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Appendix S1: Mixture of Bernoulli- and Poisson-distributed
demographic parameters
We conducted another set of simulations to investigate the effect of a Poisson distributed trait on the reliability of estimates of correlated random
effects for two Bernoulli distributed traits. In addition to survival and reproductive success, we simulated the productivity, i.e. the number of
offspring produced given reproductive success, with a Poisson distribution left-truncated at 1:

productivity  ~ Poisson (λ + α )

where productivity  is the productivity of individual i in year t, λ is the log-transformed average productivity and α  are the individual random effects
and follow a multivariate normal distribution on the log scale:

 ~ MVN 

where  is the variance of trait x and cor is the correlation among demographic parameters.

To keep computation time achievable, we included a continuous demographic parameter only for the baseline model under the scenario of a fast
life-history strategy and perfect detection. This choice was made because non-binary demographic parameters, such as the number of offspring,
are frequently available for species with a fast pace of life. For simplicity we considered that the correlation is the same among all demographic
parameters. Mean productivity was set to be 6 and the standard deviation of the individual heterogeneity in productivity was 0.1 and 0.2 for low and
high among-individual heterogeneity, respectively. All other parameters remained unchanged.

Appendix S2: R and JAGS code to assess model performance in
estimating individual correlated random effects in annual survival
and reproductive success probabilities.
In this example, parametrization corresponds to the full model and to the fast life-history strategy.

### Simulation of the individual life-histories 
library(mvtnorm) 
 
ilogit <- function(x) 1/(1+exp(-x)) 
logit <- function(x) log(x/(1-x)) 
 
# Parameters of the simulated data 
n.released <- 25                     # number of individuals marked and released per year 
n.year <- 20                         # number of years 
n.ind <- n.released * n.year         # Total number of individuals in the dataset 
 
mu.phi <- 0.5                        # Survival probability 
mu.psi <- 0.7                        # Breeding success probability 
mu.p <- 0.5                          # Detection probability 
 
sigma.alpha.phi <- 0.2               # Among-individual variation in survival 
sigma.alpha.psi <- 0.2               # Among-individual variation in reproductive success 
cor.alpha <- 0.6                     # Correlation between survival and breeding individual variation 
 
sigma.eps.phi <- 0.5                 # Survival temporal variation 
sigma.eps.psi <- 0.5                 # Breeding success temporal variation    
cor.eps <- 0                         # Correlation between survival and breeding temporal variation 
 
gamma.phi <- - logit(0.4)            # State effect for survival 
gamma.psi <- logit(0.7)-logit(0.6)   # State effect for reproductive success    
 
n.loop <- 1                          
 
# Objects to record the results 
RESULT <- array(NA, dim = c(11,2,n.loop)) 
rownames(RESULT) = c('mean.phi', 'mean.psi', 'mean.psi.re', 'mean.p', 'cor.alpha', 'sigma.alpha.phi', 'sigma.alph
a.psi', 'sigma.eps.phi', 'sigma.eps.psi', 'gamma.phi', 'gamma.psi') 
 
for (k in 1:n.loop){ 
  ## Simulation of individual variation 
  alpha <- array(NA, dim = c(n.ind,2)) 
   
  # Variance covariance matrix 
  varcov.alpha <- array(NA, dim = c(2,2)) 
  varcov.alpha[1,1] <- sigma.alpha.phi^2 
  varcov.alpha[2,2] <- sigma.alpha.psi^2 
  varcov.alpha[1,2] <- varcov.alpha[2,1] <- cor.alpha * sigma.alpha.phi * sigma.alpha.psi 
   
  alpha <- rmvnorm(n.ind, c(0,0), varcov.alpha) 
   
  ## Simulation of temporal variation 
  epsilon <- array(NA, dim = c(n.year,2)) 
   
  # Variance covariance matrix 
  varcov.eps <- array(NA, dim = c(2,2)) 
  varcov.eps[1,1] <- sigma.eps.phi^2 
  varcov.eps[2,2] <- sigma.eps.psi^2 
  varcov.eps[1,2] <- varcov.eps[2,1] <- cor.eps * sigma.eps.phi * sigma.eps.psi 
   
  epsilon <- rmvnorm(n.year, c(0,0), varcov.eps) 
   
   
  ## Simulation of the breeding process: Successful (1), Failed (2) 
  mat.breed <- array(NA, dim = c(n.released*n.year, n.year))            # Breeding success matrix 
   
  # Year and individual specific breeding success probabilities 
  breed.prob <- array(NA, dim = c(n.ind, n.year)) 
  for (t in 1:n.year){ 
    for (i in 1:(t*n.released)){ 
      breed.prob[i,t] <- logit(mu.psi) + alpha[i,2] + epsilon[t,2] 
    } 
  } 
   
  # first year 
  for (t in 1:n.year){ 
    for (i in (1+(t-1)*n.released):(t*n.released)){ 
      mat.breed[i,t] <- rbinom(1,1,ilogit(breed.prob[i,t] - gamma.psi)) + 1 
    } 
  } 
   
  # following years 
  for (t in 2:n.year){ 
    for (i in 1:((t-1)*n.released)){ 
      state <- ifelse(mat.breed[i,t-1]==2,0,1) 
      mat.breed[i,t] <- rbinom(1,1,ilogit(breed.prob[i,t] - state * gamma.psi)) + 1 
    } 
  } 
   
   
  ## Simulation of the survival process 
  mat.s <- array(NA, dim = c(n.ind, n.year))          # Survival matrix 
   
  # Year and individual specific survival probabilities 
  s.prob <- array(NA, dim = c(n.ind, n.year)) 
  for (t in 2:n.year){ 
    for (i in 1:((t-1)*n.released)){ 
      s.prob[i,t] <- logit(mu.phi) + alpha[i,1] + epsilon[t,1] 
    } 
  } 
   
  # Alive at the first capture 
  for (t in 1:n.year){ 
    mat.s[(1+(t-1)*n.released):(t*n.released),t] <- 1 
  } 
   
  # After the first capture 
  for (t in 2:n.year){ 
    for (i in 1:((t-1)*n.released)){ 
      state <- ifelse(mat.breed[i,t-1]==2,0,1) 
      mat.s[i,t] <- rbinom(1,1,ilogit(s.prob[i,t] - state * gamma.phi)*mat.s[i,t-1])        
    } 
  } 
   
   
  ## Simulation of the observation process 
  mat.obs <- array(1, dim = c(n.released*n.year, n.year))         # Observation matrix 
   
  # After the first capture 
  for (t in 2:n.year){ 
    for (i in 1:((t-1)*n.released)){ 
      mat.obs[i,t] <- rbinom(1,1,mu.p)      
    } 
  } 
   
  ## Final dataset 
  data <- mat.s * mat.breed * mat.obs  
   
   
  # At which occasion the first capture occur 
  get.first <- function(x) min(which(x!=0)) 
  first <- apply(data, 1, get.first) 
   
  # The last capture occasion 
  last <- rep(n.year,n.ind) 
   
  # Build datasets to feed jags 
  SURVIVAL <- mat.s * mat.obs  
  SURVIVAL[data==0] <- NA 
   
  BREED <- data 
  BREED[data==0] <- NA   ;   BREED[data==1] <- 0   ;   BREED[data==2] <- 1 
   
  DETECTED <- mat.obs * mat.s 
   
  # Initial values of latent variables to run the model 
  mat.surv <- array(NA, dim = c(n.ind,n.year)) 
  breed <- array(NA, dim = c(n.ind,n.year)) 
  for (i in 1:n.ind){ 
    mat.surv[i, first[i]:last[i]] <- 1 
    breed[i, first[i]:last[i]] <- rbinom(length(first[i]:last[i]), size = 1, prob = 0.5) 
  } 
  init.surv <- mat.surv * ifelse(data == 0, 1, NA) 
  init.breed <- breed * ifelse(is.na(BREED), 1, NA) 
   
   
  ### JAGS model  
  library(jagsUI) 
   
  cat(file = "model01.jags", " 
      model { 
      ### DATA 
      # SURVIVAL[i, t] with NA, 1 and 0 
      # BREED[i, t] with NA, 1 and 0 
      # DETECTED[i, t] with 0 and 1 
      # Pointers at the individual level 
      # FIRST[i]:LAST[i]  
      # n.year 
      # n.ind 
       
      ### LIKELIHOOD ### 
      for(i in 1:n.ind) { 
      ## Initial conditions 
      SURVIVAL[i, FIRST[i]] ~ dbern(1.0) 
       
      BREED[i, FIRST[i]] ~ dbern(psi[i, FIRST[i]] * SURVIVAL[i, FIRST[i]]) 
      psi[i, FIRST[i]] <- ilogit(mu.psi.re + alpha[i, 2] + epsilon[FIRST[i], 2]) 
       
      # note that you're necessarily detected on first occasion 
      DETECTED[i, FIRST[i]] ~ dbern(1.0) 
       
      ## Rest of the life histories 
      for(t in (FIRST[i] + 1):LAST[i]) { 
      # survival 
      SURVIVAL[i, t] ~ dbern(surv[i, t] * SURVIVAL[i, t-1]) 
      surv[i, t] <- ilogit(mu.phi + gamma[1] * BREED[i, t-1] + alpha[i, 1] + epsilon[t, 1]) 
       
      # breed 
      BREED[i, t] ~ dbern(psi[i, t] * SURVIVAL[i, t]) 
      psi[i, t] <- ilogit(mu.psi + gamma[2] * BREED[i, t-1] + alpha[i, 2] + epsilon[t, 2]) 
       
      # detection: you can only be detected if you're currently alive 
      # distinguish between states: breeding and non breeding 
      DETECTED[i, t] ~ dbern(ilogit(mu.p) * SURVIVAL[i, t]) 
      } 
      } 
       
      ### PRIORS ### 
       
      # survival 
      mu.phi ~ dnorm(0.0, 0.4444444) 
      # breeding 
      mu.psi ~ dnorm(0.0, 0.4444444) 
      mu.psi.re ~ dnorm(0.0, 0.4444444) 
      # detection 
      mu.p ~ dnorm(0.0, 0.4444444) 
       
      # state dependent effects 
      prec_gamma <- pow(log(2)/2, -2); 
      for (j in 1:2) { 
      gamma[j] ~ dnorm(0.0, prec_gamma); 
      } 
       
      # Individual effect 
      # Cholesky decomposition with parameter expansion 
      for (j in 1:2) { 
      A[j, j] ~ dnorm(0.0, 0.4444444)T(0.0,) 
      DeltaA[j, j] <- 1/tauA[j] ; tauA[j] ~ dgamma(1.5, 1.5); 
      LA[j, j] <- 1.0; 
      } 
      LA[1, 2] <- 0.0; A[1, 2] <- 0.0; DeltaA[1, 2] <- 0.0; 
      LA[2, 1] ~ dnorm(0.0, 4.0); A[2, 1] <- 0.0; DeltaA[2, 1] <- 0.0; 
       
      # covariance matrix 
      Omega <- A %*% LA %*% DeltaA %*% t(LA) %*% A; 
      for(i in 1:n.ind){ 
      alpha[i, 1] <- A[1, 1] * (LA[1, 1] * xi_a[i, 1]); 
      alpha[i, 2] <- A[2, 2] * (LA[2, 1] * xi_a[i, 1] + LA[2, 2] * xi_a[i, 2]); 
      for(j in 1:2){ 
      xi_a[i, j] ~ dnorm(0.0, tauA[j]); 
      } 
      } 
      sigma.alpha.phi <- sqrt(Omega[1, 1]) 
      sigma.alpha.psi <- sqrt(Omega[2, 2]) 
      cor.alpha <- Omega[1, 2] / sqrt(Omega[1, 1] * Omega[2, 2]) 
       
      # Environmental effect 
      for (j in 1:2) { 
      E[j, j] ~ dnorm(0.0, 0.4444444)T(0.0,) 
      DeltaE[j, j] <- 1/tauE[j] ; tauE[j] ~ dgamma(1.5, 1.5); 
      LE[j, j] <- 1.0; 
      } 
       
      LE[1, 2] <- 0.0; E[1, 2] <- 0.0; DeltaE[1, 2] <- 0.0; 
      LE[2, 1] ~ dnorm(0.0, 4.0); E[2, 1] <- 0.0; DeltaE[2, 1] <- 0.0; 
       
      # covariance matrix 
      Lambda <- E %*% LE %*% DeltaE %*% t(LE) %*% E; 
      for(i in 1:n.year){ 
      epsilon[i, 1] <- E[1, 1] * (LE[1, 1] * xi_e[i, 1]); 
      epsilon[i, 2] <- E[2, 2] * (LE[2, 1] * xi_e[i, 1] + LE[2, 2] * xi_e[i, 2]); 
      for(j in 1:2){ 
      xi_e[i, j] ~ dnorm(0.0, tauE[j]); 
      } 
      } 
      sigma.eps.phi <- sqrt(Lambda[1, 1]) 
      sigma.eps.psi <- sqrt(Lambda[2, 2]) 
      cor.eps <- Lambda[1, 2] / sqrt(Lambda[1, 1] * Lambda[2, 2])   
       
      # Derived quantity 
      mean.phi <- ilogit(mu.phi) 
      mean.psi.re <- ilogit(mu.psi.re) 
      mean.psi <- ilogit(mu.psi) 
      mean.p <- ilogit(mu.p) 
      } 
      ") 
   
  # Bundle data 
  jags.data <- list(SURVIVAL = SURVIVAL, BREED = BREED, FIRST = first, LAST = last, n.ind = n.ind, n.year = n.yea
r) 
   
  inits <- function(){list(SURVIVAL = init.surv, BREED = init.breed)} 
   
  # Parameters monitored 
  parameters <- c("mean.phi", "mean.psi", "mean.psi.re", "mean.p", "cor.alpha", "sigma.alpha.phi", "sigma.alpha.p
si", "sigma.eps.phi", "sigma.eps.psi", "gamma") 
   
  # MCMC settings 
  ni <- 8000 
  nt <- 4 
  nb <- 2000 
  nc <- 3 
   
  # Call JAGS from R (BRT 1 min) 
  out1 <- jags(jags.data, inits, parameters, "model01.jags", n.chains = nc, n.thin = nt, n.iter = ni, n.burnin =
 nb, parallel = TRUE) 
   
  RESULT[1:11,1,k] <- c(out1$mean$mean.phi, out1$mean$mean.psi, out1$mean$mean.psi.re, out1$mean$mean.p, out1$mea
n$cor.alpha, out1$mean$sigma.alpha.phi, out1$mean$sigma.alpha.psi, out1$mean$sigma.eps.phi, out1$mean$sigma.eps.p
si, out1$mean$gamma[1], out1$mean$gamma[2])  
  RESULT[1:11,2,k] <- c(out1$Rhat$mean.phi, out1$Rhat$mean.psi, out1$Rhat$mean.psi.re, out1$Rhat$mean.p, out1$Rha
t$cor.alpha, out1$Rhat$sigma.alpha.phi, out1$Rhat$sigma.alpha.psi, out1$Rhat$sigma.eps.phi, out1$Rhat$sigma.eps.p
si, out1$Rhat$gamma[1], out1$Rhat$gamma[2]) 
}

Appendix S3: Details about the modelling of the variance covariance
matrix using the Cholesky decomposition with Parameter
Expansion.

Linear Mixed Model and Cholesky Decomposition
Let  denotes the  response variable (a measurement) on individual  in year . Consider analyzing these data with a multivariate linear mixed

model (dropping the  superscript for legibility):

where  and  are design matrices; and  is vector of  fixed effects and  a vector (of length ) of random effects:

 is a covariance matrix of dimensions . The covariance matrix is a symmetric, positive-definite matrix with variance parameters on the
diagonal and covariance parameters elsewhere. The requirement of the matrix to be positive-definite means that simply bounding the correlation
parameters to lie between  and  is not enough as there are additional constraints to satisfy (Budden et al. 2007
http://emis.impa.br/EMIS/journals/AMEN/2007/060311-1.pdf). In order to do, several authors has proposed different strategies.

Chen and Dunson (2003, https://onlinelibrary.wiley.com/doi/abs/10.1111/j.0006-341X.2003.00089.x) proposed to decompose  into a diagonal 
 matrix  and a lower triangular  matrix  with s on the diagonal and s above the diagonal:

Equation can then be rewritten as:

where  is a vector of standardized normal variates. This equation is easier to work with as the random effects  can be expressed as linear
regression coefficients conditional on ,  and  (Chen and Dunson 2003). For example with , that is a bivariate random effect 

,

with  and .  denotes a normal distribution of location parameter  and scale parameter .

This equation is useful because the covariance matrix is never formed explicitly and for an MCMC algorithm, sampling will be more efficient as the
sampler may be able to explore more easily the parameter space (i.e. the autocorrelation between draws/iterations will be reduced). This is so
because unconstrained priors can be used on the elements of  and , and the resulting matrix will be a valid covariance matrix.

To further improve computational efficiency and reducing dependence among MCMC draws, Kinney & Dunson (2008, chapter 3 in Random
Effects and Latent Variable Model Selection) proposed to use parameter expansion:

where ,  and  are diagonal  matrices; and  is a lower triangular 
 matrix with s on the diagonal and s above the diagonal. With this parametrization, the covariance matrix is:

The random effects  can again be expressed as linear regression coefficients conditional on , ,  and . For example with , that is
a bivariate random effect ,

with ,  and .

To induce marginal half-t priors  (where  is a scale parameter and  denotes the degree of freedom of the Student-t distribution) on
the standard deviations of the random effects (assuming that they are uncorrelated, that is all Cholesky factors , the following priors can

be used:

 where  is the prior scale, and  where  denote the Inverse Gamma distribution (shape and rate

parametrization). We set . Chen & Dunson (2003) further proposed to set . The same authors use a normal prior on the elements of
,  with .

Visualizing the prior for the covariance matrix
The following R code snippet shows how to simulate from the prior covariance matrix:

covmat <- function(m = 2, n_sim = 1E06, a = 1.5, b = 0.5, nu = 3) { 
  Omega <- A <- L <- Delta <- array(0, dim = c (n_sim, m, m)) 
  for (i in 1:m) { 
    A[, i, i] <- rnorm(n_sim, 0.0, a) 
    Delta[, i, i] <- 1/rgamma(n_sim, shape = nu / 2, rate = nu / 2) 
    L[, i, i] <- 1 
    for (j in i:m) { 
      if (j != i) { 
        L[, j, i] <- rnorm(n_sim, 0.0, b) 
      } 
    } 
  } 
  for (k in 1:n_sim) { Omega[k, ,] <- A[k, ,] %*% L[k, ,] %*% Delta[k, ,] %*% t (L[k, ,]) %*% A[k, ,] } 
  return(Omega) 
} 
 
Omega <- covmat()

The function above will simulate  draws from the prior covariance matrix, draws that can be used to visualize the marginal prior distributions
on the standard deviation parameters,

or the correlation parameter:

The marginal prior for the correlation parameter will thus shrink the correlation toward . In practice, with our choice of hyperparameters with the
Cholesky decomposition and parameter expansion for the covariance matrix, we are using a prior that tends to a half-t prior with three degrees of
freedom for the standard deviation parameters, and a prior for the correlation parameter that favors a null value.

Checking the gain in computation efficiency
To illustrate the computation gain in using the Cholesky decomposition with parameter expansion, we will simulate some Bernoulli data and
constrast MCMC samples when using a conjugate inverse Wishart prior for the covariance matrix.

Data on  Bernoulli traits for  individuals with  observations each are simulated:

set.seed(20210202) 
 
logit <- function(x) { log(x/(1 - x)) } 
 
n_ind <- 500 
m <- 3 
n <- 10 
mu <- logit(c(0.5, 0.3, 0.8)) 
Omega <- matrix(c(1.0, -0.3, 0.6, 
                  -0.3, 1.0, 0.2, 
                  0.6, 0.2, 1.0),  
                nrow = 3, ncol = 3, byrow = TRUE) 
 
b <- rmvnorm(n_ind, mu, Omega) 
eta <- plogis(b) 
sim <- function() { 
  t(sapply(1:n_ind, function(i) {rbinom(m, 1, eta[i, ])})) 
} 
 
Y <- replicate(n, sim()) 
 
### format data for Jags 
data_jags <- list(n_ind = n_ind, 
                  m = m, 
                  n = n, 
                  Y = Y, 
                  prior_prec = rep(1.0, m) 
                  )

Two models, one using an inverse Wishart prior for the covariance matrix, and the other using our choice are specified in Jags syntax below.

wishart <- cat('model{ 
 # priors 
 for (j in 1:m) { 
  mu[j] ~ dnorm(0.0, 1.5) 
  W[j, j] <- prior_prec[j];  
 } 
 
 for (j in 1:(m-1)) { 
  for (k in (j+1):m) { 
   W[j, k] <- 0.0;  
   W[k, j] <- 0.0;  
  } 
 } 
 df <- m+1; 
 Omega <- inverse(InvOmega); 
 InvOmega ~ dwish(W, df); 
 
 # likelihood 
 for(i in 1:n_ind){ 
  b[i, 1:m] ~ dmnorm(mu[1:m], InvOmega[1:m, 1:m]); 
  for(j in 1:m){ 
   p[i, j] <- ilogit(b[i, j]); 
   for (k in 1:n) { 
    Y[i, j, k] ~ dbern(p[i, j]);  
   } 
  } 
 } 
} 
', 
               file = "wishart.bug" 
               ) 
 
cholesky_px <- cat('model{ 
 # priors 
 for (j in 1:m) { 
  mu[j] ~ dnorm(0.0, 1.5) 
  A[j, j] ~ dnorm(0.0, prior_prec[j])T(0.0,) 
  Delta[j, j] <- 1/tau[j] ; tau[j] ~ dgamma(1.5, 1.5) ; 
  l[j, j] <- 1.0;  
 } 
 
 for (j in 1:(m-1)) { 
  for (k in (j+1):m) { 
   l[j, k] <- 0.0; A[j, k] <- 0.0; Delta[j, k] <- 0.0;  
   l[k, j] ~ dnorm(0.0, 4.0); A[k, j] <- 0.0; Delta[k, j] <- 0.0;  
  } 
 } 
 
 Omega <- A%*%l%*%Delta%*%t(l)%*%A; 
 
 # likelihood 
 for(i in 1:n_ind){ 
  b[i, 1] <- A[1, 1]*(l[1, 1]*xi[i, 1]); 
  b[i, 2] <- A[2, 2]*(l[2, 1]*xi[i, 1] + l[2, 2]*xi[i, 2]); 
  b[i, 3] <- A[3, 3]*(l[3, 1]*xi[i, 1] + l[3, 2]*xi[i, 2] + l[3, 3]*xi[i, 3]); 
  for(j in 1:m){ 
   xi[i, j] ~ dnorm(0.0, tau[j]); 
   p[i, j] <- ilogit(mu[j] + b[i, j]); 
   for (k in 1:n){ 
    Y[i, j, k] ~ dbern(p[i, j]);  
   } 
  } 
 } 
} 
',  
                   file = "cholesky_px.bug" 
                   )

Last we’ll run Jags with a 1 chain for a total of  iterations, discarding the  first ones as burn-in:

library(rjags)

## Loading required package: coda

## Linked to JAGS 4.3.0

## Loaded modules: basemod,bugs

# call jags 
my_jags <- function(mod, data_jags, nwarm = 1000, nsamp = 1000) { 
 # record time 
 Time_simul <- numeric(2) 
 # warmup 
 Start <- Sys.time() 
 warmup <- jags.model(paste(mod, "bug", sep = "."), 
                      data = data_jags, 
                      n.chains = 1, 
                      n.adapt = nwarm,  
                      quiet = TRUE 
                      ) 
 Time_simul[1] <- difftime(Sys.time(), Start, units = "sec") # Time difference 
 # sampling 
 Start <- Sys.time() 
 model_out <- coda.samples(model = warmup, 
                           variable.names = c ("b", "Omega", "mu"), 
                           n.iter = nsamp, 
                           thin = 1 
                           ) 
 Time_simul[2] <- difftime(Sys.time(), Start, units = "sec") # Time difference 
 return(list(time = Time_simul, warmup = warmup, posterior = model_out)) 
} 
 
iwishart <- my_jags(mod = "wishart", data_jags = data_jags)

## Warning in jags.model(paste(mod, "bug", sep = "."), data = data_jags, n.chains =
## 1, : Adaptation incomplete

## NOTE: Stopping adaptation

chol_px <- my_jags(mod = "cholesky_px", data_jags = data_jags)

The adaptative phase of the first model using an inverse Wishart prior is not over after a burn-in of  iterations. There is no such warnings for
the other model. We can compare the computation time:

round(sum(chol_px$time) / sum(iwishart$time), 1)

## [1] 6.8

Thus fitting the model with the Cholesky decomposition took longer to fit compared to the model with the inverse Wishart prior.

However, if we compare the draws from each model with respect to the trace of the different parameters (panel A) and their autocorrelation (panel
B). For the variance parameters:

And for the correlation parameters:

These plots illustrate the gain in computational efficiency with using the Cholesky decomposition: the MCMC draws are less autocorrelated, and
the sampler is able to explore better the parameter space. For these reasons, and because we aimed at carrying out a large number of
simulations, we favored the Cholesky decomposition.

Appendix S4: Table listing the bias (absolute and relative), precision
and coverage in the estimation of individual random effects and their
correlation according to the different scenarios investigated.
See tables in excel file

Appendix S5: Effect of the prior used for the variance covariance
matrix on bias and precision in the estimation of individual random
effects and their correlation for Bernoulli variables.
To assess the effect of the prior used on the estimated bias and precision, we ran the same scenarios using two new priors in addition the one
used in this simulation study (see appendix S3). As alternative prior, we first used a scaled inversed Wishart distribution with scale of 3 and 2
degree of freedom. This parametrisation gives a Uniform (-1,1) prior for the correlation coefficient and half-t distributions for the standard errors.
Second, we used the dmvnorm.vcov distribution implemented in JAGS. Using this distribution, we were able to define flat priors. We used a
Uniform (-1,1) prior for the correlation coefficient and Uniform (0,10) priors for the standard errors.

Figure S1: Effect of the level of correlation between individual
random effects on model performances.
Bias and precision in the estimation of the correlation between individual random effects for Bernoulli variables with the baseline model, i.e.,
excluding temporal variation in demographic parameters and state-dependence. Each plot displays the estimates for a scenario with a specific
amount of individual heterogeneity (i.e., low vs. high). The detection was equal to 1, the study duration was 20 years, and a number of new
individuals recruited as first-time breeders per year was 25, leading to the sample sizes of 500 individuals. Diamonds in darker color give the
values used to simulate the datasets and points in lighter color give the average estimates over the 100 models fitted to the 100 simulated
datasets. Error bars give the range including 95% of the estimated values.

Figure S2: Effect of detection probability on model performances.
Bias and precision in the estimation of individual random effects and their correlation for Bernoulli variables with the full model, i.e., including
temporal variation in demographic parameters and state-dependence, and high individual heterogeneity. Presented parameters include the
standard deviation of individual heterogeneity in survival ( ) and reproductive success ( ) and their correlation (cor) and covariance (cov). Each
plot presents the estimates for a scenario with specific detection probability (1 or 0.5) and specific study duration (10, 20 or 40 years). The number
of new individuals recruited as first-time breeders per year was 25, leading to the sample size of 250, 500 and 1000 recruited individuals according
to the study duration. Diamonds in darker color give the values used to simulate the datasets and points in lighter color give the average estimates
over the 100 models fitted to the 100 simulated datasets. Error bars give the range including 95% of the estimated values.

Figure S3: Model performances when including a third Poisson
distributed trait.
Bias and precision in the estimation of individual random effects and their correlation for a set of two Bernoulli and one Poisson distributed traits.
Presented parameters include the standard deviation of individual heterogeneity in survival ( ), reproductive success ( ) and productivity ( )
and their correlation (cor) and covariance (cov). Presented scenarios correspond to a fast pace of life and exclude temporal variation in
demographic parameters and state-dependence (i.e., baseline model). Each plot displays the estimates for a scenario with specific amount of
individual heterogeneity (i.e., low vs. high) and study duration (10, 20 or 40 years). The number of new marked individuals recruited as first
breeders per year was 25, leading to the sample size of 250, 500 and 1000 recruited individuals according to the study duration. Diamonds in
darker color give the values used to simulate the datasets and points in lighter color give the average estimates over the 100 models fitted to the
100 simulated datasets. Error bars give the range including 95% of the estimated values.

Figure S4: Effect of the prior for the covariance matrix on
parameters estimation.
Bias and precision in the estimation of individual random effects and their correlation according to three priors (see appendix S6 for a description of
the priors) for scenarios with low and high amount of individual heterogeneity, the study duration of 10 years, and a number of new individuals
recruited as first-time breeders per year of 25, leading to the sample sizes of 250 individuals. Parameters include the standard deviation of the
individual heterogeneity in survival ( ) and reproductive success ( ) and their correlation (cor) and covariance (cov). Diamonds in darker color
give the values used to simulate the datasets and points in lighter color give the average estimates over the 100 models fitted to the 100 simulated
datasets. Error bars give the range including 95% of the estimated values.

Figure S5: Effect of the number of observations per individual.
The following figure illustrates the effect of the number of observations per individual on the model reliability in estimating correlated random effects
for Bernoulli-distributed traits. We simulated two Bernoulli traits corresponding to two reproductive traits like the baseline model described in the
section 1.1 of Material and Methods. We did not model survival. The two traits had the same mean (0.7) and the same amount of individual
heterogeneity (standard deviation of 0.2, 0.5 or 0.8 according to the scenario). We simulated a constant correlation (0.6) among random effects.
For the sampling design, we simulated perfect detection and a sample size of 100 individuals, each being observed x times (from 1 to 40). For
each dataset, we ran a model identical to the model used to simulate the data. Points in black give the average estimate of 300 simulated
datasets/fitted models and the red lines give the value used to simulate the data sets. Error bars give the range including 95% of the estimated
values.
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