Running title: path analysis of mark-recapture data

Appendix 1. WinBUGS implementation of the path analysis of mark-recapture data
model

{

#------------------ PRIORS

# priors on binary indicators for model selection

for (ii in 1:3){w[ii] ~ dbern(0.5)}
# priors for SDs of the random effects
for (i in 1:2){

tau[i] <- 1/(sdeps[i]*sdeps[i])

sdeps[i] ~ dunif(0,100)}

# prior for regression parameters

for (jj in 1:5) {theta[jj] ~ dnorm(0,0.1)}
# priors for p1 (detection probability given a capture occurred before)
for (j in 1:ni) {
p1[j] ~ dunif(0,1)}
# priors for p2 (detection probability given a capture did not occur before)
for (j in 1:nj) {
p2[j] ~ dunif(0,1)}

#------------------ LIKELIHOOD

# PA-based MR model on survival

for (i in 1:ni){

# Eqn 1

logit(phi[i]) <- theta[1] + w[1] * theta[2] * food[i] + w[2] * theta[3] * climat[i] + epsphi[i]

epsphi[i] ~ dnorm(0,tau[1])

# Eqn 2

food[i] ~ dnorm(mufood[i],tau[2])

mufood[i] <- theta[4] + w[3] * theta[5] * climat[i]}

# monitor direct and indirect effect of climatic conditions on survival
direct.effect <- theta[3]
indirect.effect <- theta[2]*theta[5]

# likelihood for individuals to which both p1 and p2 apply
for (i in 1:ni) {m1[i,1:(ni+1)] ~ dmulti(q1[i,],r1[i])}

# number of birds released each year

for (i in 1:ni) {r1[i] <- sum(m1[i,])}

# cell probabilities

for (i in 1:ni) {

# diagonal

q1[i,i] <- p1[i]*phi[i]

# remaining terms above diagonal

for (j in (i+1):ni){

for (k in i:(j-1)) {lq1[i,j,k]<-log(phi[k+1]*(1-p2[k]))}

# probabilities in table

q1[i,j] <- p2[j-1] * phi[i] * (1-p1[i]) * exp(sum(lq1[i,j,i:(j-1)])) / ((1-p2[j-1]))}

# zero probabilities in lower triangle of table

for (j in 1:(i-1)) {q1[i,j]<-0}

# probability of an animal never being seen again
q1[i,ni+1]<- 1-sum(q1[i,1:ni])}

# likelihood for individuals to which only p2 applies
for (i in 1:nj) {m2[i,1:(nj+1)] ~ dmulti(q2[i,],r2[i])}

# number of birds released each year

for (i in 1:nj) {r2[i] <- sum(m2[i,])}

# cell probabilities

for (i in 1:nj){

# diagonal

q2[i,i] <- p2[i] * phi[i+1]

# remaining terms above diagonal

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

for (k in i:(j-1)) {lq2[i,j,k]<-log(phi[k+1] * (1-p2[k]))}

# probabilities in table

q2[i,j] <- p2[j]*phi[j+1]*exp(sum(lq2[i,j,i:(j-1)]))}

# zero probabilities in lower triangle of table

for (j in 1:(i-1)) {q2[i,j]<-0}

# probability of an animal never being seen again
q2[i,nj+1] <- 1-sum(q2[i,1:nj])}

}
Appendix 2. R code to simulate data, BUGS code to fit PA-based MR model and R code to produce Fig. 2.

############################

############# simulate data

############################

nbsimul <- 100

estim.median <- matrix(0,nrow=8,ncol=nbsimul)

estim.25 <- matrix(0,nrow=8,ncol=nbsimul)

estim.975 <- matrix(0,nrow=8,ncol=nbsimul)

for (ii in 1:nbsimul){

#-- SST data

SST = c(5.749054875,6.2412286,5.9776199,6.004965,6.025869625,5.44121055,5.61563395,5.3813198,

5.67652085,6.298492525,5.936803825,6.185271475,5.96959445,6.2361788,5.93202745,6.217197575)

climat = as.vector(scale(SST))

# nb of years

K <- length(climat) + 1

# nb of individual released per occasions

NR <- 50

# nb of individuals

N <- NR*K

# date of first capture

e <- as.numeric(gl(K,NR))

# matrix of states

X <- matrix(NA,nrow=N,ncol=K)

ind <- 1

for (i in 1:K){

X[ind:(ind+NR-1),i] <- 1 

ind <- ind + NR

}

# matrix of observations

O <- X

theta <- c(1, 0.3, 0, 1, 0.7)

food2 = theta[4] + theta[5] * climat + rnorm(K-1,mean=0,sd=1)

# survival probabilities

logitphi <- theta[1] + theta[2] * food2 + theta[3] * climat + rnorm(K-1,mean=0,sd=0.5)

phi = 1/(1+exp(-(logitphi)))

phi

# detection prob

p <- 0.7

# simulate the states

for (i in 1:N)


{



if (e[i]<K){



for (j in (e[i]+1):K)



{



temppx <- phi[j-1] * X[i,j-1]



X[i,j] <- rbinom(1,1,temppx)



temppo <- p * X[i,j]



O[i,j] <- rbinom(1,1,temppo)



}}


}


# model specification

sink("pacmr.bug")

cat("

model

{

# likelihood from Gimenez et al. 2007 and Royle 2008 

for (i in 1:N)  # for each individual

{

# '1' means it is alive the first time it was seen

alive[i, First[i]] ~ dbern(1)

# for each year after the first

for (j in (First[i]+1):K)  

{

# state equation

alivep[i,j] <- phi[j-1] * alive[i, j-1]

alive[i,j] ~ dbern(alivep[i,j])

# observation equation

sightp[i,j] <- p * alive[i, j]        

dat[i, j] ~ dbern(sightp[i,j])

}

}

# priors on the survival probabilities

for (i in 1:(K-1)) 

{

# Eqn 1

logit(phi[i]) <- theta[1] + theta[2] * food[i] + theta[3] * climat[i] + epsphi[i]

epsphi[i] ~ dnorm(0,tau[1])

# Eqn 2

food[i] ~ dnorm(mufood[i],tau[2])

mufood[i] <- theta[4] + theta[5] * climat[i]

}

# prior on the detection probability

p ~ dunif(0,1)

# priors for precisions and monitor sds

for (i in 1:2)

{

tau[i] <- 1/(sdeps[i]*sdeps[i])

sdeps[i] ~ dunif(0,100)

}

theta[1] ~ dnorm(0,0.01)

theta[2] ~ dnorm(0,0.01)

theta[3] ~ dnorm(0,0.01)

theta[4] ~ dnorm(0,0.01)

theta[5] ~ dnorm(0,0.01)

}

",fill=TRUE)

sink()

###################################
############ fit PA-based MR model

###################################
# encounter histories

O[is.na(O)] <- 0 # replace NA by 0

h <- O

# number of individuals 

N <- dim(h)[[1]] 

# number of years

K <- dim(h)[[2]]

# compute the date of first capture

First <- NULL

for (i in 1:N)

{


temp <- 1:K


First <- c(First,min(temp[h[i,]==1]))

}

# init for the states

Xinit <- X

#-- ressources data

food = food2

#-- SST data

climat = climat

# data

datax <- list(N=N,K=K,dat=as.matrix(h),First=First,climat=climat,food=food2)

## first list of inits

#init1 <- list(p = 0.2,alive=as.matrix(Xinit))

# second list of inits

init2 <- list(p = 0.8,alive=as.matrix(Xinit))

init2 <- list(p = 0.7,alive=as.matrix(Xinit),theta = c(1, 0.3, 0, 1, 0.7))

# concatenate list of initial values

inits <- list(init2)

# Load rjags package

library(rjags)

# load module to perform block-updating in JAGS

load.module('glm')

# store the starting point

deb = Sys.time()

# MCMC simulations 

model <- jags.model(file = "pacmr.bug", data = datax, inits = inits, n.chains = 1) 

# store the ending point

fin = Sys.time()

# duration of the run 

duration=fin - deb

duration

# post inference

mcmc <- coda.samples(model, c("p","phi","theta","sdeps"), n.iter = 1000)

# p, sd1, sd2, theta1, ..., theta5

estim.median[,ii] <- c(median(mcmc[,1][[1]]),median(mcmc[,18][[1]]),median(mcmc[,19][[1]]),median(mcmc[,20][[1]]),median(mcmc[,21][[1]]),median(mcmc[,22][[1]]),median(mcmc[,23][[1]]),median(mcmc[,24][[1]]))

estim.25[,ii]<- c(quantile(mcmc[,1][[1]],probs=2.5/100),quantile(mcmc[,18][[1]],probs=2.5/100),quantile(mcmc[,19][[1]],probs=2.5/100),quantile(mcmc[,20][[1]],probs=2.5/100),quantile(mcmc[,21][[1]],probs=2.5/100),quantile(mcmc[,22][[1]],probs=2.5/100),quantile(mcmc[,23][[1]],probs=2.5/100),quantile(mcmc[,24][[1]],probs=2.5/100))

estim.975[,ii] <- c(quantile(mcmc[,1][[1]],probs=97.5/100),quantile(mcmc[,18][[1]],probs=97.5/100),quantile(mcmc[,19][[1]],probs=97.5/100),quantile(mcmc[,20][[1]],probs=97.5/100),quantile(mcmc[,21][[1]],probs=97.5/100),quantile(mcmc[,22][[1]],probs=97.5/100),quantile(mcmc[,23][[1]],probs=97.5/100),quantile(mcmc[,24][[1]],probs=97.5/100))

#res <- cbind(theta.actual,estim)

#res

}

# save results

save(estim.median,estim.25,estim.975, file = "ressimul.Rdata")

#############################

############ display results

#############################

# display posterior distributions

plot(mcmc, trace = FALSE, density = TRUE,ask = dev.interactive()) 

theta.actual <- c(0.7,0.5,1,1, 0.3, 0, 1, 0.7)

# p, sd1, sd2, theta1, ..., theta5

res <- cbind(theta.actual,apply(estim.median,1,mean),apply(estim.25,1,mean),apply(estim.975,1,mean))

# display actual values, posterior means, 2.5% and 97.5% quantiles

res

#[1,]          0.7  0.698949228  0.67392640 0.7235899

#[2,]          0.5  0.557544448  0.31467163 1.0137638

#[3,]          1.0  1.057092359  0.75106183 1.6543636

#[4,]          1.0  0.994308633  0.53472802 1.4691038

#[5,]          0.3  0.316929903 -0.02110031 0.6833769

#[6,]          0.0 -0.007262875 -0.42484674 0.4079997

#[7,]          1.0  0.982811423  0.42517235 1.5346971

#[8,]          0.7  0.691484114  0.12375388 1.2589269

# obtain Fig. 2
par(mfrow=c(2,4))

plot(estim.median[1,], 1:100, ylab='',xlim=range(c(estim.median[1,],estim.25[1,],estim.975[1,])),main='p',xlab='bias = 0.11%')

segments(estim.25[1,], 1:100, estim.975[1,], 1:100)

abline(v=theta.actual[1], lty=2, col='red')

plot(estim.median[2,], 1:100, ylab='',xlim=range(c(estim.median[2,],estim.25[2,],estim.975[2,])),main=expression(sigma[phi]),xlab='bias = -5.75%')

segments(estim.25[2,], 1:100, estim.975[2,], 1:100)

abline(v=theta.actual[2], lty=2, col='red')

plot(estim.median[3,], 1:100, ylab='',xlim=range(c(estim.median[3,],estim.25[3,],estim.975[3,])),main=expression(sigma[R]),xlab='bias = -5.71%')

segments(estim.25[3,], 1:100, estim.975[3,], 1:100)

abline(v=theta.actual[3], lty=2, col='red')

plot(estim.median[4,], 1:100, ylab='',xlim=range(c(estim.median[4,],estim.25[4,],estim.975[4,])),main=expression(theta[1]),xlab='bias = 0.57%')

segments(estim.25[4,], 1:100, estim.975[4,], 1:100)

abline(v=theta.actual[4], lty=2, col='red')

plot(estim.median[5,], 1:100, ylab='',xlim=range(c(estim.median[5,],estim.25[5,],estim.975[5,])),main=expression(theta[2]),xlab='bias = -1.69%')

segments(estim.25[5,], 1:100, estim.975[5,], 1:100)

abline(v=theta.actual[5], lty=2, col='red')

plot(estim.median[6,], 1:100, ylab='',xlim=range(c(estim.median[6,],estim.25[6,],estim.975[6,])),main=expression(theta[3]),xlab='bias = 0.73%')

segments(estim.25[6,], 1:100, estim.975[6,], 1:100)

abline(v=theta.actual[6], lty=2, col='red')

plot(estim.median[7,], 1:100, ylab='',xlim=range(c(estim.median[7,],estim.25[7,],estim.975[7,])),main=expression(theta[4]),xlab='bias = 1.72%')

segments(estim.25[7,], 1:100, estim.975[7,], 1:100)

abline(v=theta.actual[7], lty=2, col='red')

plot(estim.median[8,], 1:100, ylab='',xlim=range(c(estim.median[8,],estim.25[8,],estim.975[8,])),main=expression(theta[5]),xlab='bias = 0.85%')

segments(estim.25[8,], 1:100, estim.975[8,], 1:100)

abline(v=theta.actual[8], lty=2, col='red')



