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Online Resource 2.  Model specification in WinBUGS

Here we present the WinBUGS code we used to specify model (2) in the paper that estimates overall survival for isabelline serotine bats, accounting for inter-colony and time variation. 
Accounting for inter-colony variation: first, we specify that the mean survival mu[s] of each colony (site) s follows a normal distribution with mean the overall mean survival μ across all colonies and inter-colony variance σ2. This is part of the model likelihood. We further specify the priors for overall mean survival and inter-colony variance (site random effect). 
Accounting for time variation within colony: we subsequently treat each colony separately. For each colony (site) s, we specify that time-dependent (index i for time) survival probabilities phi at each colony follow a normal distribution with mean mu[s] and site-specific temporal variance σ2c. This is also part of the model likelihood. We further specify the priors for temporal variance and for recapture probabilities p at each capture occasion. For each colony, we finally define the rest of the model likelihood. More details on how to write the likelihood of a capture-recapture model can be found in Gimenez et al. (2009) and King et al. (2009). Recapture probabilities were fixed to zero for years without captures, and survival for intervals between such years were set to be equal to ensure identifiability and interpretability (colonies Cañaveroso, Gadea and Molino Duende).
Names of colonies are abbreviated in the code, namely: TRA = Trajano, CAN = Cañaveroso, ALR = Alcalá del Rio, GAD = Gadea, MOD = Molino Duende, SCO = Sotiel Coronada. 
Comments are explicitly written above the commands of the model to help the reader follow the steps of model specification.
model

{

#### E. Papadatou & O. Gimenez – February 2010
# Define model likelihood
for (s in 1:6)

{

# s = site effect

mu[s] ~ dnorm(overall.survival,tau.site)

}

# prior on the overall mean survival

overall.survival ~ dnorm(0,1.0E-3)

# prior on inter-colony variance (site random effect)
tau.site <- 1 / (sd.site * sd.site)

sd.site ~ dunif(0,5)

var.site <- 1/tau.site

################################ TRA ################################

# Define model likelihood
for (i in 1:ni.TRA) {

# time dependent survival
#logit(phi.TRA[i]) <- mu[1] + epsilon.TRA[i]


#epsilon.TRA[i] ~ dnorm(0,tau.eps.TRA)

logit(phi.TRA[i]) <- logitphi.TRA[i]

logitphi.TRA[i] ~ dnorm(mu[1],tau.eps.TRA)

}




# Define prior for variance of the random effect

tau.eps.TRA <- 1 / (sd.eps.TRA*sd.eps.TRA)

sd.eps.TRA ~ dunif(0,5)

# Monitor variance

var.eps.TRA <- 1 / tau.eps.TRA
# Define priors for p

for (j in 1:nj.TRA) {

# time dependent recapture

p.TRA[j] ~ dunif(0,1)


}
######### Define Model Likelihood
# Define likelihood

for (i in 1:ni.TRA) {

m.TRA[i,1:(nj.TRA+1)] ~ dmulti(q.TRA[i,],R.TRA[i])

}

# Calculate the cell probabilities

for (i in 1:ni.TRA) {

# Calculate the diagonal

q.TRA[i,i]<-p.TRA[i]*phi.TRA[i]

# T/T model

# Calculate remaining terms above diagonal

for (j in (i+1):nj.TRA) {

for (k in i:(j-1)) {

lq.TRA[i,j,k]<-log(phi.TRA[k+1]*(1-p.TRA[k]))
# T/T model

}

# Probabilities in table

q.TRA[i,j]<-p.TRA[j]*phi.TRA[i]*exp(sum(lq.TRA[i,j,i:(j-1)]))

# T/T model

}

for (j in 1:(i-1)) {

# Zero probabilities in lower triangle of table

q.TRA[i,j]<-0

}

# Probability of an animal never being seen

q.TRA[i,nj.TRA+1] <- 1 - sum(q.TRA[i,1:nj.TRA])

}

################################ TRA ################################

################################ CAN ################################

# Define model likelihood
logitphiissue1.CAN ~ dnorm(mu[2],tau.eps.CAN)


logit(phi.CAN[4]) <- logitphiissue1.CAN
logit(phi.CAN[5]) <- logitphiissue1.CAN
logit(phi.CAN[6]) <- logitphiissue1.CAN
logitphiissue2.CAN ~ dnorm(mu[2],tau.eps.CAN)

logit(phi.CAN[12]) <- logitphiissue2.CAN
logit(phi.CAN[13]) <- logitphiissue2.CAN
logit(phi.CAN[14]) <- logitphiissue2.CAN
logit(phi.CAN[15]) <- logitphiissue2.CAN
for (i in 1:3) {


# time dependent survival
logit(phi.CAN[i]) <- logitphi.CAN[i]

logitphi.CAN[i] ~ dnorm(mu[2],tau.eps.CAN)

}




for (i in 7:11) {

# time dependent survival
logit(phi.CAN[i]) <- logitphi.CAN[i]

logitphi.CAN[i] ~ dnorm(mu[2],tau.eps.CAN)

}




for (i in 16:ni.CAN) {

# time dependent survival
logit(phi.CAN[i]) <- logitphi.CAN[i]

logitphi.CAN[i] ~ dnorm(mu[2],tau.eps.CAN)

}




# Define prior for variance of the random effect

tau.eps.CAN <- 1 / (sd.eps.CAN * sd.eps.CAN)

sd.eps.CAN ~ dunif(0,5)

# Monitor variance

var.eps.CAN <- 1 / tau.eps.CAN
# Define priors for p

p.CAN[4] <- 0

p.CAN[5] <- 0

p.CAN[12] <- 0

p.CAN[13] <- 0

p.CAN[14] <- 0

for (j in 1:3) {


p.CAN[j] ~ dunif(0,1)
# time dependent recapture

}




for (j in 6:11) {


p.CAN[j] ~ dunif(0,1)
# time dependent recapture

}




for (j in 15:ni.CAN) {


p.CAN[j] ~ dunif(0,1)
# time dependent recapture

}





######### Define Model Likelihood
# Define likelihood

for (i in 1:ni.CAN) {

m.CAN[i,1:(nj.CAN+1)] ~ dmulti(q.CAN[i,],R.CAN[i])

}

# Calculate the cell probabilities

for (i in 1:ni.CAN) {

# Calculate the diagonal

q.CAN[i,i]<-p.CAN[i]*phi.CAN[i]

# T/T model

# Calculate remaining terms above diagonal

for (j in (i+1):nj.CAN) {

for (k in i:(j-1)) {

lq.CAN[i,j,k]<-log(phi.CAN[k+1]*(1-p.CAN[k]))
# T/T model

}

# Probabilities in table

q.CAN[i,j]<-p.CAN[j]*phi.CAN[i]*exp(sum(lq.CAN[i,j,i:(j-1)]))

# T/T model

}

for (j in 1:(i-1)) {

# Zero probabilities in lower triangle of table

q.CAN[i,j]<-0

}

# Probability of an animal never being seen

q.CAN[i,nj.CAN+1] <- 1 - sum(q.CAN[i,1:nj.CAN])

}

################################ CAN ################################

################################ ALR ################################

# Define model likelihood
for (i in 1:ni.ALR) {

# time dependent survival


logit(phi.ALR[i]) <- logitphi.ALR[i]

logitphi.ALR[i] ~ dnorm(mu[3],tau.eps.ALR)

}




# Define prior for variance of the random effect

tau.eps.ALR <- 1 / (sd.eps.ALR * sd.eps.ALR)

sd.eps.ALR ~ dunif(0,5)

# Monitor variance

var.eps.ALR <- 1 / tau.eps.ALR
# Define priors for p

for (j in 1:nj.ALR) {

# time dependent recapture

p.ALR[j] ~ dunif(0,1)


}





######### Define Model Likelihood
# Define likelihood

for (i in 1:ni.ALR) {

m.ALR[i,1:(nj.ALR+1)] ~ dmulti(q.ALR[i,],R.ALR[i])

}

# Calculate the cell probabilities

for (i in 1:ni.ALR) {

# Calculate the diagonal

q.ALR[i,i]<-p.ALR[i]*phi.ALR[i]

# T/T model

# Calculate remaining terms above diagonal

for (j in (i+1):nj.ALR) {

for (k in i:(j-1)) {

lq.ALR[i,j,k]<-log(phi.ALR[k+1]*(1-p.ALR[k]))
# T/T model

}

# Probabilities in table

q.ALR[i,j]<-p.ALR[j]*phi.ALR[i]*exp(sum(lq.ALR[i,j,i:(j-1)]))

# T/T model

}

for (j in 1:(i-1)) {

# Zero probabilities in lower triangle of table

q.ALR[i,j]<-0

}

# Probability of an animal never being seen

q.ALR[i,nj.ALR+1] <- 1 - sum(q.ALR[i,1:nj.ALR])

}

################################ ALR ################################

################################ GAD ################################

# Define model likelihood
logitphiissue1.GAD ~ dnorm(mu[4],tau.eps.GAD)

logit(phi.GAD[3]) <- logitphiissue1.GAD
logit(phi.GAD[4]) <- logitphiissue1.GAD
logit(phi.GAD[5]) <- logitphiissue1.GAD
logitphiissue2.GAD ~ dnorm(mu[4],tau.eps.GAD)

logit(phi.GAD[20]) <- logitphiissue2.GAD
logit(phi.GAD[21]) <- logitphiissue2.GAD
logit(phi.GAD[22]) <- logitphiissue2.GAD
logit(phi.GAD[23]) <- logitphiissue2.GAD
for (i in 1:2) {


# time dependent survival
logit(phi.GAD[i]) <- logitphi.GAD[i]

logitphi.GAD[i] ~ dnorm(mu[4],tau.eps.GAD)

}




for (i in 6:19) {

# time dependent survival


logit(phi.GAD[i]) <- logitphi.GAD[i]

logitphi.GAD[i] ~ dnorm(mu[4],tau.eps.GAD)

}




for (i in 24:ni.GAD) {

# time dependent survival
logit(phi.GAD[i]) <- logitphi.GAD[i]

logitphi.GAD[i] ~ dnorm(mu[4],tau.eps.GAD)

}




# Define prior for variance of the random effect

tau.eps.GAD <- 1 / (sd.eps.GAD * sd.eps.GAD)

sd.eps.GAD ~ dunif(0,5)

# Monitor variance

var.eps.GAD <- 1 / tau.eps.GAD
# Define priors for p

p.GAD[3] <- 0

p.GAD[4] <- 0

p.GAD[20] <- 0

p.GAD[21] <- 0

p.GAD[22] <- 0

for (j in 1:2) {


p.GAD[j] ~ dunif(0,1)
# time dependent recapture

}




for (j in 5:19) {


p.GAD[j] ~ dunif(0,1)
# time dependent recapture

}




for (j in 23:ni.GAD) {


p.GAD[j] ~ dunif(0,1)
# time dependent recapture

}


 

######### Define Model Likelihood
# Define likelihood

for (i in 1:ni.GAD) {

m.GAD[i,1:(nj.GAD+1)] ~ dmulti(q.GAD[i,],R.GAD[i])

}

# Calculate the cell probabilities

for (i in 1:ni.GAD) {

# Calculate the diagonal

q.GAD[i,i]<-p.GAD[i]*phi.GAD[i]

# T/T model

# Calculate remaining terms above diagonal

for (j in (i+1):nj.GAD) {

for (k in i:(j-1)) {

lq.GAD[i,j,k]<-log(phi.GAD[k+1]*(1-p.GAD[k]))
# T/T model

}

# Probabilities in table

q.GAD[i,j]<-p.GAD[j]*phi.GAD[i]*exp(sum(lq.GAD[i,j,i:(j-1)]))

# T/T model

}

for (j in 1:(i-1)) {

# Zero probabilities in lower triangle of table

q.GAD[i,j]<-0

}

# Probability of an animal never being seen

q.GAD[i,nj.GAD+1] <- 1 - sum(q.GAD[i,1:nj.GAD])

}

################################ GAD ################################

################################ MOD ################################

# Define model likelihood
logitphiissue.MOD ~ dnorm(mu[5],tau.eps.MOD)

logit(phi.MOD[1]) <- logitphiissue.MOD
logit(phi.MOD[2]) <- logitphiissue.MOD
logit(phi.MOD[3]) <- logitphiissue.MOD
for (i in 4:ni.MOD) {

# time dependent survival
logit(phi.MOD[i]) <- logitphi.MOD[i]

logitphi.MOD[i] ~ dnorm(mu[5],tau.eps.MOD)

}




# Define prior for variance of the random effect

tau.eps.MOD <- 1 / (sd.eps.MOD * sd.eps.MOD)

sd.eps.MOD ~ dunif(0,5)

# Monitor variance

var.eps.MOD <- 1 / tau.eps.MOD
# Define priors for p

p.MOD[1] <- 0

p.MOD[2] <- 0

for (j in 3:nj.MOD) {

# time dependent recapture

p.MOD[j] ~ dunif(0,1)


}




######### Define Model Likelihood
# Define likelihood

for (i in 1:ni.MOD) {

m.MOD[i,1:(nj.MOD+1)] ~ dmulti(q.MOD[i,],R.MOD[i])

}

# Calculate the cell probabilities

for (i in 1:ni.MOD) {

# Calculate the diagonal

q.MOD[i,i]<-p.MOD[i]*phi.MOD[i]

# T/T model

# Calculate remaining terms above diagonal

for (j in (i+1):nj.MOD) {

for (k in i:(j-1)) {

lq.MOD[i,j,k]<-log(phi.MOD[k+1]*(1-p.MOD[k]))
# T/T model

}

# Probabilities in table

q.MOD[i,j]<-p.MOD[j]*phi.MOD[i]*exp(sum(lq.MOD[i,j,i:(j-1)]))
# T/T model

}

for (j in 1:(i-1)) {

# Zero probabilities in lower triangle of table

q.MOD[i,j]<-0

}

# Probability of an animal never being seen

q.MOD[i,nj.MOD+1] <- 1 - sum(q.MOD[i,1:nj.MOD])

}

################################ MOD ################################

################################ SCO ################################

# Define model likelihood
for (i in 1:ni.SCO) {

# time dependent survival


logit(phi.SCO[i]) <- logitphi.SCO[i]

logitphi.SCO[i] ~ dnorm(mu[6],tau.eps.SCO)

}




# Define prior for variance of the random effect

tau.eps.SCO <- 1 / (sd.eps.SCO * sd.eps.SCO)

sd.eps.SCO ~ dunif(0,5)

# Monitor variance

var.eps.SCO <- 1 / tau.eps.SCO
# Define priors for p

for (j in 1:ni.SCO) {


p.SCO[j] ~ dunif(0,1)

# time dependent recapture

}




######### Define Model Likelihood 
# Define likelihood

for (i in 1:ni.SCO) {

m.SCO[i,1:(nj.SCO+1)] ~ dmulti(q.SCO[i,],R.SCO[i])

}

# Calculate the cell probabilities

for (i in 1:ni.SCO) {

# Calculate the diagonal

q.SCO[i,i]<-p.SCO[i]*phi.SCO[i]

# T/T model

# Calculate remaining terms above diagonal

for (j in (i+1):nj.SCO) {

for (k in i:(j-1)) {

lq.SCO[i,j,k]<-log(phi.SCO[k+1]*(1-p.SCO[k]))
# T/T model

}

# Probabilities in table

q.SCO[i,j]<-p.SCO[j]*phi.SCO[i]*exp(sum(lq.SCO[i,j,i:(j-1)]))

# T/T model

}

for (j in 1:(i-1)) {

# Zero probabilities in lower triangle of table

q.SCO[i,j]<-0

}

# Probability of an animal never being seen

q.SCO[i,nj.SCO+1] <- 1 - sum(q.SCO[i,1:nj.SCO])

}

################################ SCO ################################

}
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