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Supplemental material Appendix 1

Bayesian approach

First load the required libraries.

> library(rjags) # Bayesian graphical models using MCMC
> library(coda) # Gelman and Rubin's convergence diagnostic
> library(Runuran) # Random variate generators
> library(MASS) # Discriminant models

Read data from the hog.txt file. The data frame is composed of two

columns:

• age (days) corresponding to age of hog deer since birth

• mass (g) corresponding to lens mass (from one eyes when only one eye was

collected, or from the heaviest eyes when the two eyes were collected).

> hog <- read.table("hog.txt")
> head(hog)

age mass
74 130 0.2285
96 176 0.2092
1018 182 0.2236
70 191 0.2432
69 207 0.2186
73 239 0.2616

Data are composed of 111 animals of known age. Age ranges from 130 to

5393 days and lens mass ranges from 0.2092 to 0.5485 g.

> dim(hog)

[1] 111 2

> summary(hog)

age mass
Min. : 130.0 Min. :0.2092
1st Qu.: 572.5 1st Qu.:0.3109
Median :1199.0 Median :0.3947
Mean :1387.7 Mean :0.3746
3rd Qu.:1742.5 3rd Qu.:0.4376
Max. :5393.0 Max. :0.5485
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Jags specification of the likelihood of the Lord model (Lord, 1959; Dudzinski

and Mykytowycz, 1961) and specification of the uninformative prior distribu-

tions of each paramaters composing the model. The Lord model was formulated

as a non-linear model linking expectation µ of the lens mass y to age x, with y

a random variable following a normal distribution N (µ, σ).

> set.seed(934899)
> cat("
+ model {
+ # Likelihood
+ for (i in 1:n) {
+ y[i] ~ dnorm(mu[i], tau) # y = mass
+ mu[i]<- gamma*exp(-beta/(x[i] + alpha)) # x = age
+ }
+ # Uninformative priors
+ gamma ~ dunif(0, 100)
+ beta ~ dnorm(0, 0.001)
+ alpha ~ dunif(0, 100)
+ tau<- 1/(sigma*sigma) # Residual precision
+ sigma ~ dunif(0, 100) # Residual standard deviation
+ }
+ ",file="model_Lord", fill = TRUE)

Format data to be run using rjags (Plummer, 2014). Age is converted in

year.

> hog.data <- list(n = dim(hog)[1], y = hog$mass , x = hog$age/365)
> init1 <- list(gamma = 0.1 , beta = 0.1 , sigma = 0.1 , alpha = 0.1)
> init2 <- list(gamma = 1 , beta = 1 , sigma = 1 , alpha = 1)
> init3 <- list(gamma = 0.5 , beta = 0.5 , sigma = 0.5 , alpha = 0.5)
> inits <- list(init1 , init2 , init3)
> hog.params <- c("gamma", "beta" , "sigma" , "alpha")

Run jags model. An initial burn-in of 50,000 iterations was used, and pos-

terior distributions of parameters were based on 50,000 more iterations.

> jmodel <- jags.model("model_Lord", hog.data, inits, n.chains = 3 , n.adapt = 50000)
> jsample <- coda.samples(jmodel, hog.params, n.iter=50000, thin = 1)

We used 3 chains to check for the stability of posterior distribution estimates

using Gelman and Rubin’s convergence diagnostic (Gelman and Rubin, 1992).

> gelman.diag(jsample)

Potential scale reduction factors:

Point est. Upper C.I.
alpha 1.01 1.01
beta 1.01 1.02
gamma 1.01 1.01
sigma 1.00 1.00

Multivariate psrf

1

2



Summary of the parameter estimates.

> summary(jsample)

Iterations = 50001:1e+05
Thinning interval = 1
Number of chains = 3
Sample size per chain = 50000

1. Empirical mean and standard deviation for each variable,
plus standard error of the mean:

Mean SD Naive SE Time-series SE
alpha 1.41177 0.197621 5.103e-04 7.688e-03
beta 1.81745 0.199687 5.156e-04 8.102e-03
gamma 0.58057 0.013147 3.395e-05 4.954e-04
sigma 0.01923 0.001337 3.452e-06 5.232e-06

2. Quantiles for each variable:

2.5% 25% 50% 75% 97.5%
alpha 1.06219 1.2751 1.39842 1.53298 1.84302
beta 1.47210 1.6788 1.80127 1.93713 2.26051
gamma 0.55680 0.5715 0.57983 0.58877 0.60864
sigma 0.01683 0.0183 0.01916 0.02007 0.02208

Two functions are required for computing inverse predictions of age from a

given lens mass. The first (dens) returns the probability density function of age.

The second (locmode) returns the mode of the distribution for a given interval.

> dens <- function(x, y, theta) {
+ alpha <- theta[1]
+ beta <- theta[2]
+ gamma <- theta[3]
+ sigma <- theta[4]
+ mu <- gamma*exp(-beta/(x + alpha))
+ exp(-0.5*((y - mu)/sigma)^2)
+ }
> locmode <- function(y,theta){
+ alpha <- theta[1]
+ beta <- theta[2]
+ gamma <- theta[3]
+ sigma <- theta[4]
+ if (y>gamma)
+ return(age.max)
+ yy <- (-beta/log(y/gamma))-alpha
+ if (yy>age.max)
+ return(age.max)
+ return(yy)
+ }

Using vectors of parameters generated by the MCMC (jsample) and the

ratio-of-uniform method (Gilks et al., 1996), we compute inverse predictions of

age (age.pred) from a given set of lens masses (Y.pred that can be adjusted

by user to values of interest).

> Y.pred <- seq(min(hog$mass) , max(hog$mass) , le = 5)
> Y.pred
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[1] 0.209200 0.294025 0.378850 0.463675 0.548500

> age.min <- 0
> age.max <- 20 # Mayze and Moore 1990
> distriagepred <- do.call("rbind", lapply(1:nrow(jsample[[1]]), function(i) {
+ the <- jsample[[1]][i,]
+ ## cat(i,"\n") # to monitor the computation
+ age.pred <- sapply(Y.pred, function(yp) {
+ ar <- integrate(function(x) dens(x,yp,the), age.min, age.max, subdivisions=10000)$value
+ # integrate probability density function
+ mo <- locmode(yp, the)
+ # mode of the distribution
+ an <- srou.new(dens, lb=age.min, ub=age.max, mode=mo, area=ar, y=yp, theta=the)
+ # sampler
+ ur(an,1)
+ # sampling 1 value within the distribution
+ })
+ return(age.pred)
+ }))

Finally, we compute from the distribution of age (age.pred), for a given

lens mass, the median and 95% credible interval (i.e. the 2.5%, 50% and 97.5%

quantiles).

> res <- rbind(apply(distriagepred, 2, quantile, 0.025), apply(distriagepred, 2, quantile, 0.5),apply(distriagepred, 2, quantile, 0.975))
> dimnames(res) <- list(c("lwr" , "median" , "upr") , Y.pred)
> round(res,4)

0.2092 0.294025 0.37885 0.463675 0.5485
lwr 0.0874 0.8274 2.0518 4.7111 11.4822
median 0.3876 1.2857 2.9311 7.2402 17.2906
upr 0.7429 1.8877 4.2321 13.0842 19.8783

Discriminant analysis

We use the same dataset than for the bayesian approach.

> hog <- read.table("hog.txt")

We distinguished 4 biologically important age classes (reviews in Gaillard

et al. 1998, 2000) for age estimation: juvenile (<1 year), yearling (1–2 years),

prime-age (2–7 years) and senescent (>7 years).

> hog$AGEcl <- ceiling(hog$age/365)-1
> hog$AGEcl[hog$AGEcl>1 & hog$AGEcl<8] <- "prime-age"
> hog$AGEcl[hog$AGEcl==0] <- "juvenile"
> hog$AGEcl[hog$AGEcl==1] <- "yearling"
> hog$AGEcl[!hog$AGEcl%in%c("juvenile" , "yearling" , "prime-age")] <- "senescent"
>

We fit a linear discriminant model.
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> modlda <- lda(AGEcl ~ mass, data = hog , CV = FALSE)

For prediction, we build a data frame of observed lens masses (lens masses

reported must be in g and should ideally be included in the range of values

[0.2092–0.5485] used to build the discriminant model).

> pred <- cbind.data.frame(mass = c(0.360 , 0.365 , 0.37 , 0.520))

We compute posteriors probability to belong to a given age class depending

on observed value of lens mass.

> res <- cbind.data.frame(pred , round(predict(modlda , pred)$posterior ,3))
> res

mass juvenile prime-age senescent yearling
1 0.360 0 0.366 0.000 0.634
2 0.365 0 0.519 0.000 0.481
3 0.370 0 0.669 0.000 0.331
4 0.520 0 0.011 0.989 0.000
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Figure A1. Plot of the scaled residuals and the fitted values from the Lord model. 












