, byrow=T) 

ll=array(dim=c(2,nsim,ntrials,nsubs)) # rate x sim x trial x 
subject

# Condition 1 
for(j in 1:nsubcon[1]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   lows=matrix(low[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   highs=matrix(high[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   Mn = Ms = array(dim=c(nsim,ntrials)) 

   C=0.5 
   H=1-pnorm(C-D1) 
   F=1-pnorm(C) 
   ll[1,,1,j]=dbinom(hs[1],n1s[1],H) 
   ll[2,,1,j]=dbinom(fs[1],n2s[1],F) 
   Mn[,1] = lows[,1] 
   Ms[,1] = highs[,1] 

   for(i in 1:(ntrials-1)){ 
      Mn[,i+1]=apply(lows[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Ms[,i+1]=apply(highs[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Mn[,i+1]=ifelse(is.na(Mn[,i+1]),0,Mn[,i+1]) 
      Ms[,i+1]=ifelse(is.na(Ms[,i+1]),0,Ms[,i+1]) 
      C = 0.5*(Mn[,i+1]+Ms[,i+1]) 
      H=1-pnorm(C-D1) 
      F=1-pnorm(C) 



      ll[1,,i+1,j]=dbinom(hs[i+1],n1s[i+1],H,log=T) 
      ll[2,,i+1,j]=dbinom(fs[i+1],n2s[i+1],F,log=T) 
   } 
}

# Condition 2 
for(j in 1:nsubcon[1]+nsubcon[2]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   lows=matrix(low[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   highs=matrix(high[,j],nrow=nsim,ncol=ntrials,byrow=T) 
   Mn = Ms = array(dim=c(nsim,ntrials)) 

   C=1.5 
   H=1-pnorm(C-D3) 
   F=1-pnorm(C) 
   ll[1,,1,j]=dbinom(hs[1],n1s[1],H) 
   ll[2,,1,j]=dbinom(fs[1],n2s[1],F) 
   Mn[,1] = lows[,1] 
   Ms[,1] = highs[,1] 

   for(i in 1:(ntrials-1)){ 
      Mn[,i+1]=apply(lows[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Ms[,i+1]=apply(highs[,1:(i+1)]*G[,i+1]^(i-lag[,1:(i+1)]), 

1,sum)/apply(G[,i+1]^(i-lag[,1:(i+1)]),1,sum)
      Mn[,i+1]=ifelse(is.na(Mn[,i+1]),0,Mn[,i+1]) 
      Ms[,i+1]=ifelse(is.na(Ms[,i+1]),0,Ms[,i+1]) 
      C = 0.5*(Mn[,i+1]+Ms[,i+1]) 
      H=1-pnorm(C-D3) 
      F=1-pnorm(C) 
      ll[1,,i+1,j]=dbinom(hs[i+1],n1s[i+1],H,log=T) 
      ll[2,,i+1,j]=dbinom(fs[i+1],n2s[i+1],F,log=T) 
   } 
}

#subject marginal likelihood 
tmp=apply(ll,c(2,4),sum,na.rm=T)
marginalsS=array(dim=c(dim(tmp)[2]))
for(i in 1:(dim(tmp)[2])) marginalsS[i]=mean(exp(tmp[,i]-
max(tmp[,i])))

save(marginalsS, file="bf-ewlm.noKR.RData") 

nsim = 1e5 
D1=runif(nsim,0.5,1); D2=runif(nsim,2,3) 
C1=rep(0.5,nsim); C2=rep(1.5,nsim) 
G=runif(nsim,0,1)

H=1-pnorm(C1-D1)
F=1-pnorm(C1)



ll=array(dim=c(2,nsim,ntrials,nsubs)) # rate x sim x trial x 
subject

# Condition 1 
for(j in 1:nsubcon[1]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   # Pure Error-Correction Model 
   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+G*(xs[i]-C1) 
      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 
}

C1=rep(0.5,nsim); C2=rep(1.5,nsim) 
H=1-pnorm(C1-D1)
F=1-pnorm(C1)

# Condition 2 
for(j in 1:nsubcon[1]+nsubcon[2]){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   # Pure Error-Correction Model 
   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+G*(xs[i]-C1) 
      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 
}

C1=rep(0.5,nsim); C2=rep(1.5,nsim) 
H=1-pnorm(C1-D1)
F=1-pnorm(C1)

# Condition 3 
for(j in 1:nsubcon[3]+sum(nsubcon[1:2])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   rs=r[,j];ss=s[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   # Pure Error-Correction Model 
   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C1 = C1+G*(xs[i]-C1) 



      H=1-pnorm(C1-D1) 
      F=1-pnorm(C1) 
   } 
}

C1=rep(0.5,nsim); C2=rep(1.5,nsim) 
H=1-pnorm(C2-D2)
F=1-pnorm(C2)

# Condition 4 
for(j in 1:nsubcon[4]+sum(nsubcon[1:3])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   # Pure Error-Correction Model 
   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+G*(xs[i]-C2) 
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}

C1=rep(0.5,nsim); C2=rep(1.5,nsim) 
H=1-pnorm(C2-D2)
F=1-pnorm(C2)

# Condition 5 
for(j in 1:nsubcon[5]+sum(nsubcon[1:4])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 

   # Pure Error-Correction Model 
   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+G*(xs[i]-C2) 
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}

C1=rep(0.5,nsim); C2=rep(1.5,nsim) 
H=1-pnorm(C2-D2)
F=1-pnorm(C2)

# Condition 6 
for(j in 1:nsubcon[6]+sum(nsubcon[1:5])){ 
   print(j) 
   hs=h[,j];fs=f[,j] 
   n1s=n1[,j];n2s=n2[,j] 
   xs=x[,j] 



   # Pure Error-Correction Model 
   for(i in 1:ntrials){ 
      ll[1,,i,j]=dbinom(hs[i],n1s[i],H,log=T) 
      ll[2,,i,j]=dbinom(fs[i],n2s[i],F,log=T) 
      C2 = C2+G*(xs[i]-C2) 
      H=1-pnorm(C2-D2) 
      F=1-pnorm(C2) 
   } 
}

#subject marginal likelihood 
tmp=apply(ll,c(2,4),sum,na.rm=T)
marginalsS=array(dim=c(dim(tmp)[2]))
for(i in 1:(dim(tmp)[2])) marginalsS[i]=mean(exp(tmp[,i]-
max(tmp[,i])))

save(marginalsS, file="bf-pgdm.RData") 
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